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METODYKA OPRACOWANIA DANYCH POZYSKANYCH Z NISKIEGO
PULAPU NA POTRZEBY DETEKCJI | KLASYFIKACJI WYBRANEJ GRUPY
PRZESZKOD LOTNICZYCH

Streszczenie

W pracy skupiono si¢ na problematyce wykrywania i Kklasyfikacji przeszkod
lotniczych w bliskim otoczeniu lotniska. Szczegdlng uwage zwrdécono na trudnosé
w prawidlowym  wykrywaniu niewielkich przeszkéd lotniczych 0 wysmuktym
I wydluzonym ksztatcie. Mimo, Ze istnieja zalecenia dotyczace technik zbierania danych
0 przeszkodach lotniczych, to wciaz rozwijane sa algorytmy przetwarzania danych na
potrzeby automatycznego wykrywania nietypowych przeszkod lotniczych, do ktorych
zaliczy¢ mozna obiekty o wysmuktym i wydluzonym ksztatcie. Dla uchwycenia tego
rodzaju obiektow skala obrazu powinna by¢ wicksza niz przy tradycyjnych lotach
fotogrametrycznych, co zapewniajg dane obrazowe z niskiego putapu (z putapu BSP).
Nizsza wysokos¢ lotu BSP gwarantuje duzo wigksza skale obrazu niz na zdjeciach
lotniczych, a co za tym idzie mozliwo$¢ uzyskania wigkszej doktadnosci pozyskania danych.
Glowny problem badawczy przedstawiony w niniejszej rozprawie brzmi: jakie algorytmy
przetwarzania danych pozyskanych z niskiego putapu nalezy zastosowac, aby wykry¢
i sklasyfikowa¢ nietypowe przeszkody lotnicze zgodnie z wymaganiami doktadnosciowymi
zawartymi w dokumentach EUROCONTROL i ICAO? Jako glowny cel badan przyjeto
opracowanie metod przetwarzania danych na potrzeby zbierania danych o przeszkodach
lotniczych, w tym: opracowanie metody wyrownania jednoszeregowego bloku zdjgc
pozyskanego z niskiego pulapu dla terenéw niedostepnych, opracowanie metody
podwyzszenia dokladno$ci pozycjonowania bezzatogowych statkow powietrznych
| produktow fotogrametrycznych oraz opracowanie metody automatycznej detekcji
i klasyfikacji nietypowych przeszkod lotniczych na podstawie gestych chmur punktow
| obrazéw pozyskanych z niskiego putapu. W ramach rozwigzania problemu badawczego
opracowano autorski algorytm przetwarzania danych pozyskanych z niskiego putapu na
potrzeby zbierania danych o przeszkodach lotniczych, zgodnie z wymaganiami
doktadnosciowymi okreslonymi przez dokumenty EUROCONTROL i ICAO. Cel badan
zostal osiaggnigty poprzez: wykorzystanie punktow wigzacych w procesie wyrOwnania
jednoszeregowego bloku zdje¢, w oparciu 0 zmodyfikowana metode regresji liniowej;
zastosowanie algorytmu metody SPP uwzgledniajacej produkty IGS dla podwyzszenia
doktadnosci pozycjonowania BSP wyposazonego w jednoczestotliwosciowy odbiornik GPS
oraz poprzez wprowadzenie algorytmow automatycznej detekcji i klasyfikacji nietypowych
przeszkod lotniczych z uzyciem gestych chmur punktéw oraz obrazéw pozyskanych
z niskiego putapu. W oparciu o uzyskane wyniki badan stwierdzono, ze opracowana
metodyka pozwolita na wykrycie przeszkdd lotniczych z maksymalnymi réznicami
pomiedzy otrzymanymi wspotrzednymi (X, Y, Z), awspdtrzednymi referencyjnymi
wynoszacymi 0,05 m dla przeszkod lotniczych o wydluzonym ksztatcie oraz 0,7 m dla
przeszkdd lotniczych o wysmuktym ksztalcie. Otrzymane wyniki spelniaja wymagania
doktadnosciowe.

Stowa kluczowe: przeszkody lotnicze, aerotriangulacja, metoda pozycjonowania kodowego
SPP, detekcja, klasyfikacja, chmura punktow, BSP



METHODOLOGY OF DEVELOPMENT OF DATA OBTAINED FROM LOW
ALTITUDE FOR THE PURPOSES OF DETECTION AND CLASSIFICATION OF
A SELECTED GROUP OF AVIATION OBTACLES

Abstract

The dissertation focuses on the problem of detection and classification of aviation
obstacles in the close vicinity of the airport. Particular attention was paid to the difficulty of
correctly detecting small aerial obstacles of slender and elongated shape. Although there are
recommendations for aviation obstacle data collection techniques, data processing
algorithms are still being developed for the automatic detection of atypical aviation
obstacles, which include objects with a slender and elongated shape. To capture such objects,
the image scale should be larger than in traditional photogrammetric flights, which is
provided by image data from a low altitude (from the altitude of the UAV). The lower flight
altitude of the UAV guarantees a much larger image scale than in aerial photography, and
thus the possibility of greater data acquisition accuracy. The main research problem
presented in this dissertation is: what algorithm for processing data acquired from the low
altitude should be used to detect and classify atypical aviation obstacles in accordance with
the accuracy requirements of EUROCONTROL and ICAO documents? The development of
data processing methods for the collection of aviation obstacle data was adopted as the main
objective of the research, including: the development of a method for adjustemnt a single-
row block of images acquired from a low altitude for inaccessible areas, the development of
a method for increasing the positioning accuracy of unmanned aerial vehicles and, as a result,
photogrammetric products, and the development of a method for automatic detection and
classification of atypical aviaton obstacles on the basis of dense point clouds and images
acquired from a low altitude. As part of the solution to the research problem, a proprietary
algorithm was developed for processing data acquired from the low altitude for the collection
of aviation obstacle data, in accordance with the accuracy requirements specified by
EUROCONTROL and ICAO documents. The research goal was achieved by: the use of tie
points in the adjustment process of a single-strip block of images, based on a modified linear
regression method; the application of the SPP method algorithm taking into account 1GS
products for increasing the positioning accuracy of a UAV equipped with a single-frequency
GPS receiver; and by introducing algorithms for automatic detection and classification of
atypical aviation obstacles using dense point clouds and images acquired from a low altitude.
Based on the results obtained, it was found that the developed methodology allowed the
detection of aviation obstacles with maximum differences between the obtained coordinates
(X, Y, Z) and the reference coordinates of 0.05 m for elongated-shaped obstacles and
0.7 m for slender-shaped obstacles. The obtained results conform to the accuracy
requirements.

Key words: aviation obstacles, aerotriangulation, SPP coded positioning method, detection,
classification, point cloud, UAV
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WYKAZ UZYTYCH SKROTOW WRAZ Z OBJASNIENIAMI

AIP — ang. Aeronautical Information Publication, zbiér informacji lotniczych
ALS —ang. Airborne Laser Scanning, lotniczy skaning laserowy

AP —ang. Average Precision, wskaznik okreslajacy stosunek poprawnych detekcji do sumy
poprawnych i falszywych detekcji obiektow

BSP — bezzatogowy statek powietrzny

CLK - ang. Clock Format, format danych IGS zawierajacy precyzyjne wartosci poprawki
btedu zegara satelity/odbiornika GNSS

DCB — ang. Differential Code Bias Format, format danych IGS zawierajacy wartos$ci

opoznien sprzgtowych dla satelitow/odbiornikow GNSS

EPH — ang. Ephemeris Format, format danych IGS zawierajacy gtdéwnie wspotrzedne

satelitow GNSS, poprawki biedu zegarow satelitow GNSS, format efemerydy precyzyjnej

ETOD - ang. Electronic Terrain and Obstacle Data, elektroniczne dane o terenie

I przeszkodach

EUROCONTROL - ang. European Organisation for the Safety of Air Navigation,

Europejska Organizacja ds. Bezpieczefistwa Zeglugi Powietrznej
GNSS — ang. Global Navigation Satellite System, globalny system nawigacji satelitarnej
GPS — ang. Global Positioning System, globalny system pozycjonowania

ICAO - ang. International Civil Aviation Organization, Migedzynarodowa Organizacja

Lotnictwa Cywilnego
IGS — ang. International GNSS Service, mi¢edzynarodowy serwis GNSS

IONEX — ang. lonosphere Map Exchange Format, format wymiany danych o stanie
jonosfery w postaci globalnych map jonosfery

IoU — ang. Intersection over Union, wskaznik doktadno$ci okreslenia polozenia oraz

rozmiaru obiektu

LMP — ang. Levenberg-Marquardt-Powell, iteracyjny algorytm optymalizacji do

rozwigzywania nieliniowych problemoéw z uzyciem metody najmniejszych kwadratow



MAP — ang. mean Average Precision, srednia warto$¢ wskaznika okreslajgcego stosunek

poprawnych detekcji do sumy poprawnych i fatszywych detekcji obiektow dla wielu celow

RANSAC - ang. RANdom SAmple Consensus, iteracyjna metoda stosowana w celu
estymacji parametrow poszukiwanego modelu matematycznego obiektu w zbiorze danych

zawierajacym znaczng liczbg punktéw nienalezacych do modelowanej powierzchni
RCNN - ang. Regions with CNN features, sie¢ splotowa bazujaca na regionach

PZGIK — panstwowy zasob geodezyjny i kartograficzny, stanowi zbioér map oraz materiatow
fotogrametrycznych, teledetekcyjnych, rejestrow, wykazow, informatycznych baz danych,
katalogow danych geodezyjnych i innych opracowan powstatych w wyniku wykonania prac

geodezyjnych i kartograficznych
RMSE — ang. Root Mean Square Error, btad sredniokwadratowy

RTK — ang. Real Time Kinematic, metoda pomiaru réznicowego GNSS wykonywana

W czasie rzeczywistym z uzyciem obserwacji fazowych
RTKLIB - oprogramowanie geodezyjne do opracowania obserwacji GNSS

RTK-OTF — ang. Real Time Kinematic-On The Fly, precyzyjna technika pomiarowa
z szybka inicjalizacjg wyznaczenia pozycji odbiornika oraz wyznaczenia nieoznaczonos$ci

fazy dla obserwacji fazowych GNSS
SAR - ang. Synthetic Aperture Radar, radar z syntetyczng aperturg
SSD — ang. Single Shot MultiBox Detector, algorytm do wykrywania obiektow na obrazie

SPP — ang. Single Point Positioning, metoda pozycjonowania absolutnego z uzyciem

pomiaréw kodowych GNSS

YOLO - ang. You Only Look Once, algorytm wykorzystujacy sieci neuronowe do
wykrywania obiektow

VTOL - ang. Vertical Take-Off and Landing, pionowy start i lgdowanie statku

powietrznego



1. WPROWADZENIE

XXI wiek stat si¢ symbolem rozwoju roznych gatezi przemystu, co wiaze si¢ z coraz
szybszym powigkszaniem si¢ terendw inwestycyjnych, wskutek czego zaobserwowaé
mozna intensywne pojawianie si¢ nowych obiektow (r6znego rodzaju budowli itp.), nie
tylko w duzych aglomeracjach miejskich, ale réwniez na obszarach $rednio
zurbanizowanych oraz w poblizu lotnisk. Z punktu widzenia bezpieczenstwa operacji
lotniczych, obiekty ulokowane w bliskim otoczeniu lotniska mogg stanowi¢ potencjalne
zagrozenie dla operacji wykonywanych przez statki powietrzne. Dla zapewnienia
bezpieczenstwa w przestrzeni powietrznej, na lotniskach i w ich otoczeniu, ustala si¢
powierzchnie ograniczajace przeszkody. Powierzchnie takie wyznaczane sa na podstawie
liczby i lokalizacji drog startowych na lotnisku, cyfry kodu referencyjnego lotniska,
kategorii podejs¢ do ladowania i wyposazenia lotniska we wzrokowe pomoce nawigacyjne
[1]. Obiekty, ktore przewyzszaja powierzchnie ograniczajace przeszkody maja bezposredni
wplyw na projektowanie procedur lotu i mogg powodowaé konieczno$¢ zwigkszenia
wysokosci wzglednej oraz bezwzglednej przelotu. Obiekty, ktérych wysokosci sa wigksze
niz wysokosci okre§lone przez wyznaczone powierzchnie ograniczajace przeszkody
nazywane sg przeszkodami lotniczymi [2]. Wymiary i nachylenia powierzchni
ograniczajacych przeszkody okresla si¢ na podstawie Zalgcznika nr 3 do Rozporzadzenia
w sprawie przeszkod lotniczych, powierzchni ograniczajacych przeszkody oraz urzadzen
o0 charakterze niebezpiecznym [1]. Do powierzchni ograniczajacych przeszkody zalicza si¢
m. in.: powierzchni¢ stozkowa, powierzchni¢ pozioma wewnetrzng, powierzchnie

przejsciowa, powierzchnie podejscia [3] (Rys. 1).

POWIERZCHNIE OGRANICZAJACE PRZESZKODY

Powierzchnia stozkowa

Powierzchnia pozioma wewnetrzna

Powierzchnia przejsciowa

Powierzchnia podejscia

Rys. 1. Powierzchnie ograniczajgce przeszkody [opr. wi. na podstawie 1]



Powierzchnia podej$cia, powierzchnia przejSciowa oraz powierzchnia stozkowa sg
powierzchniami nachylonymi, wznoszacymi si¢ od pasa drogi startowej (Rys. 2).
Powierzchnia pozioma wewnetrzna jest powierzchnig ptaska, znajdujaca si¢ na stalej

wysokosci (Rys. 2).
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i
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Powierzchnia podejscia

Przeszkody lotnicze

Rys. 2. Powierzchnie ograniczajace przeszkody wraz z przeszkodami lotniczymi
[opr. wit. na podstawie 1]

W rejonie startow i ladowan oraz strefach podejscia do ladowania, ptaszczyzna powierzchni
podejécia okresla wysoko$¢ do jakiej moga siggaC obiekty w przestrzeni powietrznej
w otoczeniu lotniska. Zatem Kluczowe znaczenie maja doktadne dane o przeszkodach
lotniczych, w szczegolnosci ich lokalizacja i wysokos¢ [4]. Obecnie stosowane przepisy,
naktadajg obowigzek zglaszania przeszkod lotniczych przez wiascicieli nieruchomosci, na
ktorych przeszkody lotnicze sa posadowione [1]. Proces zgtaszania przeszkod lotniczych
jest procesem diugotrwatym i ztozonym, co wyklucza zapewnienie najwyzszej aktualnosci
danych dla utrzymania bezpieczenstwa w przestrzeni powietrznej. Jak wynika
z przeprowadzonych wywiadoéw z zarzadzajacymi lotniskami zdarzaja si¢ sytuacje, kiedy
przeszkody lotnicze nie sg zglaszane. W szczegodlnosci dotyczy, to przeszkod lotniczych
0 charakterze tymczasowym (np. dzwigi budowlane). W przypadku wystgpowania tego typu
przeszkdd lotniczych konieczne jest uzgodnienie posadowienia przeszkody lotniczej
z zarzadzajacym lotniskiem, co rowniez czesto jest pomijane. W zwigzku z koniecznoscia
zapewnienia bezpieczenstwa w przestrzeni powietrznej zarzadzajacy lotniskiem kontroluje

obiekty mogace stanowi¢ przeszkody lotnicze. W tym celu przeprowadzana jest
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inwentaryzacja wraz z weryfikacja wysokosci obiektow wzglgdem obowigzujgcych
powierzchni ograniczajagcych przeszkody. Kontrola wykonywana jest tradycyjnymi
metodami geodezyjnymi, co jest procesem bardzo czasochtonnym i w efekcie przy duzej
liczbie przeszkod lotniczych moze zosta¢ niezachowana jak najwyzsza aktualno$¢ danych.
Obecnie nie ma skutecznej metody monitorowania przeszkod, ktora gwarantowalaby
zarazem jak najwyzsza aktualno$¢ danych, automatyzacje procesu i doktadnos¢. Istnieja
zalecenia dotyczace sposobu pozyskiwania danych o przeszkodach, gdzie przy gromadzeniu
duzych zbioréw danych nacisk ktadziony jest na dokladno$¢ danych i automatyzacje
procesow [5]. W zwigzku z konieczno$cig zbierania i gromadzenia danych o przeszkodach
wyroznia sie kilka stref pokrycia, dla ktorych zbiera si¢ dane 0 przeszkodach lotniczych [6].
Wsrod nich wyrdzni¢é mozna dwie strefy zbierania danych o przeszkodach lotniczych —
strefe 2a 1 2b (Rys. 3), ktorych wystepowanie pokrywa si¢ z newralgicznymi fazami lotu
samolotu, czyli startem i ladowaniem. W strefie 2 doktadno$¢ pozioma zbierania danych

0 przeszkodach lotniczych wynosi 5 m, a doktadno$¢ pionowa wynosi 3 m [5, 7].

STREFY ZBIERANIA DANYCH O PRZESZKODACH

Strefy 2b

Strefa 2a

Rys. 3. Strefy zbierania danych o przeszkodach [opr. wi. na podstawie 5]

Istnieje kilka metod zbierania danych o przeszkodach, w tym: ALS, SAR, fotogrametria
lotnicza, fotogrametria satelitarna i pomiary naziemne. Kazda z wymienionych metod
charakteryzuje si¢ okre§lonymi wilasciwosciami w ujeciu  gromadzenia danych
0 przeszkodach. Lotniczy skaning laserowy mimo, ze daje mozliwo$¢ automatyzacji
procesu, to charakteryzuje sie¢ wysokimi kosztami eksploatacyjnymi i dlatego jest mniej
osiggalny. Obrazy radarowe nie znajduja praktycznego wykorzystania przy ekstrakcji
przeszkod z cyfrowych modeli powierzchni generowanych przez SAR. Fotogrametria

lotnicza, do ktorej zaliczy¢ mozna rowniez pozyskiwanie danych przez bezzatogowe statki
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powietrzne jest najbardziej wydajng technikg pozyskiwania danych, a algorytmy ekstrakcji
obicktow stale ewoluujg. Fotogrametria satelitarna znajduje zastosowanie dla obszaréw
wielkopowierzchniowych. Pomiar naziemny, jako ostatnia z metod zbierania danych
0 przeszkodach lotniczych, jest metoda najmniej efektywna i najbardziej pracochtonng.
Zalecenia dotyczace wykorzystania odpowiedniej techniki do zbierania danych
0 przeszkodach lotniczych w poszczegdlnych strefach zbierania danych o przeszkodach

lotniczych przedstawiono w Tab. 1.

Tab. 1. Zalecenia dotyczace metod pomiaru przeszkod lotniczych [opr. wi. na podstawie 5]

ALS SAR Fotogrgmetria Fotogr_ametria Por_niary
lotnicza satelitarna naziemne
Strefa 1 + - + + -
Strefa 2 ++ - + + 0
Strefa 3 +++ - +H++ - +
Strefa 4 +/++ - +/++ - ++
Mate grupy,
pojedyncza o/+ - o/+ - ++
przeszkoda
*objasnienie:

-1 odpowiedni technicznie i bardzo optacalny
T~ odpowiedni technicznie, ale nie najbardziej optacalny

99

,0” odpowiedni technicznie, ale bardzo niski stosunek kosztow do korzysci

99

»- niespetnienie wymagan technicznych i bardzo niski stosunek kosztow do korzysci

Dla strefy 2 zbierania danych o przeszkodach lotniczych, w przypadku koniecznosci
opracowania duzego zbioru danych, zaleca si¢ wykorzystanie ALS ze wzglgdu na
mozliwos$ci techniczne i duzg efektywnos¢. Ponadto fotogrametria lotnicza i fotogrametria
satelitarna sg rowniez odpowiednie technicznie, jednak mniej optacalne. Pomiary naziemne
sa mato efektywng metoda zbierania danych o przeszkodach w tej strefie. Zobrazowania
radarowe nie spelniaja wymagan technicznych dla zbierania danych o przeszkodach

lotniczych.

Mimo usystematyzowania wymagan i technik pozyskiwania danych o przeszkodach
lotniczych, wcigz w sferze rozwoju pozostaje automatyzacja mechanizméw ich
pozyskiwania i przetwarzania danych [5]. Duzym wyzwaniem staje si¢ wykrycie
niewielkich przeszkod, ktore charakteryzuja sie wydluzonym ksztattem (np. kominy
przemystowe, wiezowce) i wysmuktym ksztattem (np. anteny, maszty) [5]. Dla uchwycenia
takiego rodzaju obiektow koniecznym jest, Zeby skala obrazu byta wigksza niz w przypadku
tradycyjnych lotow badawczych, a to wymaga nizsze] wysokosci lotu i moze by¢
zapewnione przez zastosowanie BSP. Dotychczas zalecane techniki wykrywania przeszkod

lotniczych opieraly si¢ na ALS. Jednak w tym przypadku nie mozna bylo wykluczy¢
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pomini¢cia niewielkiej przeszkody lotniczej [5], a kontrola wykrytych obiektow
przeprowadzana byta przy wykorzystaniu tradycyjnych pomiaréw naziemnych, przez co
caly proces stawal si¢ dtugi i zmudny oraz mato efektywny, szczeg6lnie przy obrazowaniu
obszaré6w wielkopowierzchniowych. Dla zapewnienia bezpieczenstwa w przestrzeni
powietrznej wazne jest, aby dane o przeszkodach aktualizowane byly regularnie
i wzaleznosci od potrzeb, a ALS nie zapewnia wysokiej rozdzielczoSci czasowej
pozyskiwania danych. Najnowsze wytyczne [5] dotyczace pozyskiwania danych
0 przeszkodach wskazuja na wykorzystanie danych z lotow na matych wysokos$ciach
(250 m), co zapewniajg BSP. Dzi¢ki temu mozna uzyska¢ duzo wieksza skalg obrazu, niz ta
ktora jest uzyskiwana w przypadku tradycyjnych lotow fotogrametrycznych. Przy nizszej
wysokosci lotu, osiggana doktadnos$¢ pozyskanych danych o przeszkodach lotniczych (X,

Y, Z) bedzie najwyzsza.

Zapewnienie bezpieczenstwa w przestrzeni powietrznej dotyczy nie tylko lotnisk, ale
rowniez ladowisk i1 innych miejsc startéw i ladowan, na ktéorych moze by¢ wykonywane
ladowanie w tzw. terenie przygodnym. W tym przypadku wybdr miejsca do ladowania dla
zaplanowanej misji czgsto przeprowadza si¢ na podstawie wstepnego rozpoznania w terenie.
W zaleznosci od typu statku powietrznego wybierane jest miejsce, aby zapewni¢ bezpieczne
warunki podczas ladowania. Miejsce takie powinno obejmowac obszar zgodny z wymiarami
danego typu statku powietrznego i powinno by¢ wolne od przeszkdd terenowych.
Zabezpieczenie przygodnego ladowania do realizacji celow operacyjnych z uwagi na
konieczno$¢ szybkiego i efektywnego dziatania moze zosta¢ przeprowadzone przy
wykorzystaniu BSP, bez koniecznosci prowadzenia rekonesansu w terenie przez grupe
rozpoznawcza. Produkty fotogrametryczne powstale w wyniku przetworzenia danych
obrazowych moga zosta¢ wykorzystane do pozyskania danych na temat przeszkod, a tym

samym do wyboru odpowiedniego miejsca do ladowania.

W ostatnich latach zauwaza si¢ dynamiczny wzrost realizacji opracowan
fotogrametrycznych [8-9] z niskiego putapu (z BSP [10]) z mozliwoscig generowania m. in.
gestej 1 doktadnej chmury punktow, tworzenia prawdziwej ortofotomapy tzw. ,true ortho”
0 rozdzielczosci przestrzennej ponizej 0,05 m. Potencjal BSP zostal dostrzezony przez
sektor lotniczy, gdzie znajduje zastosowanie m. in. w zapewnieniu bezpieczenstwa
w przestrzeni powietrznej [5]. Dziedzina fotogrametrii, teledetekcji i geoinformacji ma
szerokie spektrum narzedzi, ktore moze by¢ wykorzystane przy monitorowaniu przeszkod

lotniczych, w tym przy okresleniu ich potozenia iwysokosci. Na szczegblng uwage
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zastuguje problematyka zwigzana z detekcjg przeszkod lotniczych o wydtuzonym
i wysmuktym ksztalcie. Mimo najnowszych rekomendacji dotyczacych technik zbierania
danych o tego rodzaju przeszkodach lotniczych, gdzie wskazuje si¢ mozliwo$é
pozyskiwania danych za pomoca BSP, brak jest jednoznacznych rozwigzan dotyczacych
metodyki przetwarzania danych pozyskanych z BSP w celu zbierania danych
0 przeszkodach, aistniejgce algorytmy wcigz sg modyfikowane. Zatem istotny problem
badawczy stanowia algorytmy przetwarzania danych pozyskanych z BSP na potrzeby
zbierania danych o przeszkodach lotniczych. Wybor metody zbierania danych
0 przeszkodach lotniczych wplywa na doktadno$¢ tych danych. Wykorzystanie BSP do
pozyskania danych na temat przeszkod lotniczych wigze si¢ z cyklem opracowania danych
— poczawszy od prac polowych, czyli nalotu fotogrametrycznego i pomiaru
osnowy fotogrametrycznej, po prace kameralne zwigzane z  opracowaniem
danych fotogrametrycznych. Kazdy etap prac ma wptyw na dokladno$¢ otrzymanych
produktow fotogrametrycznych, takich jak gesta chmura punktow, ortofotomapa czy
numeryczny model pokrycia terenu. W pierwszej kolejnosci liczba i rozmieszczenie
punktéw osnowy fotogrametrycznej maja wplyw na wyniki wyréwnania bloku
fotogrametrycznego. Ponadto metoda i1 doktadno$¢ wyznaczenia pozycji BSP ma
bezposredni wptyw na doktadno$¢ pozyskanych danych i w efekcie produktow
fotogrametrycznych. W kolejnych etapach wybor metodyki przetwarzania danych przy
pracach zwigzanych z wykrywaniem obiektéw i ich cech charakterystycznych ma ogromne
znaczenie, biorgc pod uwage potrzebe uzyskania okreslonych doktadnosci dla
wspotrzednych (X, Y, Z).

Zbieranie danych o przeszkodach lotniczych prowadzone jest na obszarach 0 réznym
uksztattowaniu i pokryciu terenu. Czesto z uwagi na ré6znorodno$¢ uksztattowania terenu,
obszar opracowania jest niedostepny, przez co niemozliwe jest przeprowadzenie pomiarow
naziemnych (Rys. 4). Przy zastosowaniu technologii BSP do uzyskania produktow
fotogrametrycznych o okres$lonej doktadnosci, dotychczas niezbedny byt naziemny pomiar
osnowy fotogrametrycznej, co na obszarze o ograniczonym dostepie byto warunkiem nie do

spetnienia.
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i Teren niedostepnyi i

Przeszkody terenowe

Blok zdje¢
X Punkt startowy dla BSP
A\ GCP - fotopunkt

Rys. 4. Pojedynczy blok na terenie niedostepnym [opr. wi.]

Dla prawidlowego wyrdéwnania bloku zdje¢ (aerotriangulacji), wazne jest zapewnienie
roéwnomiernego rozmieszczenia punktow osnowy na catym obszarze opracowania [11-13].
Problem badawczy stanowi kwestia zwigzana z aerotriangulacja przy niewielkiej liczbie
fotopunktow i wynikajacym z tego niepetnym pokryciu obszaru opracowania [14]. Istnieja
liczne badania majace na celu znalezienie odpowiedzi na pytanie jaka liczba i konfiguracja
rozmieszczenia fotopunktéw bylaby optymalna dla osiggnigcia wymaganych doktadnos$ci
[11, 13, 15-18]. Mimo badan w tym zakresie, wyniki sg niejednoznaczne i Wcigz w sferze
rozwoju pozostaje dostosowanie rozmieszczenia punktow osnowy fotogrametrycznej dla
zachowania prawidlowej geometrii bloku zdje¢. Obecnie coraz powszechniej stosowana
metoda pozycjonowania RTK moze pozwoli¢ na zmniejszenie liczby fotopunktow. Jednak
zastosowanie tej metody wigze si¢ z ograniczeniami wynikajagcymi z konieczno$ci
zapewnienia ciaglej tacznosci miedzy stacja bazowa i odbiornikiem ruchomym.
W niskobudzetowych poktadowych odbiornikach GPS do okreslenia pozycji BSP w czasie
rzeczywistym stosuje si¢ metode pozycjonowania absolutnego SPP [19]. W przypadku tej
metody wykorzystywane sg odbiorniki jednoczestotliwosciowe, zabudowane na platformie
BSP [20]. Mimo, iz metoda ta jest najbardziej rozpowszechniona, to charakteryzuje si¢ niska
doktadnoscia pozycjonowania, si¢gajacg nawet do 10 m [21-22]. Istniejg badania [23], ktore
pokazuja mozliwos¢ osiggnigcia wiekszej doktadnosci pozycjonowania BSP wyposazonych
w odbiorniki GPS. Obecnie rozw6j technologii BSP w zastosowaniach fotogrametrycznych
wigze si¢ z mozliwo$cig wykorzystania algorytmdéw numerycznych poprawiajacych
pozycjonowanie platformy w czasie rzeczywistym oraz realizacji niezbgdnych analiz

nawigacyjnych w trybie post-processingu.

Metodyka pozyskiwania danych o przeszkodach jest rownie wazna jak proces

ich przetwarzania. W wyniku nalotu fotogrametrycznego z niskiego putapu i w procesie
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przetwarzania danych, otrzymuje si¢ gestag chmurg punktow, ortofotomape¢ czy numeryczny
model pokrycia terenu. Powstala gesta chmura punktéw opisuje obiekty 3D i na jej
podstawie mozna dokona¢ detekcji obiektow przestrzennych. Dost¢gpne komercyjne
oprogramowanie, pozwalajace na wykrywanie obiektow, znaczaco ogranicza role operatora
w opracowaniu produktow 3D. Rozwdj algorytmow detekcji i klasyfikacji obiektow na
podstawie nieuporzadkowanej chmury punktow daje mozliwos¢ wykrywania obiektow
jakimi sg przeszkody lotnicze. Przetwarzanie chmur punktéw 3D opiera si¢ na procesie
segmentacji, ktorej celem jest skupienie punktow o podobnej charakterystyce w jednorodne
regiony. Proces ten moze by¢ pomocny w analizie danych przestrzennych, takich jak
lokalizowanie i rozpoznawanie obiektow, klasyfikacja i wyodrgbnianie cech tych obiektow
[24-25]. Generalnie badane obiekty i ich elementy posiadaja unikalne cechy geometryczne,
W zwigzku z czym cechy geometryczne 3D sg wykorzystywane jako podstawowe informacje
w wykrywaniu obiektow i Kategoryzacji ich podelementow [26]. Chmury punktow
3D doskonale nadaja si¢ do okreslania wlasciwosci geometrycznych obiektow, a BSP
dostarczajace zdjecia o bardzo duzym pokryciu i wysokiej rozdzielczosci, pozwalaja na
wygenerowanie bardzo gestej chmury punktow 3D w minimalnym czasie i przy bardzo
niewielkim naktadzie finansowym [27]. Zatem chmury punktow 3D pozyskane z niskiego
putapu staja si¢ coraz powszechniej wykorzystywane do badan lokalizacji obiektow
3D. Metodyka wykrywania obiektow z chmur punktéw zalezy od charakterystyki badanych
obiektow. W przypadku wykrywania budynkéw z chmur punktéw 3D proces odbywa si¢
poprzez identyfikacje plaskich segmentéw, poniewaz wigkszo$¢ elementow budynkoéw, to
ptaskie powierzchnie [28]. Plaskie segmenty ze swoimi cechami geometrycznymi moga
pomdc w wykrywaniu 1 okreslaniu cech obiektow. W praktyce stosuje si¢ wiele podejs¢ do
segmentac;ji, takich jak podejscie oparte na regionie (np. wzrost regionu, podziat 1 taczenie),
podejscie oparte na klastrach (np. K-$rednie, $rednie przesunigcie) i podejscie oparte na
grafach [18-19]. Jednak wybor odpowiedniego podejscia do segmentacji zalezy od aplikacji
i rodzaju funkcji dostepnych do segmentacji. Istnieje wiele metod, algorytmoéw i rozwigzan
mozliwych do zastosowania na poszczegdlnych etapach modelowania obiektow 3D [9].
Jarzabek-Rychard i in. [31] w swojej pracy konfrontuja wydajnos¢ estymatora RANSAC
Zz metoda rosnagcych ptaszczyzn. Przeprowadzone testy, polegajace na detekcji potaci
dachowych wdanych zchmury punktow pozwalajg stwierdzi¢, iz RANSAC jest
rozwigzaniem lepszym w przypadku segmentacji modeli nieskomplikowanych
geometrycznie. Algorytm RANSAC pozwala na iteracyjne modelowanie ptaszczyzn

W zbiorze danych zawierajacych znaczng (nawet przekraczajaca potowe obserwacji) liczbe
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btedow grubych, czyli punktéw nienalezagcych do modelowanej powierzchni. Metoda
rozwinigta zostata poczatkowo dla celéw widzenia komputerowego, pozwalajac na odporng
identyfikacj¢ obiektow [32]. Zaimplementowany algorytm umozliwia wyodrebnienie
kolejnych ptaszczyzn dominujacych, reprezentowanych przez najwigksza liczbe punktow.
Zaletg metody jest jej odpornos¢ — punkty stanowigce przypadkowe odbicia od powierzchni
badz potozone w bliskim sasiedztwie estymowanej plaszczyzny, lecz nalezace do innego

obiektu nie ulegaja btednej klasyfikacji.

Do wykrycia przeszkod lotniczych mozna uzyé obrazow pozyskanych za pomoca
BSP. Jest to mozliwe dzigki modelom glgbokiego uczenia i segmentacji semantycznej, ktore
stuzg do automatycznego wykrycia obiektu na podstawie danych obrazowych o wysokiej
rozdzielczosci. Detekcje obiektow oparta na gitebokim uczeniu mozna podzieli¢ na dwie
kategorie: dwuetapowag i jednoetapowa. Seria RCNN (RCNN [33], Fast RCNN [34] i Faster
RCNN [35]), to dwuetapowy algorytm, ktory pod wzgledem doktadnosci przewyzsza wiele
innych algorytméw wykrywania. Jednak tego rodzaju podejScia wymagajg wigkszych mocy
obliczeniowych, co powoduje wydtuzenie czasu przetwarzania danych. Z punktu widzenia
kategorii jednoetapowej wyr6zni¢ mozna algorytm SSD [36-37] i algorytm YOLO
zaproponowany przez Redmona i in. [38]. Algorytm YOLO, rozwigzuje wykrywanie
obiektéw jako problem regresji i wyswietla lokalizacje i klasyfikacje obiektu w sieci typu
,»end-to-end”, w jednym kroku. Z uwagi na szybko$¢ wykrywania z wykorzystaniem tej
metody, obecnie jest jednym z najczesciej wykorzystywanych algorytmow. Ze wzgledu na
pojawiajacy si¢ btad w doktadnosci wykrywania niewielkich celow, algorytm YOLO jest
stale rozwijany. Na uwage zastluguje YOLOV3, ktory wykorzystuje metode grupowania K-
srednich, aby automatycznie wybra¢ najlepsza poczatkowa ramke regresji dla zbioru
danych. Ta wersja algorytmu YOLO [39] jest przystosowana do poprawy doktadnos$ci
wykrywania matych obiektow. W przeciwienstwie do innych metod, metody uczenia
glebokiego daja mozliwo$¢ automatycznego wyodrebnienia cech niskiego i wysokiego
poziomu [40-41].

Proces zbierania danych o przeszkodach lotniczych na podstawie danych
pozyskanych z niskiego putapu jest procesem zlozonym. Kazdy z poszczegdlnych etapow
ma wplyw na doktadno$¢ danych o przeszkodach lotniczych. Poczawszy od liczby
I rozmieszczenia punktéw osnowy fotogrametrycznej, ktore wplywaja na wyniki
wyrownania bloku zdje¢. Nastgpnie poprzez wybor metody pozycjonowania BSP, ktora

wplywa na wyniki doktadnosci okre§lenia pozycji BSP. Finalnie poprzez metode
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wykrywania obiektow z gestej chmury punktéw, az po fuzje algorytmu uczenia glebokiego
bazujacego na obrazie i algorytmu klasyfikacji chmury punktéw. W niniejszej rozprawie
problem badawczy brzmi: jakie algorytmy przetwarzania danych pozyskanych z niskiego
putapu nalezy zastosowaé, aby wykry¢ i sklasyfikowac nietypowe przeszkody lotnicze
zgodnie z wymaganiami doktadno$ciowymi zawartymi w dokumentach EUROCONTROL
i ICAO [5, 7]?

W zwigzku z powyzszym glownym celem badan opisanych w niniejszej
rozprawie bylo opracowanie metod przetwarzania danych pozyskanych
Z bezzalogowych statkow powietrznych na potrzeby zbierania danych o przeszkodach
lotniczych.

Celami posrednimi byto:

e opracowanie metody wyréwnania jednoszeregowego bloku zdjec
pozyskanych z niskiego putapu dla terendw niedostgpnych,

e opracowanie metody podwyzszenia doktadno$ci pozycjonowania
bezzalogowych statkbw powietrznych wyposazonych w odbiorniki
jednoczestotliwosciowe, a  przez to  doktadnosci  produktow
fotogrametrycznych, na potrzeby zbierania danych o przeszkodach
lotniczych, bez pomiaru fotopunktow,

e opracowanie metody automatycznej detekcji i Kklasyfikacji nietypowych
przeszkod lotniczych na podstawie gestych chmur punktow oraz obrazow

pozyskanych z niskiego putapu.

Z powyzszego wynika teza, ze przetwarzanie danych pozyskanych z niskiego
pulapu poprzez zastosowanie algorytmu poprawy pozycjonowania BSP, algorytmu
filtracji i segmentacji chmury punktéow oraz algorytmu sieci neuronowej pozwoli na

detekcje i identyfikacje przeszkéd lotniczych z dokladnos$cia zgodna z wymaganiami
EUROCONTROL i ICAO.

Prawidlowe wykrycie przeszkdd lotniczych ma fundamentalne znaczenie dla
zapewnienia bezpieczenstwa operacji lotniczych. Aby spetni¢ wymagania wykrywanych
przeszkod lotniczych, konieczny jest dobor odpowiednich technik wykrywania
I przetwarzania danych. W wyniku przetwarzania danych pozyskanych za pomoca
BSP powstaja produkty fotogrametryczne takie jak chmura punktéw czy ortofotomapa.

Poprzez zastosowanie algorytméw dziatajacych na chmurze punktéw i1 na obrazie mozliwe
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jest wykrycie przeszkod lotniczych. Podczas realizacji projektu badawczego postawiono

zatem cztery hipotezy:

H1: Uwzglednienie dodatkowych parametréw w procesie aerotriangulacji pozwala
na podwyzszenie dokladnosci wyrownania bloku jednoszeregowego przy ograniczonej
liczbie fotopunktow dla terenow niedostepnych, przy zastosowaniu niskobudzetowych
bezzalogowych statkow powietrznych, wyposazonych W jednoczestotliwoSciowe

odbiorniki GPS.

H2: Zastosowanie algorytmu metody pozycjonowania absolutnego SPP z uzyciem
produktéw |IGS pozwoli na zwiekszenie dokladnos$ci wyznaczenia pozycji
bezzalogowego statku powietrznego dla pozyskiwania danych o przeszkodach

lotniczych.

H3: Segmentacja chmur punktow zmodyfikowanym algorytmem RANSAC poprzez
zastosowanie odpowiedniej filtracji i segmentacji gestej chmury punktéw pozwoli na
wykrycie przeszkod lotniczych z dokladnoscia zgodna z przepisami EUROCONTROL
I ICAO.

H4:  Zastosowanie metody detekcji i klasyfikacji nietypowych przeszkod lotniczych
z wykorzystaniem glebokich sieci neuronowych pozwoli na zwigkszenie dokladnosci

identyfikacji oraz poprawnosci klasyfikacji przeszkod lotniczych.

Badania przeprowadzono w taki sposob, aby kolejno realizowaé zatozone cele posrednie,
ktore prowadzity do realizacji gtownego celu postawionego w niniejszej rozprawie.
Postawione hipotezy stanowily podstawe opracowania autorskiej metody przetwarzania
danych pozyskanych z niskiego pulapu na potrzeby zbierania danych o przeszkodach

lotniczych, a wykonane analizy umozliwity weryfikacje hipotez.

W dalszej czesci, autoreferat sktada si¢ z rozdzialu 2, w ktérym opisano cykl czterech
publikacji. W podrozdziatach od 2.1. do 2.4. przedstawiono metodyke badan, wyniki,
dyskusje i analize otrzymanych wynikow dla kazdej z publikacji. Rozdzial 3 zawiera
kompleksowe podsumowanie catego cyklu publikacji. Do autoreferatu dotagczono cykl

publikacji, sktadajacy si¢ na niniejszg rozprawe doktorska (Zataczniki 1-4).
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2. CYKL PUBLIKACJI. METODYKA BADAN, WYNIKI, DYSKUSJA
| ANALIZA OTRZYMANYCH WYNIKOW

[Publikacja 1]

[Publikacja 2]

[Publikacja 3]

[Publikacja 4]

Lalak M. (70%), Wierzbicki D. (15%), Kedzierski M. (15%),
Methodology of processing single-strip blocks of imagery with
reduction and optimization number of ground control points in UAV
photogrammetry, Remote  Sensing 2020, 12(20), 3336,
DOI: 10.3390/rs12203336.

Lalak M. (90%), Krasuski K. (5%), Wierzbicki D. (5%),
Methodology to improve the accuracy of the determination of the
position of UAV equipped with single-frequency receivers for the
purposes of gathering data about aviation obstacles, Scientific
Journal of Silesian University of Technology, Series Transport 2023,
119, 83-104, ISSN: 0209-3324, DOI: 10.20858/sjsutst.2023.119.5.

Lalak M. (80%), Wierzbicki D. (20%), Methodology of detection and
classification of selected aviation obstacles based on UAV dense
image matching, IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing 2022, 15, 1869-1883,
DOI: 10.1109/JSTARS.2022.3149105.

Lalak M. (80%), Wierzbicki D. (20%), Automated detection of
atypical aviation obstacles from UAV images using a YOLO
algorithm, Sensors 2022, 22(17), 6611, DOI: 10.3390/s22176611.

Cykl sktada si¢ z czterech publikacji, ktore prezentujg kolejne etapy algorytmu

postgpowania, majgcego na celu opracowanie metodyki przetwarzania danych pozyskanych

zBSP dla wykrycia i okreSlenia wysokosci przeszkod lotniczych o wydhluzonym

| wysmuktym ksztatcie (nietypowych przeszkod lotniczych) (Rys. 5). W pierwszej

publikacji przestawiono wyniki badan dotyczgce wyrownania jednoszeregowego bloku

zdje¢ pozyskanego z niskiego putapu na potrzeby zbierania danych o przeszkodach

lotniczych. Pozyskane dane stanowity podstawe do wyboru miejsca do ladowania w tzw.

terenie przygodnym, przy ograniczonym dostgpie do obszaru opracowania. Badania
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przeprowadzono w oparciu 0 dwie metody. Pierwsza z nich, prezentujgca autorskie
podejécie do wuzycia punktow wigzacych w procesie wyréwnania, opiera si¢ na
zmodyfikowanej metodzie regresji liniowej. Druga metoda, opiera si¢ na jednej z metod
optymalizacji nieliniowej — zmodyfikowanym algorytmie LMP. W drugiej publikacji
przedstawiono wyniki badan dotyczace podwyzszenia doktadno$ci pozycjonowania BSP
wyposazonych w odbiorniki jednoczestotliwosciowe, a w efekcie podwyzszenia
doktadnosci produktéw fotogrametrycznych na potrzeby zbierania danych o przeszkodach
lotniczych, bez pomiaru fotopunktéw. Zwigkszenie doktadnosci pozycjonowania BSP
wykonano na podstawie algorytmu metody SPP z uzyciem produktéw IGS. W trzeciej
publikacji przedstawiono wyniki badan na temat detekcji i klasyfikacji nietypowych
przeszkod lotniczych (o wydtuzonym ksztalcie) na podstawie danych pozyskanych z BSP.
Badania przeprowadzono na chmurze punktéw, przy uzyciu nowego algorytmu klasyfikacji
i filtracji chmury punktow oraz modyfikacji algorytmu RANSAC. W czwartej publikacji
przedstawiono wyniki badan dotyczace automatycznej detekeji i klasyfikacji nietypowych
przeszkdd lotniczych (o wysmuktym ksztalcie) na podstawie danych pozyskanych z BSP.
W badaniach zastosowano fuzj¢ algorytmu YOLOvV3 do detekcji obiektow na obrazie oraz
zmodyfikowanej metody klasyfikacji i filtracji chmury punktéw, zaprezentowanej w trzeciej

publikacji z cyklu.

Wyréwnanie jednoszeregowego
bloku zdje¢ pozyskanych z BSP

A 4

Podwyzszenie doktadnosci
pozycjonowania BSP wyposazonych
w odbiorniki jednoczestotliwosciowe

oraz doktadnosci produktow 3

fotogrametrycznych na potrzeby ] ety -ﬂnm"""-"' fh,
zbierania danych o przeszkodach X
lotniczych bez pomiaru fotopunktéw

Y
Automatyczna detekcja i klasyfikacja
nietypowych przeszkod lotniczych na
podstawie gestych chmur punktow f-------- --
oraz obrazéw pozyskanych

z niskiego putapu

Rys. 5. Proces przetwarzania danych pozyskanych z niskiego putapu na potrzeby zbierania danych
0 przeszkodach lotniczych [opr. wi.]
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Wspolng cechg powyzszych publikacji sg eksperymenty badawcze, ktorych wyniki
pozwolily zoptymalizowa¢ proces przetwarzania danych pozyskanych z niskiego putapu na
potrzeby zbierania danych o przeszkodach lotniczych. Spojny cykl publikacji stanowi
rozwigzanie problemu badawczego zwigzanego z metodyka przetwarzania danych
pozyskanych z niskiego putapu na podstawie autorskich rozwigzan w zakresie poprawy
doktadnosci: wyréwnania bloku zdj¢¢, pozycjonowania BSP, filtracji oraz segmentacji
gestych chmur punktéw, a takze implementacji algorytmow glebokiego uczenia na potrzeby
detekcji i klasyfikacji przeszkod lotniczych zgodnie z wymaganiami EUROCONTROL
i ICAO[5, 7].
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2.1. METODYKA PRZETWARZANIA JEDNOSZEREGOWYCH BLOKOW
ZDJEC Z REDUKCJA 1 OPTYMALIZACJA LICZBY FOTOPUNKTOW
W FOTOGRAMETRII BSP [Publikacja 1]

2.1.1. Metodyka wyréwnania jednoszeregowego bloku zdje¢ pozyskanego
Z niskiego pulapu dla terenow niedostepnych — ,optymalizacja

aerotriangulacji”

W pierwszej publikacji przedstawiono rezultaty badan, ktéorych celem byto
opracowanie metody wyrownania jednoszeregowego bloku zdje¢ pozyskanego z niskiego
putapu dla terenéw niedostepnych. Badania przeprowadzono w oparciu o dwie metody.
Pierwsza z nich, prezentujaca autorskie podejScie do wykorzystania punktow wigzacych
W procesie wyrdwnania, opierala si¢ na zmodyfikowanej metodzie regresji liniowej. Druga
metoda opierala si¢ na jednej z metod optymalizacji nieliniowej — zmodyfikowanym
algorytmie LMP.

Wyréwnanie bloku zdje¢ (aerotriangulacja) jest procesem podczas, ktorego
wyznaczane s3 elementy orientacji zewngtrznej kazdego zdjecia (elementy liniowe
i katowe). Wykorzystywana do wyréwnania metoda niezaleznych wiazek polega na
wyznaczeniu bezpos$rednich relacji pomigdzy wspotrzednymi obrazowymi fotopunktow
I punktow wigzacych pomierzonymi na zdjeciu, a wspotrzednymi terenowymi fotopunktow.
Podczas realizacji tego procesu metoda niezaleznych wigzek, z matematycznego punktu
widzenia, konieczne jest wykorzystanie fundamentalnego w fotogrametrii rownania
kolinearnosci. Mozna je sformutowac jako nieliniowy problem najmniejszych kwadratow,
ktory ma na celu zminimalizowanie catkowitego bledu miedzy wspotrzednymi
obserwowanego punktu obrazu, a przewidywanymi lokalizacjami cech [42].
Aerotriangulacja zdje¢ jest procesem stosowanym od wielu lat, jednak strategie
obliczeniowe ewoluuja i sa stale modyfikowane w celu poprawy doktadnosci wynikoéw
wyrownania. Podstawg automatycznej aerotriangulacji cyfrowej jest wyszukiwanie, pomiar
1 przenoszenie punktow wigzacych na dwoch lub wiecej obrazach, zawierajacych ten sam
fragment powierzchni, przy wykorzystaniu jednej z metod korelacji obrazow.

Autorska metoda wyréwnania jednoszeregowego bloku zdje¢ opierata si¢ na
zageszezeniu osnowy fotogrametrycznej, punktami wigzgcymi wygenerowanymi podczas
wyroéwnania catego bloku (W punkcie wyjsciowym). Sposrdd punktéw wigzacych wybrano
punkty wg nastepujacych kryteriow:

1) jeden punkt minimum na 3 zdjgciach;

24



2) punkty o najmniejszym btedzie sSredniokwadratowym (RMSE = minimum);

3) punkty réwnomiernie rozmieszczone na obszarze opracowania (zmodyfikowana

metoda regresji liniowej [43]).
Wykorzystujac zalezno$¢ liniowa migdzy danymi, postuzono si¢ klasycznym modelem
regresji liniowej w celu zapewnienia rownomiernego rozmieszczenia punktéw wigzacych
na badanym obszarze. Niedostepno$¢ terenu spowodowata, ze na obszarze opracowania
pomierzono niewielkg liczbe fotopunktow. Wobec tego faktu, do dalszych badan
wykorzystano punkty wigzace wygenerowane w procesie aerotriangulacji cyfrowej catego
bloku. Punkty te byly przypadkowo rozmieszczone na calym obszarze testowym. Aby
zapewni¢ réwnomierne rozmieszczenie punktow wigzacych na obszarze opracowania,
wykorzystano metode regresji liniowej, opierajacg si¢ na zaleznosci liniowej, w ktorej
krzywa dopasowywana jest do danych, czyli wspotrzednych ttowych punktow wigzacych.
W celu doboru punktéw wigzacych wykorzystano metode najmniejszych kwadratow, dzieki
czemu wyznaczono prosta Yi = axj + b. Rownomiernie rozmieszczone punkty wigzace
przeksztalcono na fotopunkty, a wezesniej pomierzone w terenie fotopunkty przeksztatcono
na punkty kontrolne (Rys. 6). Dzigki opracowanej metodzie dokonano wyréwnania
jednoszeregowego bloku zdje¢ przy uzyciu fotopunktow, rownomiernie rozmieszczonych

na calym obszarze opracowania.
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Rys. 6. Proces zaggszczenia osnowy fotogrametrycznej na podstawie punktow wigzacych

[opr. wi]

Druga z zastosowanych metod wyroéwnania jednoszeregowego bloku zdj¢¢ opierata

si¢ na optymalizacji nieliniowej, poprzez modyfikacje algorytmu LMP (Rys. 7). Algorytm

wykorzystano w procesie orientacji wzajemnej obrazow pozyskanych z niskiego putapu.

Wyznaczane elementy orientacji zewngtrznej obrazow: liniowe i katowe, przyjeto jako

elementy stale, a algorytm LMP pozwolil na optymalizacje przenoszenia punktdéw

wigzacych na kolejne obrazy tak, zeby btad przenoszenia tych punktow byt jak najmniejszy.
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Rys. 7. Aerotriangulacja jednoszeregowego bloku zdje¢ za pomoca modyfikacji algorytmu LMP
[opr. wi]

Algorytm LMP w procesie orientacji wzajemnej obrazéw pozyskanych z niskiego putapu
pozwolil na optymalizacj¢ przenoszenia punktéw wigzacych na kolejne obrazy. Inicjalizacje
procesu rozpoczeto od wezytania parametréow kamery, fotopunktow i punktéw kontrolnych.
Wybrano takie same parametry kamery dla catego opracowywanego bloku. Po wykonaniu
autokalibracji okre§lono parametry poczatkowe dla procesu optymalizacji przenoszenia
punktow wigzacych na kolejne obrazy. Empirycznie zmodyfikowano region zaufania
lokalizacji punktow wiazacych, w okreslonych przedziatach przewidywania. Kluczowa
zawarto$cig algorytmu regionu zaufania jest to, jak obliczy¢ krok probny regionu zaufania
I jak zdecydowacé, czy krok probny powinien zosta¢ zaakceptowany. Region zaufania jest
dostgpny na poczatku, nastepnie konstruowany jest przyblizony model, ktéry jest
rozwigzywany w obszarze zaufania, dajac rozwigzanie S, ktére nazywa si¢ krokiem
probnym. Kolejno wybierana jest funkcja, ktora stuzy do aktualizacji nastgpnego regionu
zaufania i do wyboru nowego punktu iteracji [44]. Promien regionu zaufania ma kluczowe
znaczenie dla powodzenia kroku. Jesli region jest zbyt duzy, model moze nie da¢ dobrego
przyblizenia. W praktyce promien obszaru zaufania jest wybierany na podstawie
powodzenia modelu. Jesli model jest wiarygodny, to znaczy, ze doktadnie przewiduje

lokalizacj¢ punktu wigzacego.
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2.1.2. Wyniki

Badania przeprowadzono na podstawie dwoch niezaleznych zestawow danych.
Pierwszy z nich pozyskano za pomocag BSP Trimble UX-5, natomiast drugi zestaw
pozyskano za pomocg systemu VTOL WingtraOne. Obie platformy wyposazone byty
w jednoczestotliwosciowe odbiorniki GPS, rejestrujace dane z czgstotliwoscig 10 Hz. Dane
pozyskano z putapu 250 m nad powierzchnig terenu. Pokrycie poprzeczne i podtuzne zdjeé
wynosito 75%. Na obszarze opracowania zaprojektowano i pomierzono sygnalizowane
fotopunkty. Punkty te pomierzono z wykorzystaniem techniki RTK z uzyciem obserwacji
GNSS. Tylko cze¢sciowa dostepnos¢ do obszaru opracowania spowodowata, ze pomierzono
niewielka liczbe fotopunktéw. Wobec tego faktu do dalszych badan wykorzystano punkty
wigzace, wygenerowane w procesie aerotriangulacji cyfrowej catego bloku. Punkty te byty
przypadkowo rozmieszczone na calym obszarze testowym. Aby zapewni¢ roOwnomierne
rozmieszczenie punktow wigzacych na obszarze opracowania, wykorzystano metode
regresji liniowej, opierajaca si¢ na zaleznosci liniowej, w ktorej krzywa dopasowywana jest
do danych czyli wspotrzednych (X, Y) punktéw wigzacych. Dla pierwszego zestawu danych
wyrdzniono cztery bloki testowe. Wyrownanie dla kazdego z nich prowadzono w dwoch
wariantach, gdzie punkty kontrolne stanowily punkty pomierzonej osnowy
fotogrametrycznej, natomiast fotopunkty wybierano sposrod punktow wiazacych
wygenerowanych w trakcie wyréwnania catego bloku. Wyboru fotopunktéw w pierwszym
wariancie, dokonywano na podstawie dwoch kryteriow: jeden punkt wigzacy minimum na
trzech zdjgciach i punkty o najmniejszych btgdach sredniokwadratowych. Po automatycznej
selekcji punktéw wigzacych, prowadzono selekcje wizualng i do dalszego opracowania
wybierano punkty potozone w miejscach charakterystycznych, jednoznacznie
identyfikowalnych na zdjgciach. Drugi wariant stanowito wyréwnanie tego samego bloku
zdje¢, co w wariancie pierwszym, przy wykorzystaniu tych samych punktow kontrolnych.
Z kolei fotopunkty, wybierano na podstawie dodatkowego kryterium regresji linioweyj.
Wykorzystanie  zalezno$ci  liniowej zapewnialo rownomierno$¢ rozmieszczenia
fotopunktow na obszarze opracowania, ze szczegblnym uwzglednieniem krawedzi bloku

zdjec.
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Tab. 2. Podsumowanie wyrownania blokow testowych [opr. wi.]

1 blok testowy 2 blok 3 blok
Opis . testowy testowy
1 wariant/ 1 wariant/ 1 wariant/
2 wariant 2 wariant 2 wariant
Warunki pogodowe zachmurzenie umiarkowane
Liczba zdjg¢ 12 25 13
Blad $redni typowego spostrzezenia 6o 7,0/1,4 7,3/1,5 7,9/1,6
[um]/[pix] 6,3/1,3 6,9/1,4 75/1,5
Liczba fotopunktow 26/13 43/17 46/17
Liczba punktéw kontrolnych 6 4 4
Liczba punktéw wigzacych 1 509/1 545 2 483/2 604 2 422/2 450
Wartos$¢ odchylenia standardowego apriori
wspotrzednych (X, Y, Z) fotopunktéw 0,03
i punktow kontrolnych (X, Y, Z) [m]
. X 0,12/0,09 0,12/0,12 0,19/0,14
Odchylenie standardowe Y | 0,14/0,12 0,13/0,11 0,16/0,14
wspbirzednych [m]: Z | 005004 0,05/0,05 0,09/0,05
, X 0,04/0,04 0,04/0,03 0,04/0,03
R'\;'Ostfpi"zg’ng?[‘f:]y_Ch Y | 0,04/0,03 0,05/0,04 0,05/0,05
' Z 0,19/0,17 0,18/0,17 0,22/0,19
. X 0,05/0,02 0,05/0,03 0,04/0,02
puiﬁngv Kjﬁgﬁfﬁy& Y | 0,03001 0,08/0,05 | _0,08/0,02
Z 0,22/0,09 0,16/0,09 0,14/0,10
MXo [m] 0,13/0,12 0,12/0,09 0,09/0,09
MYo [m] 0,11/0,09 0,10/0,08 0,11/0,08
MZy [m] 0,08/0,09 0,08/0,08 0,12/0,10
Mo [°] 0,054/0,043 0,047/0,042 0,056/0,054
Mo [°] 0,046/0,036 0,040/0,040 0,066/0,046
Mk [°] 0,011/0,009 0,009/0,009 0,014/0,008

W Tab. 2 przedstawiono wyniki wyréwnania trzech blokow testowych. Blad sredni
typowego spostrzezenia (co) dla wyrdwnania pierwszego bloku uksztattowat si¢ na poziomie
7,0 um w pierwszym wariancie i 6,3 pm w drugim wariancie. Dla wyréwnania drugiego
bloku, oo uksztaltowat si¢ na poziomie 7,3 um w pierwszym wariancie i 6,9 um w wariancie
drugim. W wyniku wyrdéwnania trzeciego bloku otrzymano blad s$redni typowego
spostrzezenia na poziomie 7,9 um w pierwszym wariancie i 7,5 ym w wariancie drugim.
W wyniku wyréwnania otrzymano réwniez btedy sredniokwadratowe (liczone z poprawek
wyrownawczych) potozenia fotopunktow dla wspotrzednych X, Y, ktore dla pierwszego
bloku wynosity odpowiednio 0,04 m w pierwszym wariancie wyroéwnania oraz 0,03-
0,04 mw drugim wariancie. Z kolei dla wspolrzgdnej Z warto§¢ ta wynosita
0,19 m w pierwszym wariancie i 0,17 m w drugim wariancie wyrownania. Dla drugiego
bloku zdje¢ wartos¢ RMSE dla wspotrzednych poziomych wynosita 0,04-
0,05 m w pierwszym wariancie wyrownania i 0,03-0,04 m w drugim wariancie wyréwnania.

Natomiast dla wspotrzgdnej Z warto§¢ ta wynosita 0,18 m w pierwszym wariancie
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i 0,17 m w drugim wariancie wyrownania. Dla trzeciego bloku zdje¢ wartos¢ RMSE dla
wspotrzednych poziomych wynosita 0,04-0,05 m w pierwszym wariancie wyrownania
1 0,03-0,05 m w drugim wariancie wyrownania. Natomiast dla wspotrzednej Z wartos¢ ta
wynosita 0,19 m w pierwszym wariancie i 0,22 m w drugim wariancie wyréwnania.
W odniesieniu  do  niezaleznych  punktow  kontrolnych  wartoéci  bledow
sredniokwadratowych (liczonych jako réznice migdzy wspotrzgdnymi wyznaczonymi
W wyniku wyréwnania, a wspotrzednymi wyznaczonymi z pomiaréw terenowych) dla
wspotrzednych poziomych dla pierwszego bloku zdje¢ uksztaltowaty sie¢ w przedziale 0,03-
0,05 m w wariancie pierwszym i 0,01-0,02 m w wariancie drugim. Dla wspoétrzednej
Z warto$¢ ta wynosita 0,22 m w wariancie pierwszym i1 0,09 m w wariancie drugim. Dla
drugiego bloku zdje¢ warto§¢ RMSE dla wspoétrzednych poziomych wyniosta 0,05-
0,08 mw pierwszym wariancie i 0,03-0,05m w drugim wariancie wyrownania. Dla
wspotrzednej Z wartos¢ ta wyniosta 0,16 m w pierwszym wariancie i 0,09 m w wariancie
drugim wyréwnania. Dla trzeciego bloku zdjg¢ warto§¢ RMSE dla wspotrzednych
poziomych wyniosta 0,04-0,08 m w pierwszym wariancie i 0,02 m w drugim wariancie
wyrownania. Dla wspolrzednej Z warto§¢ ta wyniosta 0,14 m w pierwszym
i 0,10 m w drugim wariancie wyréwnania. W odniesieniu do doktadnos$ci wyznaczenia
wspotrzednych terenowych srodkoéw rzutow (Xo, Yo, Zo) dla pierwszego bloku testowego
warto$¢ odchylen standardowych otrzymanych z wyréwnania uksztattowaty sie w granicach
0,08-0,13 m w pierwszym wariancie i 0,09-0,12 m w drugim wariancie wyréwnania. Dla
drugiego bloku testowego warto$¢ odchylen standardowych uzyskanych z wynikow
wyrownania uksztattowaly si¢ w granicach 0,08-0,12 m w pierwszym wariancie i 0,08-
0,09 m w drugim wariancie wyrownania. Dla trzeciego bloku testowego warto$ci odchylen
standardowych z wynikow wyrownania uksztaltowaly si¢ w granicach 0,09-
0,12 m w pierwszym wariancie i 0,08-0,10 m w drugim wariancie wyréwnania. Biorgc pod
uwage doktadno$¢ wyznaczenia elementow katowych orientacji zewnetrznej (o, ¢, ),
uzyskane warto$ci odchylen standardowych uksztaltowaty si¢ dla pierwszego bloku
testowego w przedziale 0,011-0,054° w pierwszym wariancie i 0,009-0,043° w drugim
wariancie wyrownania. Dla drugiego bloku testowego wartosci odchylen standardowych
uksztattowaly si¢ w przedziale 0,009-0,047° w pierwszym wariancie 1 0,009-0,042°
w drugim wariancie wyroéwnania. Dla trzeciego bloku testowego warto$ci odchylen
standardowych uksztattowaty si¢ w przedziale 0,014-0,066° w pierwszym wariancie i 0,008-
0,054° w drugim wariancie wyrownania. Na podstawie uzyskanych wynikéw wyréwnania

trzech blokéw testowych w dwoch wariantach stwierdzono, ze drugi wariant wyréwnania
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poprawil wyniki wyrownania $rednio o 16%. W zwigzku z czym czwarty blok testowy
wyréwnano z zastosowaniem drugiego wariantu (wg autorskiej metody). Uzyskane wyniki

poréwnano z wynikami wyréwnania metodg LMP (Tab. 3).

Tab. 3. Poréwnanie wynikéw wyrownania bloku zdje¢ zmodyfikowana metoda regresji liniowej i metoda
LMP [opr. wi.]

Metoda regresji
Opis “niong J Metoda LMP
1V blok testowy
Warunki pogodowe zachmurzenie umiarkowane
Liczba zdjeé 12 12
Blad $redni typowego spostrzezenia oo [um]/[pix] 5,5/1,1 4,2/0,9
Liczba fotopunktow 12 2
Liczba punktéw kontrolnych 5 3
Wartos$¢ odchylenia standardowego apriori
wspotrzednych (X, Y, Z) fotopunktéw i punktow 0,03
kontrolnych [m]
Odchylenie standardowe X 0.27 021
wspolrzednych [m]: Y 0,32 0,18
Z 0,36 0,20
RMSE wspotrzednych (X, Y, Z) X 0,04 0,03
fotopunktow [my]: Y 0,03 0,03
4 0,13 0,04
RMSE wspbétrzednych (X, Y, Z) X 0,07 0,07
punktéw kontrolnych [m]: Y 0,09 0,08
V4 0,12 0,12
MXo [m] 0,08 0,09
MY [m] 0,09 0,08
MZo [m] 0,11 0,11
Mo [°] 0,083 0,076
Mo [°] 0,085 0,073
Mk [°] 0,021 0,018

Na podstawie wynikow wyrownania bloku zdje¢ (Tab. 3) metoda regresji liniowej
stwierdzono, ze dla czwartego bloku zdje¢ btad $redni typowego spostrzezenia uksztattowat
si¢ na poziomie 5,5 um, warto§¢ RMSE potozenia fotopunktow (X, Y, Z) wynosita 0,03-
0,13 m, warto§¢ RMSE potozenia punktow kontrolnych (X, Y, Z) wyniosta 0,07-0,12 m.
Dla wyznaczenia wspotrzednych terenowych $rodkow rzutow (Xo, Yo, Zo) uzyskane
wartosci odchylen standardowych uksztattowaty si¢ na poziomie 0,08-0,11 m, adla
elementow katowych orientacji zewngtrznej (o, ¢, k) 0,021-0,085°. Metoda LMP pozwolita
na uzyskanie nastepujacych wynikéw wyrdwnania: blad $redni typowego spostrzezenia
uksztattowal si¢ na poziomie 4,2 pm, wartos¢ RMSE polozenia fotopunktéw (X, Y, Z)
wynosita 0,03-0,04 m, warto§¢ RMSE potozenia punktéw kontrolnych (X, Y, Z) wyniosta
0,07-0,12 m. Dla wyznaczenia wspolrzgdnych terenowych srodkow rzutéw (Xo, Yo, Zo)
uzyskane wartos$ci odchylen standardowych uksztaltowaty si¢ na poziomie 0,08-0,11 m,

a dla elementow katowych orientacji zewnetrznej (o, ¢, x) 0,018-0,076°.
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W celu potwierdzenia wiarygodnos$ci otrzymanych wynikéw wyrdéwnania bloku
dwiema metodami, dokonano analizy statystycznej wynikow. W tym celu okreslono
przedzialty ufnosci o prawdopodobienstwie 95% [45] dla uzyskanych bledow
sredniokwadratowych wspotrzednych (X, Y, Z) fotopunktéw i punktow kontrolnych.
Wyznaczono przedzial ufnosci dla sredniej w populacji o rozktadzie normlanym N(m, o).
Przedziat ufno$ci dla parametru m tego rozktadu obliczono ze wzoru [45]:

S(x)

\/ﬁ) <m<X+t S) (1)

P(X ~tan-1 an-1(=) =1-«@
gdzie:

n — liczebno$¢ proby losowej;

X — érednia z proby losowej;

S — odchylenie standardowe z proby;

t, — ma rozktad Studenta z n — 1 stopniami swobody.

Dla autorskiej metody wyrownania jednoszeregowego bloku zdje¢, opartej
0 zmodyfikowang metod¢ regresji liniowej przedziat ufnosci RMSE fotopunktow dla
wspoétrzednej X miescil si¢ w granicach: 0,04 <m < 0,07. Dla wspotrzednej Y przedziat
ufnosci RMSE wyniést 0,03 < m < 0,06. Dla wspotrzednej Z, przedziat ufnosci to
0,09 <m < 0,13. Przedziaty uftnosci RMSE obliczono réwniez dla wspotrzednych (X, Y, Z)
punktow kontrolnych. Obliczono, iz przedziat ufnosci RMSE dla wspotrzednej X miescit si¢
w granicach: 0,04 < m < 0,08. Dla wspodhrzedne] Y, przedzial ufnosci wynidst
0,02 <m < 0,12. Dla wspétrzednej Z przedziat ufnosci to 0,09 < m < 0,15. Na podstawie
otrzymanych wynikéw mozna zauwazy¢, ze uzyskane wyniki spetniaja zadane kryterium
poziomu ufno$ci. Dla metody opartej o zmodyfikowany algorytm LMP przedziat ufnosci
wartosci RMSE dla  wspotrzgdnych X fotopunktow miescit sigw  granicach:
-0,10 <m < 0,15. Dla wspotrzednej Y przedziat ufnosci wyniost -0,09 < m < 0,16. Dla
wspotrzednej Z przedziat ufnosci, to -0,21 < m < 0,29. Przedzialy ufnosci
RMSE wspotrzednej X dla punktow kontrolnych miescit si¢ w granicach: 0,04 <m < 0,10.
Dla wspotrzednej Y przedzial ufnosci wynidést 0,02 < m < 0,14. Dla wspoirzednej Z,
przedziat ufnosci to 0,11 < m < 0,15. Uzyskane wyniki potwierdzaja spetnienie zadanego

kryterium przedziatu ufnosci.
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2.1.3. Dyskusja i analiza otrzymanych wynikow

Na podstawie uzyskanych wynikow wyréwnania jednoszeregowego bloku zdjeé
dokonano ich analizy, poréwnujac wyniki wyréwnania przeprowadzonego niezaleznie
dwiema metodami. Ponadto wyniki odniesiono do dotychczas prowadzonych badan
prezentowanych w literaturze. Wyréwnanie bloku zdje¢ autorska metoda, opierajaca si¢ na
zmodyfikowanej metodzie regresji liniowej przeprowadzono w dwoch wariantach. Na
podstawie analizy wynikow wyréwnania trzech blokéw zdje¢ stwierdzono poprawe
doktadno$ci wyréwnania w drugim wariancie (réwnomierne rozmieszczenie fotopunktow)
dla pierwszego bloku zdj¢¢ $rednio o 24%, dla drugiego bloku zdje¢ srednio o 16%, dla
trzeciego bloku zdje¢ Srednio 0 26%. W drugim wariancie wyrownania warto$¢ bigdu
sredniego typowego spostrzezenia zmniejszyla si¢ srednio 0 17%. Wartos¢ RMSE potozenia
fotopunktow (X, Y, Z) zmniejszyla si¢ §rednio 0 14%, a wartos¢ RMSE potozenia punktow
kontrolnych (X, Y, Z) zmniejszyta si¢ srednio 0 51%. Warto$¢ odchylenia standardowego
wspotrzednych terenowych srodkow rzutdw (Xo, Yo, Zo) zmniejszyla si¢ $rednio 0 11%.
Z kolei warto$¢ odchylenia standardowego dla elementow katowych (o, ¢, K) zmniejszyla
si¢ Srednio o 17%. Drugi wariant wyrOwnania zapewnil réwnomierne rozmieszczenie
fotopunktow, co przetozylo si¢ na poprawe doktadnosci wyrownania $rednio o 16%.
Uzyskane wyniki wyréwnania potwierdzily zasadno$¢ wykorzystania zmodyfikowanej
metody regresji liniowej w procesie wyroéwnania jednoszeregowego bloku zdjec¢. Ponadto
przeprowadzona analiza statystyczna wynikow potwierdzita powszechnie wystepujaca
w fotogrametrii regule, iz warto$ci bledow Sredniokwadratowych dla wspoirzednej
pionowej Z sg wigksze niz dla wspotrzednych poziomych (X, Y). Dodatkowo w ramach
analizy, porownano wyniki wyréwnania bloku zdje¢ autorska metoda zmodyfikowanej
regresji liniowej z wynikami wyréwnania zmodyfikowanym algorytmem LMP. Biorac pod
uwage: btad sredni typowego spostrzezenia, RMSE potozenia fotopunktow (X, Y, Z), RMSE
polozenia punktow kontrolnych (X, Y, Z), odchylenie standardowe wspotrzgdnych
terenowych §rodkow rzutow (Xo, Yo, Zo) 1 odchylenie standardowe dla elementéw katowych
(o, ¢, x), stwierdzono nieznacznie gorsze wyniki wyréwnania autorskg metoda
w porownaniu do wyréwnania algorytmem LMP. W literaturze znalez¢ mozna opracowania
badajace wplyw rozmieszczenia punktow osnowy fotogrametrycznej na doktadno$¢
wyrownania bloku zdje¢ [11-13]. Prezentowane w nich wyniki badan potwierdzaja
zwigkszenie dokladno$ci wynikéw wyrdwnania przy rownomiernym rozmieszczeniu

punktow osnowy fotogrametrycznej. Autorska metoda wyréwnania zmodyfikowana metoda
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regresji liniowej jest zgodna z tg zasads. Z uwagi na fakt, ze w publikacji pierwszej
rozpatrywano szczegélny przypadek wyrownania bloku zdje¢ jakim jest blok
jednoszeregowy, zwrocono uwage rowniez na zapewnienie pokrycia fotopunktami
i punktami kontrolnymi krawedzi bloku. W literaturze istniejg badania pokazujgce poprawe
wynikow wyrownania bloku przy zapewnieniu pokrycia wlasnie na krawedziach [16, 45].
Ponadto analiza stanu wiedzy wykazala, ze dotychczas prowadzono badania rowniez nad
wplywem konfiguracji rozmieszczenia fotopunktow i punktow kontrolnych [45-46], jednak
wyniki sg niejednoznaczne, dlatego wcigz pojawiajg si¢ nowe opracowania w tym temacie.
Autorzy [45] prezentuja wyrownanie W trzech roéznych konfiguracjach fotopunktow
i punktow kontrolnych, przy zastosowaniu réznych oprogramowan. Wyniki wskazuja, ze
wykorzystanie dodatkowych parametrow wyréwnania, wyraznie wplywa na poprawe
wynikéw wyréwnania. Podobne wnioski przedstawiono w pracy Rango i in. [46]. Wyniki
wyrownania jednoszeregowego bloku zdje¢ zmodyfikowanym algorytmem LMP,
potwierdzity pojawiajace si¢ we wezesniejszych pracach badawczych wnioski o zasadnosci
zastosowania algorytmu LMP [47-49]. Autorska metoda wyrownania jednoszeregowego
bloku zdje¢ w porownaniu do drugiej metody, bazujgcej na zmodyfikowanym algorytmie

LMP data nieznacznie gorsze Wyniki wyréwnania, §rednio o 16%.

Reasumujac, gtownym celem badan w publikacji pierwszej bylo opracowanie
metody wyréwnania jednoszeregowych blokéw zdje¢ z niskiego putapu, przy ograniczonym
dostepie do catego obszaru opracowania. Skutkiem ograniczonego dostepu do obszaru
opracowania byt brak mozliwosci zalozenia i pomiaru osnowy fotogrametrycznej na catym
obszarze badan. Pierwsza metoda badawcza opierala si¢ na autorskim podejSciu do
wyrownania bloku jednoszeregowego przy wykorzystania punktow wigzacych. Dobor
punktéw wigzacych odbywat si¢ w oparciu o zmodyfikowana metode regresji liniowej, co
mialo zapewni¢ réwnomierno$¢ roztozenia punktow na calym obszarze. Druga metoda
badawcza opierata si¢ na jednej z metod optymalizacji nieliniowej — zmodyfikowanym
algorytmie LMP. Wyrdéwnanie bloku zdje¢ obiema metodami przeprowadzono
Z uwzglednieniem dodatkowych parametrow. W niniejszej publikacji rozwigzano problem
badawczy zwigzany z wyrownaniem jednoszeregowego bloku zdje¢ na potrzeby zbierania
danych o przeszkodach lotniczych. Ponadto poruszono problematyke ograniczonego
dostgpu do obszaru opracowania, przez co niemozliwe jest pokrycie catego obszaru
punktami osnowy fotogrametrycznej. Autorska metoda wyréwnania jednoszeregowego

bloku zdje¢ umozliwita uzyskanie zblizonych doktadnosci wyréwnania jak w przypadku
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zmodyfikowanego algorytmu LMP, dzig¢ki czemu mozliwe jest podniesienie doktadnoS$ci
generowanych produktow fotogrametrycznych takich jak chmura punktow 1 ortofotomapa.
Na podstawie przeprowadzonych badan stwierdzono, ze uwzglednienie dodatkowych
parametrow w procesie aerotriangulacji pozwolilo na podwyzszenie dokladnosci
wyrownania bloku jednoszeregowego przy ograniczonej liczbie fotopunktéw dla
terenow niedostepnych, przy zastosowaniu niskobudzetowych bezzalogowych statkow

powietrznych, wyposazonych w jednoczestotliwosciowe odbiorniki GPS.
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2.2. METODYKA POPRAWY DOKLADNOSCI OKRESLENIA POZYCJI BSP
WYPOSAZONYCH W JEDNOCZESTOTLIWOSCIOWE ODBIORNIKI
NA POTRZEBY ZBIERANIA DANYCH O PRZESZKODACH
LOTNICZYCH [Publikacja 2]

2.2.1. Metodyka zwigkszenia dokladnos$ci pozycjonowania BSP

W drugiej publikacji przedstawiono wyniki badan, ktorych celem bylo opracowanie
metody zwigkszenia doktadnosci pozycjonowania bezzalogowych statkdbw powietrznych
wyposazonych w odbiorniki jednoczestotliwo$ciowe, a przez to doktadnosci produktow
fotogrametrycznych, na potrzeby zbierania danych o przeszkodach lotniczych, bez pomiaru
fotopunktow. Badania przeprowadzono w oparciu o dwie metody. Pierwsza z nich,
prezentujaca klasyczne rozwigzanie nawigacyjne dla metody kodowej SPP z uzyciem
danych nawigacyjnym GPS. Druga metoda, przedstawiajaca algorytm metody SPP
z uzyciem produktéw IGS (tj. efemerydy precyzyjnej EPH, precyzyjnych zegaréw CLK,
formatu IONEX, formatu DCB, formatu ANTEX). Dla tych dwoch metod przeprowadzono
wyrownanie fotogrametrycznego bloku zdje¢ bez pomiaru fotopunktoéw. Na podstawie
otrzymanych wynikéw dokonano analizy dokladnos$ci pozycjonowania BSP oraz

wyrownania bloku zdjec.

W pracy do okreslenia pozycji BSP zastosowano dwie metody, tj. klasyczne
rozwigzanie nawigacyjne dla metody kodowej SPP z uzyciem danych nawigacyjnym GPS
oraz algorytm metody SPP z uzyciem produktéw 1GS. Metoda pozycjonowania kodowego
SPP z uzyciem danych nawigacyjnych GPS z efemerydy poktadowej zostala zrealizowana
W oparciu 0 podstawowe rownanie obserwacyjne [50-51]. Algorytm pozycjonowania z tego
rownania jest klasycznym rozwigzaniem pozycji W metodzie kodowej SPP. Z rownania
wyznaczane sg wspotrzedne BSP w uktadzie geocentrycznym XYZ w postaci parametrow
(X, Y, Z). Algorytm metody pozycjonowania SPP z uzyciem produktéw IGS bazuje na
podstawowym rownaniu obserwacyjnym [52-53], gdzie wyznaczane sg wspotrzedne pozycji
BSP. Algorytm pozycjonowania z tego réwnania jest rozwigzaniem pozycji w metodzie

kodowej SPP, w ktorym zastosowano produkty IGS.
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2.2.2. Wyniki

Badania przeprowadzono na podstawie jednego zestawu danych, ktore pozyskano za
pomocg BSP typu VTOL  WingtraOne. Platforma  wyposazona  byla
W jednoczestotliwosciowy odbiornik GPS, rejestrujacy dane z czestotliwoscig 10 Hz. Nalot
zrealizowano w otoczeniu lotniska Radom-Sadkow. Caly blok testowy skladat sie
z 850 obrazéw potozonych w 35 szeregach, pozyskanych z wysokosci 250 m nad

powierzchnig terenu. Pokrycie poprzeczne 1 podtuzne zdjg¢ wynosito 75%.

Poprawe doktadnos$ci wyznaczenia pozycji bezzalogowego statku powietrznego na
potrzeby zbierania danych o przeszkodach przeprowadzono z wykorzystaniem metody SPP
oraz metody SPP + IGS. Dla tych dwoch metod przeprowadzono wyréwnanie bloku zdjgé
bez pomiaru osnowy fotogrametrycznej. Na podstawie otrzymanych wynikow dokonano
analizy doktadnosci pozycjonowania BSP oraz wyrownania bloku zdje¢. W ramach analizy
uzyskanych wynikéw badan obliczono doktadnosci pozycjonowania BSP. W pierwszej
kolejnosci okreslono btedy pozycji, czyli porownano wyznaczone wspoirzgdne BSP
z pozycja referencyjng lotu obliczong z techniki réznicowej RTK-OTF [54]. W tym celu
btedy pozycji obliczono jak ponizej [55-56]:

XSPP - XRTK

dxX = 2
XIGS - XRTK ( )
Yspp — Yrri

dYy = 3
YIGS - YRTK ( )
ZSPP - ZRTK

dz = 4
Zios — Zrrx “)

gdzie:

(dX,dY,dZ) — btedy pozycji;

(Xspp, Yspp, Zspp) — wspOlrzedne BSP z rownania obserwacyjnego dla metody kodowej
SPP;

Xi6s Yies, Zics) — wspotrzedne BSP z rownania obserwacyjnego dla metody kodowej SPP
z uzyciem produktow IGS;

(Xrrr, Yrrrr ZRTK) — WSpOlrzedne referencyjne lotu BSP z rozwigzania RTK-OTF.
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Rys. 8. Bledy pozycji BSP wzdtuz osi X [opr. wi.]

Na Rys. 8 pokazano btedy pozycji wzdhuz osi X (2) dla reprezentatywnego lotu BSP.
Wartosci btedow pozycji wzdluz osi X dla poréwnania wspotrzednych z rownania dla
klasycznej metody kodowej SPP i techniki RTK-OTF wynosza od -6,5 m do
+8,1 m z wartoscig $rednig rowng -2,1 m. Z kolei bledy pozycji dla rownania dla metody
kodowej SPP z uzyciem produktow IGS dla poroéwnania uzyskanych wspotrzednych
i techniki RTK-OTF wynosza od -1,3 m do +2,8 m z wartoscia srednig réwna -0,1 m. Na
podstawie porownania mozna stwierdzi¢, ze zastosowanie produktéw IGS w metodzie SPP
umozliwilo popraw¢ doktadnosci wyznaczenia pozycji BSP wzdluz osi X o okoto 95%

wzgledem klasycznego rozwigzania SPP.
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Rys. 9. Btedy pozycji wzdtuz osi Y [opr. wi.]
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Na Rys. 9 przedstawiono btedy pozycji wzdtuz osi Y na podstawie rownania (3). Wartosci
btedéw pozycji wzdtuz osi Y dla poréwnania wspotrzednych z réwnania dla klasycznej
metody kodowej SPP i techniki RTK-OTF wynosza od -1,1 m do +0,2 m z warto$cia Srednig
réowng -0,5 m. Z kolei bledy pozycji dla réwnania dla metody kodowej SPP z uzyciem
produktow IGS dla poréwnania uzyskanych wspotrzednych i techniki RTK-OTF wynosza
od -1,0 m do +0,3 m z wartoscig $rednig roéwng -0,3 m. Na podstawie poréwnania mozna
stwierdzi¢, ze zastosowanie produktow IGS w metodzie SPP umozliwilo poprawe
dokladnos$ci wyznaczenia pozycji BSP wzdluz osi Y 040% wzgledem klasycznego

rozwigzania SPP.
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Rys. 10. Btedy pozycji wzdtuz osi Z [opr. wi.]

Na Rys. 10 przedstawiono btedy pozycji wzdtuz osi Z na podstawie rownania (4). Warto$ci
bledow pozycji wzdtuz osi Z dla poréwnania wspotrzednych z rownania dla klasycznej
metody kodowej SPP i techniki RTK-OTF wynoszg od -6,1 m do +5,8 m z warto$cig $rednig
rowng -1,7 m. Z kolei bledy pozycji dla rownania metody kodowej SPP z uzyciem
produktéw IGS dla poréwnania otrzymanych wspotrzednych i techniki RTK-OTF wynosza
od -1,8 m do +1,8 m z wartoscig $rednig rowng -0,3 m. Na podstawie pordwnania mozna
stwierdzi¢, ze zastosowanie produktow IGS w metodzie SPP umozliwito poprawe
doktadnosci wyznaczenia pozycji BSP wzdtuz osi Z o ponad 80% wzgledem klasycznego

rozwigzania SPP.

W aspekcie zbierania danych o przeszkodach lotniczych przy uzyciu
BSP szczegdlnie istotnym elementem jest okre§lenie wypadkowej doktadnosci platformy
w przestrzeni 3D. Na tej podstawie konieczne jest obliczenie parametru doktadno$ci

pozycjonowania BSP w przestrzeni 3D jak zapisano ponizej [57]:
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\/dXI%TK + dYRZTK + dZI%TK

(5)

gdzie:

dS — wypadkowa dokladno$¢ wyznaczenia pozycji BSP i zarazem wektor przesunigcia
wspotrzednych XYZ w przestrzeni 3D pomigdzy rozwigzaniem z rownania dla klasycznej
metody SPP i metody SPP z uzyciem produktow IGS, a pozycja referencyjng lotu z techniki
RTK-OTF.
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Rys. 11. Wypadkowe btedy pozycji w przestrzeni 3D [opr. wi.]

Na Rys. 11 pokazano wyniki wyznaczenia parametru dS dla pozycji BSP. | tak w przypadku
poroéwnania wspotrzgdnych z rownania dla klasycznej metody kodowej SPP i techniki RTK-
OTF wartosci parametru dS wynosza od 0,6 m do 9,9 m z wartoscig $rednig rowng 2,8 m.
Natomiast tak w przypadku poréwnania wspotrzgdnych z rownania dla klasycznej metody
kodowej SPP i techniki RTK-OTF warto$ci parametru dS wynosza od 0,1 m do
3,2 m z wartoscig $rednia rowng 0,9 m. Pordéwnujac uzyskane wyniki parametru
dS stwierdzono, ze zastosowanie produktéw IGS w metodzie SPP umozliwito redukcje

parametru dS o okoto 67% wzgledem klasycznego rozwigzania nawigacyjnego SPP.

Dane obrazowe pozyskane podczas nalotu zostaly opracowane za pomoca
specjalistycznych narzedzi fotogrametrycznych. Dokonano wyréwnania bloku obrazow
pozyskanych z niskiego pulapu w oparciu o algorytm wyrdéwnania metoda niezaleznych
wigzek. Nastepnie zdefiniowano orientacj¢ wewnetrzng obrazéw oraz wprowadzono
przyblizone elementy orientacji zewnetrznej kazdego obrazu. Punkty wigzace
wygenerowano automatycznie z wykorzystaniem strategii cyfrowej korelacji obrazow

opartej na metodzie najmniejszych kwadratow. Wyrownanie bloku przeprowadzono bez
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pomiaru fotopunktow dla dwoch wariantow metody pozycjonowania BSP. Pierwszy wariant
zaktadal pozycjonowanie BSP metodg kodowa SPP, natomiast drugi wariant zaktadat
pozycjonowanie BSP metoda kodowa SPP z uzyciem produktow IGS. Uzyskane wyniki
W pierwszym i drugim wariancie poréwnano na podstawie obliczonych doktadno$ci
elementow liniowych (MXo, MYo, MZo) i katowych orientacji zewnetrznej (Mo, Mo, Mk)
wyrownywanych blokow zdje¢ (Tab. 4).

Tab. 4. Podsumowanie wyréwnania blokow testowych [opr. wi.]

. 1 wariant: wyréwnanie 2 wariant: wyréwnanie . .
Opis bez fotopunktow bez fotopunktow \f’Vyrownlil ne .
(pozycjonowanie SPP) (pozycjonowanie SPP + IGS) z fotopunktami
MXo [m] 3,16 2,31 0,14
MY, [m] 4,08 3,22 0,13
MZy [m] 7,22 1,98 0,17
Mo [°] 0,243 0,215 0,061
Mo [°] 0,211 0,172 0,068
Mk [°] 0,256 0,194 0,078

Na podstawie wynikoéw wyréwnania bloku zdje¢ (Tab. 4) stwierdzono, ze wyrdwnanie
W pierwszym wariancie (pozycjonowanie SPP, bez udziatu fotopunktéw) pozwolilo na
uzyskanie warto$ci odchylen standardowych dla wspotrzednych terenowych $rodkéw
rzutow (Xo, Yo, Zo) na poziomie 3,16-7,22 m, a dla elementow katowych orientacji
zewnetrznej (o, ¢, k) 0,211-0,256°. Dla drugiego wariantu wyrdéwnania (pozycjonowanie
SPP+IGS, bez udziatu fotopunktéw) wartosci odchylen standardowych dla wspotrzednych
terenowych Srodkow rzutow (Xo, Yo, Zo) uksztaltowaly si¢ na poziomie 1,98-3,22 m,
natomiast warto$ci odchylen standardowych dla elementow katowych orientacji zewngtrznej
(o, @, ¥) wyniosta od 0,172-0,215°. Na podstawie poréwnania wariantu pierwszego
i drugiego stwierdzono poprawe wynikOw wyrOwnania w wariancie pozycjonowania
metoda SPP z uzyciem produktow IGS Srednio o 38%. Wyrdownanie bloku zdjgé
z fotopunktami  pozwolito na uzyskanie wartosci odchylen standardowych dla
wspotrzednych terenowych srodkow rzutow (Xo, Yo, Zo) na poziomie 0,13-0,17 m, a dla

elementow katowych orientacji zewnetrznej (o, ¢, k) 0,061-0,078°.
2.2.3. Dyskusja i analiza otrzymanych wynikow

Na podstawie uzyskanych wynikow pozycjonowania BSP przeprowadzonego
dwiema metodami: metoda kodowa SPP oraz algorytmem metody SPP z uZyciem
produktéw IGS dokonano ich poréownania, co umozliwito oceng¢ dokladnosci
pozycjonowania. Wyniki odniesiono do dotychczas prowadzonych badan prezentowanych

w literaturze. Zastosowanie metody pozycjonowania BSP poprzez uzycie algorytmu metody
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SPP z uzyciem produktow IGS pozwolito na znaczne zwigkszenie doktadnosci wyznaczenia
pozycji BSP dla pozyskania danych o przeszkodach lotniczych, wzdtuz osi X 0 95%, wzdtuz
0si Y 0 40%, oraz wzdtuz osi Z o 80%. Wyznaczenie pozycji BSP na podstawie algorytmu
metody SPP z uzyciem produktow IGS pozwolito na zwigkszenie doktadno$ci wyrownania
bloku zdje¢ dla elementéw liniowych orientacji zewngtrznej Srednio o 58% 1 elementow
katowych orientacji zewnetrznej $rednio o 18%. W efekcie, przedstawiona w niniejszej
pracy metodyka zwickszenia doktadnosci pozycjonowania BSP pozwolita na uzyskanie
doktadnosci wyréwnania bloku bez pomiaru punktow osnowy fotogrametrycznej na
poziomie wyzszym niz 3,22 m. Dotychczasowe prace naukowe w tematyce okreslenia
pozycji BSP dla jednoczestotliwosciowego odbiornika GPS, w wigkszosci wskazywaty na
konieczno$¢ zaktadania i pomiaru osnowy fotogrametrycznej na obszarze opracowania,
w celu zwigkszenia doktadnoséci generowanych produktow fotogrametrycznych [11-13].
W badaniach, szczegdlng uwage zwracano na wplyw liczby fotopunktow i ich
rozmieszczenia na calym obszarze opracowania [14-17, 58]. Wiele wynikéw badan jest
niejednoznacznych w tej kwestii, dlatego temat zwigzany z doktadnoscia okreslenia pozycji
BSP, a w efekcie dokladnoscig generowanych produktéw fotogrametrycznych wcigz
ewoluuje. Shahbazi i in. [17] w swoich badaniach pokazuja mozliwos¢ osiagnigcia wysokiej
doktadnosci wyrdwnania bloku pozyskanego z BSP wyposazonego w odbiornik GPS.
Wyniki eksperymentu badawczego przedstawione w pracy Himanshu i in. [59] pokazaty
podniesienie doktadno$ci wyznaczenia pozycji BSP metoda rozwigzania SPP wzbogacona
o filtr Kalmana, gdzie uzyskano wyniki okreslenia pozycji BSP z doktadnos$cig wyzszg niz
10 m. W artykule Angrisano i in. [60] zaprezentowano podwyzszenie doktadnosci metody
absolutnej pozycjonowania BSP, opierajac algorytm wyznaczenia pozycji na modelu
sredniej wazonej. Dzigki czemu, mimo trudnego do pomiaru obszaru miejskiego uzyskano

doktadno$¢ pozioma ponizej 10 m.

Podsumowujac gtownym celem badan w drugiej publikacji z cyklu byto opracowanie
metody zwigkszenia doktadno$ci pozycjonowania BSP na podstawie algorytmu metody
SPP z uzyciem produktow IGS, a posrednio dzigki opracowanej metodzie, doktadnos$ci
produktow fotogrametrycznych. Badania przeprowadzono w oparciu o dwie metody.
Pierwsza z nich, prezentujaca klasyczne rozwigzanie nawigacyjne dla metody kodowej
SPP z uzyciem danych nawigacyjnym GPS. Druga metoda, przedstawiajaca algorytm
metody SPP z uzyciem produktow IGS (tj. efemerydy precyzyjnej, precyzyjnych zegaréw,
formatu IONEX, formatu DCB, formatu ANTEX). Dla tych dwoch metod przeprowadzono
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wyrownanie fotogrametrycznego bloku zdje¢ bez pomiaru fotopunktéw. Na podstawie
przeprowadzonych badan stwierdzono, ze zastosowanie algorytmu metody
pozycjonowania absolutnego SPP z uzyciem produktow IGS pozwolilo na zwigkszenie
dokladnosci wyznaczenia pozycji bezzalogowego statku powietrznego dla

pozyskiwania danych o przeszkodach lotniczych.
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2.3. METODYKA DETEKCJI | KLASYFIKACJI WYBRANYCH PRZESZKOD
LOTNICZYCH NA PODSTAWIE GESTEGO DOPASOWANIA OBRAZOW
BSP [Publikacja 3]

2.3.1. Metodyka detekcji przeszkod lotniczych o wydluzonym ksztalcie

W trzeciej publikacji przedstawiono rezultaty badan, ktorych celem bylo
opracowanie metody detekcji przeszkod lotniczych o charakterystycznym wydluzonym
ksztalcie, zlokalizowanych w bliskim otoczeniu lotniska. Badania przeprowadzono
W oparciu o modyfikacje algorytmu RANSAC 1 autorski algorytm klasyfikacji przeszkod
lotniczych na podstawie chmury punktow (Rys. 12). Etap pierwszy detekcji obiektow
stanowila automatyczna filtracja chmury punktow, gdzie jako kryterium filtracji przyjeto
wysokos$ci przeszkod lotniczych, przebijajacych powierzchnie ograniczajace przeszkody.
Nastepnie przeprowadzono segmentacje chmury punktow stanowigcych przeszkody
lotnicze przy wykorzystaniu zmodyfikowanego algorytmu RANSAC. W koncowym etapie
detekcji zastosowano nowy algorytm klasyfikacji chmury punktéw, majacy na celu
okreslenie rodzaju przeszkody lotniczej. Jako kryterium przyjeto stosunek wysoko$ci

obiektu do jego szeroko$ci i zalezno$ci geometryczne obiektu w przekroju porzecznym.

Zdjecia
ESF
Fotopunkty
Orientacja zdjec

Chmura punktow
o= a1

Filtracja chmury : H, =z Ha2

punictéw Hg = Haz
Chmura punktow

| przeszkod lotniczych

v e mmmmmmmmmmmmmmmmm e ——— -

r(Kryterium przeszkody lotniczej —aJ

H. = H.

Howokeyterium Segmentacja chmury punktéw
i {RANSAC + dane wektorowsa)

Przekrdj poprzeczny :=
przeszkody lotniczej v

| Klasyfikacja chmury
punktow

Chmura punktow przesziod
lotniczych

Rys. 12. Schemat detekcji przeszkod lotniczych [opr. wi.]
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Opracowana metoda detekcji przeszkod lotniczych opierata sie na filtracji nieprzetworzonej
chmury punktow, ktora miata na celu wskazanie punktoéw, ktore mogg stanowi¢ element
przeszkody lotniczej. Filtracj¢ chmury punktow realizowano w otoczeniu lotniska dla
obszaru zawierajgcego si¢ w powierzchni ograniczajacej przeszkody, zwanej powierzchnig
podejscia. Zasadniczym celem filtracji punktow byto automatyczne wykrycie punktow,
ktore przecinaly ptaszczyzne powierzchni podejs$cia. Zastosowanie kryterium wysokosci

pozwolilo na wykrycie punktéw, ktore moga naleze¢ do przeszkod lotniczych (Rys. 13).

Zdefimowanie plaszezyzny
m przechodzace) przez trzy
punkty Py(x;yp/;) powierzehni podejscia

Y

Y
Filtracja chmury punktow
w powierzchni podejécia

3ezesc 5

_ 2 czeét .. .. 2czei¢ 3 czesd
/ — 1 czesc 1 czese —
RPN \\ ................... JE— i ......
i - ! -
v HpzHgo H,zHgp v HyzHgz
. [ |. ......
\ A

Chmura punktow
przeszkod lotniczych

Rys. 13. Schemat filtracji chmury punktow [opr. wi.]

Pierwszy etap filtracji chmury punktéw polegal na zdefiniowaniu ptaszczyzny, ktora bedzie
jednoznacznie identyfikowala punkty nalezace do powierzchni podejscia. W tym celu
wykorzystano rownanie ptaszczyzny m (6) przechodzacej przez trzy punkty. Kazde trzy
niewspotliniowe punkty Pi(xi, yi, hi), gdzie i = 1, 2, 3, wyznaczajg doktadnie jedng
ptaszczyzne 1, ktora jg zawiera. ROwnanie tej ptaszczyzny ma postaé [61]:

X —x1 Yy—y1 h—h

m|x —x, y—y, h—hy =0 (6)
X —x3 y—Yy3 h—hs

gdzie:
X, ¥, h — parametry rbwnania ptaszczyzny T;
X1-3, Y1-3, h1.3— wspotrzedne trzech punktow nie wspotliniowych.
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Jako punkt P1(x1, y1, h1) oraz punkt P2(x2, 2, h2) przyjeto skrajne punkty, bedace poczatkiem
powierzchni podejscia (Rys. 14). Jako punkt P3(x3, Y3, h3) przyjeto punkt lezacy na koncu
powierzchni podejscia, przechodzacy przez o$ drogi startowej w odlegtosci D od krawedzi

pasa drogi startowej.

POWIERZCHNIA OGRANICZAJACA PRZESZKODY - POWIERZCHNIA PODEJSCIA

Profil podhiny

Prtxy, yn )

Pafxa vs ha)

b4 Punkt
________ Wysokosé nad terenem
Poziom odniesienia
——  Plaszezyzna powierzchni podejscia
——  Zabezpieczenie wydluzonego startu

= Pas drogi startowej
Rys. 14. Powierzchnia podejscia — profil podtuzny [opr. wi.]

Po zdefiniowaniu ptaszczyzn m powierzchni podejscia, przefiltrowano chmurg punktéw,
przyjmujac za gtowne kryterium filtracji wysokosci punktéw (H). Obiekt w przestrzeni
powietrznej znajdujacy sie w powierzchni podejscia posiada okreslong wysoko$¢ (Ho). Jesli
Ho bedzie réwna badz wigksza od wysokosci powierzchni podejscia wtedy obiekt uznawany

jest za przeszkode lotniczg (Rys. 15).

POWIERZCHNIA OGRANICZAJACA PRZESZKODY - POWIERZCHNIA PODEJSCIA

-~ Wysoko$¢ nad terenem \

Poziom odniesienia

Widok z gory

Plaszezyzna powierzchni podejscia

= Zabezpieczeme wydhizonego startu

Pas drogi startowej
Profil podhuzny g,

1 - Hat - ! !
i 28 \\ / H :
i -l — A i

Ds ) D: ‘ D,

Rys. 15. Powierzchnia ograniczajaca przeszkody — powierzchnia podejscia (rzut z gory i przekroj
poprzeczny) [opr. wit.]

Dla pierwszej czgsci powierzchni podejécia obiekt bedzie przeszkoda jesli [62]:
Hy = Hgy ()
gdzie:

Ho — wysokos¢ przeszkody lotniczej;
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Ha1 — wysoko$¢ powierzchni podejscia dla pierwszej ptaszczyzny.
Wysokos¢ pierwszej czesci powierzchni podejscia obliczono na podstawie nastepujacego

wzoru [62]:

Hgy = Di-i + Hpye 8
gdzie:
Di — odlegtos¢ od pasa drogi startowej;
| — spadek;
Hinit — wysoko$¢ n. p. m. na koncu pasa drogi startowe;.

Dla drugiej czgséci powierzchni podejécia obiekt bedzie przeszkoda jesli [62]:

Hy, = Hgp ©)
gdzie:
Ho — wysokos¢ przeszkody lotniczej;
Ha2 — wysoko$¢ powierzchni podejscia dla drugiej ptaszczyzny.

Wysokos$¢ powierzchni podejécia obliczono na podstawie nastgpujacego wzoru [62]:

Hypp = Diti + Hyy (10)
gdzie:
Di — odlegtos¢ od pasa drogi startowe;;
| — spadek;
Hinit — wysokos¢ n. p. m. na koncu pasa drogi startowe;.

Dla trzeciej ptaszczyzny podejscia obiekt bedzie przeszkoda jesli [62]:

H, > Hgs (11)

gdzie:
Ho — wysokos¢ przeszkody lotniczej;
Has — wysoko$¢ powierzchni podejscia dla trzeciej ptaszczyzny.
Wysokos¢ trzeciej plaszczyzny powierzchni podejscia, ktora jest powierzchnig pozioma jest
rowna maksymalnej wysokosci drugiej ptaszczyzny i jest stata [62].

H,3 = constans (12)
gdzie:
Has— wysoko$¢ powierzchni podejscia dla trzeciej ptaszczyzny.
Punkty powyzej wyznaczonych ptaszczyzn zostaty sklasyfikowane jako punkty stanowigce

przeszkode lotnicza.
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Drugag cz¢s¢ metody stanowita ekstrakcja plaskich cech przy uzyciu
zmodyfikowanego algorytmu RANSAC, dzialajagcego na punktach nienaziemnych
sklasyfikowanych w poprzednim kroku. Modyfikacja algorytmu RANSAC polegata na
dodaniu nowego parametru danych wektorowych, definiujacego ksztalt i atrybuty obiektow
(przeszkdd lotniczych). Proces ten rozpoczat si¢ od implementacji danych wektorowych
0 obiektach 2D na podstawie ortofotomapy. Atrybuty obiektow 2D zostaly bezposrednio
wczytane do segmentowanych chmur punktéw. Znajomos$¢ geometrii badanych obiektow
umozliwita precyzyjne dopasowanie chmury punktéw do bazy danych o przeszkodach
lotniczych i1 zapisanie atrybutow z warstwy 2D do struktury kazdej segmentowanej chmury
punktow. Etap inicjalizacji polegat na wyborze w sposéb losowy minimalnego zbioru
punktéw, niezbednego do jednoznacznego wyznaczenia parametrow estymowanego modelu
geometrycznego. Jest to najmniejsza liczba k danych niezbednych do jednoznacznego
zdefiniowania zatozonego modelu geometrycznego. W przypadku ekstrakcji plaszczyzn,
minimalny zbiér sktada si¢ z trzech punktéw. Realizacja algorytmu rozpoczyna si¢ od
wylosowania wstepnie ustalonej liczby Titer Minimalnych zbiorow st (13) [31], ktora

w trakcie algorytmu jest sukcesywnie modyfikowana [31].

st E{Sc P|S|=k} > M, (13)
gdzie:
St — minimalne zbiory punktow;
S — ptaszczyzna;
P — zbi6r punktow;
k — liczba danych;
M: — model ptaszczyzny przechodzacej przez trzy punkty.
W dalszej kolejnosci dla kazdego ze zbioréw obliczane sa parametry modelu
Mt (w rozpatrywanym przypadku modelem jest ptaszczyzna przechodzaca przez trzy
punkty). Zidentyfikowany model stanowi hipoteze, ktora podlega sprawdzeniu w nastepnym
kroku — tescie. Etap testu wymaga ustalenia warto$ci parametru mg, okreslajacego
maksymalng odleglo$¢ testowanego punktu od hipotetycznego modelu. Jezeli punkt spetnia
kryterium odleglosci, dodany zostaje do tzw. zbioru CS (ang. Consensus Set). W tej pracy

zbidr sklada si¢ z danych, ktore uznane zostaty za nalezace do rozpatrywanej ptaszczyzny
[31]:

CS; € {p € P, dM;, p)} < my (14)
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d(M;, p) (15)
gdzie:
CSt — minimalne zbiory punktow;
p — punkt;
P — zbidr punktow;
d — odleglos¢ punktu od zatozonego modelu;
mg — maksymalng odlegtos¢ testowanego punktu od hipotetycznego modelu;
Mi — zalozony model ptaszczyzny przechodzacej przez trzy punkty.
Po wykonaniu testu (14) dla wszystkich danych, wybrany jest kolejny zbiér minimalny
I W oparciu o niego powtdrzona zostaje sekwencja dwoch krokoéw — hipotezy i testu.
W przypadku znalezienia zbioru CS, zawierajacego wigkszg liczbe punktow od
poprzedniego, dotychczasowy zbior zastgpiony zostaje liczniejszym i zmodyfikowana
zostaje warto$¢ Titer (liczba probek zbiorow minimalnych). Po skonczonej identyfikacji
pierwszej plaszczyzny opisany proces zostaje powtorzony z wylaczeniem punktow do niej
zakwalifikowanych. Identyfikacja kolejnych plaszczyzn zostaje zakonczona, gdy liczba

punktéw niedodanych do zadnej z nich jest mniejsza od zalozonej wartosci progowej trest.

Ostatnig czg$¢ opracowanej metody detekcji stanowita klasyfikacja chmury
punktéw, majaca na celu selekcjg¢ przeszkod lotniczych reprezentujacych grupe przeszkod
0 wydhuizonym ksztalcie. Jako pierwsze kryterium klasyfikacji przyjeto wysokos$¢ obiektow
okreslong na podstawie chmur punktow. Drugie kryterium klasyfikacyjne bazowalo na

wlasnosciach geometrycznych obiektow tworzonych przez chmury punktow (Rys. 16).
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Chmura punktéw

Klasyfikacja chmury

punktow
Typ przeszkody Typ przeszkody
lotniczej lotniczej
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Chmura punktéw przeszkod
lotniczych o regularnym przekroju

Rys. 16. Proces klasyfikacji przeszkod lotniczych [opr. wi.]

Przyjeto, ze dla obiektow nalezacych do grupy przeszkdd: masztow, turbin wiatrowych,
kominow, wiez, stupow energetycznych i wiezowcow, stosunek szerokosci Wo obiektu do
jego wysokosci Ho [63] powinien zawiera¢ si¢ w nastepujacym przedziale [62]:

1

<
10

<

E|°§
[N e

o

(16)

gdzie:

Wo — szeroko$¢ przeszkody;

Ho — wysokos¢ przeszkody.

Dla przeszkdd lotniczych nalezacych do grupy budynkoéw stosunek szerokosci Wo obiektu
do jego wysokosci Ho powinien zawierac si¢ w przedziale [62]:

w, - 1 17
H, — 2
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gdzie:

Wo — szeroko$¢ przeszkody;

Ho — wysokos¢ przeszkody.

Przyporzadkowane do odpowiednich grup przeszkdd chmury punktéw poddano klasyfikacji
z uwzglednieniem ich przekroju poprzecznego. W tym celu dla kazdego obiektu
wyznaczono jego centroid Si, obliczajac jego wspotrzgdne (Xs,Yys) na podstawie

nastepujacych wzorow [64]:

XX
Xs = (18)
yg = Zn:Vi (19)

gdzie:

Xs, Ys— wspotrzedne X, y centroidu;

Xi, Yi— wspolrzedne X, y punktu w chmurze punktow,

n — liczba punktéw w chmurze punktow badanego obiektu.

Badane obiekty sklasyfikowano na podstawie odlegtosci di (Rys. 17a, 17b) kazdego punktu

chmury punktéw od centroidu S; obiektu.

.-‘

.
® "‘-. [ F i)
.:-.'a‘.-'.-

(@) (b)

Rys. 17. Przekr6j poprzeczny przeszkody lotniczej: (a) w ksztalcie kota, (b) w ksztatcie wieloboku [opr. wi.]

Na podstawie odlegtosci punktow skrajnych chmury punktow, stanowigcych krawedz
obiektu, zdefiniowano grupe obiektéw o przekroju regularnym i o przekroju nieregularnym.
Dla obiektéw o przekroju regularnym przyjeto, ze jezeli odlegto$¢ od punktéw skrajnych
chmury punktow stanowigcych krawedz obiektu jest stata, wtedy obiekty kwalifikowano do
obiektow 0 przekroju poprzecznym w ksztalcie kota (Rys. 17a). Natomiast jezeli odlegtos¢
od punktow skrajnych chmury punktéw stanowigcych krawedz obiektu nie byta stata, wtedy
obiekty kwalifikowano do tych, ktorych przekroj stanowit wielobok (Rys. 17b). Wobec

powyzszego obiekty z grupy kominoéw, wiez, budynkoéw 1 wiezowcow kwalifikowano jako
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obiekty o regularnym przekroju. Do obiektow o przekroju o nieregularnym ksztalcie
zaliczono maszty, turbiny wiatrowe i stupy energetyczne. Do dalszych badan wykorzystano

obiekty sklasyfikowane jako obiekty o regularnym przekroju.
2.3.2. Wyniki

Badania opisane w publikacji trzeciej przeprowadzono w bliskim otoczeniu lotniska
Lask. Dane obrazowe pozyskano za pomocg BSP Trimble UX-5. Platforma wyposazona
byta w jednoczestotliwosciowy odbiornik GPS, rejestrujgcy dane z czestotliwoscig 10 Hz.
W sktad kampanii pomiarowej wchodzitlo 30 blokow testowych, gdzie na kazdy blok
sktadato si¢ $rednio okoto 600 obrazow. Dane pozyskano z wysokosci 250 m nad
powierzchnig terenu. Naloty wykonano w kierunku wschod — zachdd, przy zatozeniu, ze
pokrycie poprzeczne i podluzne wynosi 75%. Na obszarze opracowania zaprojektowano
I pomierzono sygnalizowane fotopunkty. Wszystkie punkty zostaly pomierzone
z wykorzystaniem techniki RTK z uzyciem obserwacji GNSS. Wspotrzedne terenowe

fotopunktow zostaly wyznaczone z btedem srednim mx v,z = +0,03 m.

Na podstawie zdje¢ pozyskanych z niskiego putapu wygenerowano gesta chmure
punktéw na podstawie, ktorej przeprowadzono detekcje przeszkod lotniczych i okreslono
ich cechy geometryczne. Autorska metoda detekcji przeszkod lotniczych skladata sig
Z trzech zasadniczych etapow. Pierwszy z nich, to filtracja chmury punktow na podstawie
wysokosci — wstepna identyfikacja przeszkdd lotniczych, nastgpnie segmentacja chmury
punktow 3D z wykorzystaniem zmodyfikowanego algorytmu RANSAC, uzupetnionego
0 dwuwymiarowe dane wektorowe przeszkod lotniczych w celu zwigkszenia doktadnosci
procesu segmentacji. Ostatni etap to klasyfikacja przeszkod lotniczych wg przyjetego

kryterium wysokosci i przekroju poprzecznego.

Doktadno$¢ wpasowania chmury punktow zbadano na podstawie danych
referencyjnych zawartych w bazie eTOD. Okre$lenie doktadno$ci wpasowania chmury
punktow przeprowadzono na podstawie wpasowania w ptaszczyzne pozioma (wspotrzedne
X, Y) oraz wpasowanie w plaszczyzne pionowa (wspotrzedna Z). W tym celu obliczono:
parametr dx jako roéznice pomigdzy otrzymang wspotrzedng X, a wspotrzedng referencyjng
Xref, parametr dy jako roznicg pomigdzy otrzymang wspotrzedng Y, a wspotrzedng
referencyjng Yrer Oraz parametr dz jako roznice pomigdzy otrzymang wspotrzedng Z,
a wspotrzedna referencyjng Zrer. Analize doktadnosci przeprowadzono dla osmiu wykrytych

przeszkod lotniczych (Tab. 5).
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Tab. 5. Warto$ci statystyczne charakteryzujgce doktadno$¢ wpasowania chmury punktow

[opr. wi]

Przeszkoda lotnicza Parametr dx [m] Parametr dy [m] Parametr dz [m]
Komin przemystowy 1 0,02 0,03 0,03
Komin przemystowy 2 0,03 0,01 0,04
Komin przemystowy 3 0,02 0,02 0,02

Budynek 1 0,04 0,03 0,03
Budynek 2 0,05 0,04 0,02
Budynek 3 0,03 0,02 0,04
Budynek 4 0,02 0,05 0,04
Wieza ci$nien 0,02 0,03 0,03

Na podstawie otrzymanych wynikoéw (Tab. 5) wpasowania chmury punktéw stwierdzono,
ze rdznica pomigdzy obliczong wartoscig wspotrzednej X, a wartoscig referencyjng miescita
si¢ w przedziale 0,02-0,05 m. Roznica ta dla wspotrzednej Y miescita sie¢ w przedziale 0,01-
0,05 m. Natomiast réznica dla wspotrzednej Z miescita si¢ w przedziale 0,02-0,04 m.
Uzyskane wyniki pozwalaja potwierdzi¢ skuteczno$¢ opracowanej metody detekcji
przeszkod lotniczych o wydluzonym ksztalcie z maksymalng réznica pomigdzy
otrzymanymi wspotrzgdnymi poziomymi (X, Y), a wspolrzgdnymi referencyjnymi
wynoszaca 0,05 m, a dla wspotrzednej pionowej (Z) 0,04 m.

2.3.3. Dyskusja i analiza otrzymanych wynikéw

Na podstawie wynikow detekcji przeszkod lotniczych o wydluzonym ksztalcie
dokonano oceny jej doktadnosci. W tym celu uzyskane wspotrzedne (X, Y, Z) wykrytych
przeszkod lotniczych poréwnano ze wspotrzednymi zawartymi w bazie eTOD. Wyniki
odniesiono do aktualnego stanu wiedzy w zakresie wykrywania przeszkod lotniczych.
Metoda detekcji przeszkod lotniczych o charakterystycznym wydhuzonym ksztatcie,
zlokalizowanych w bliskim otoczeniu lotniska, bazujaca na modyfikacji algorytmu
RANSAC i autorskim algorytmie klasyfikacji przeszkod lotniczych na podstawie chmury
punktéw pozwolita na ich prawidlowe wykrycie. Dla wykrytych przeszkod lotniczych
0 wydluzonym ksztalcie uzyskano maksymalng roznice pomiedzy otrzymanymi
wspotrzednymi (X, Y, Z), a wspotrzednymi referencyjnymi wynoszaca 0,05 m. Uzyskane
wyniki potwierdzily wczes$niej wystepujace w literaturze wnioski, ze algorytm RANSAC
jest metodg wystarczajacg do badania obiektow nieskomplikowanych geometrycznie [31].
Pomimo tych ograniczen, przedstawiona metoda zapewnia wymagang doktadnosé
wykrywania przeszkod lotniczych w plaszczyznie poziomej 5 m i plaszczyznie pionowej

3m, biorgc pod uwagg strefe 2b zbierania danych o przeszkodach lotniczych [5, 7].
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W badaniach Mitsevich [65] uzyskano doktadnos¢ wyznaczania przeszkod lotniczych na
poziomie od 0,30 m do 0,50 m, gdzie do detekcji przeszkod lotniczych zastosowano
trojwymiarowe modele wektorowe zintegrowane z danymi satelitarnymi. Pomimo
uzyskania zadowalajacych wynikoéw, przedstawiona metoda posiada pewne ograniczenia.
Pierwszym ograniczeniem proponowanej metody, jak rowniez innych podobnych
algorytméw bazujacych na wartosciach statystycznych obrazu jest to, ze moze nie dziata¢
na niektorych konkretnych przyktadach obrazow np. pozyskanych w bardzo ztych
warunkach atmosferycznych. W przypadku, gdy tylko czg¢s¢ obiektu widocznego na obrazie
bedzie przestoni¢ta silng mgly zastosowanie algorytmu spowoduje negatywne zaburzenie
odwzorowania barw na obrazie, a w konsekwencji zdegraduje jako$¢ spektralng obrazu.
Kolejne ograniczenie wynikato z zawezenia badan do przeszkdd lotniczych, ktore stanowity
obiekty wydtuzone. Opracowana metoda znajduje zastosowanie przy badaniu obiektow, do

ktoérych moga naleze¢ kominy przemystowe, wiezowce itp.

Reasumujac gtownym celem badan w niniejszej publikacji byto opracowanie metody
detekcji  przeszkod lotniczych o  charakterystycznym  wydluzonym  ksztalcie,
zlokalizowanych w bliskim otoczeniu lotniska. Badania przeprowadzono w oparciu
0 modyfikacj¢ algorytmu RANSAC 1 autorski algorytm klasyfikacji przeszkod lotniczych
na podstawie chmury punktow. Pierwszy etap opierat si¢ na automatycznej filtracji chmury
punktow, prowadzonej na podstawie wysokosci przeszkod lotniczych przebijajacych
powierzchni¢ ograniczajaca przeszkody. Nastepnie przeprowadzono segmentacje chmury
punktow stanowigcych przeszkody lotnicze, przy wykorzystaniu zmodyfikowanego
algorytmu RANSAC. W koncowym etapie detekcji zastosowano nowy algorytm
klasyfikacji chmury punktéw, majacy na celu okreslenie rodzaju przeszkody lotniczej. Jako
kryterium przyjeto stosunek wysokosci obiektu do jego szeroko$ci 1 zaleznosci
geometryczne obiektu w przekroju porzecznym. Zastosowanie nowatorskiego podejscia do
wykrywania przeszkdd lotniczych na podstawie chmury punktow 3D, poprzez modyfikacje
algorytmu RANSAC w potaczeniu z algorytmem klasyfikacji oraz filtracji chmury punktow
pozwolilo na wykrycie przeszkod lotniczych o charakterystycznym, wydtuzonym ksztatcie
w bliskim otoczeniu lotniska. Na podstawie przeprowadzonych badan stwierdzono, ze
segmentacja chmur punktéw zmodyfikowanym algorytmem RANSAC poprzez
zastosowanie odpowiedniej filtracji i segmentacji gestej chmury punktow pozwolila na
wykrycie przeszkéd lotniczych z dokladnoscia zgodng z przepisami EUROCONTROL
i ICAO.
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2.4. AUTOMATYCZNE WYKRYWANIE NIETYPOWYCH PRZESZKOD
LOTNICZYCH NA PODSTAWIE OBRAZOW V/ BSP
ZWYKORZYSTANIEM ALGORYTMU YOLO [Publikacja 4]

2.4.1. Metodyka automatycznej detekcja i klasyfikacja nietypowych

przeszkod lotniczych

W czwartej publikacji przedstawiono wyniki badan, ktorych celem byto opracowanie
metody automatycznej detekcji i klasyfikacji nietypowych przeszkod lotniczych na
podstawie danych pozyskanych z BSP. W badaniach wykorzystano nowe podejscie do
wykrywania obiektow, opierajace si¢ na fuzji algorytmu YOLOV3 do detekcji na obrazie
I autorskiego algorytmu klasyfikacji chmury punktow (Rys. 18). Potaczenie danych
obrazowych i chmury punktéw stanowito podstawe do wykrycia przeszkod lotniczych

i okreslenia jej wysokosci.

W niniejszej pracy do badan zastosowano ortofotomap¢ oraz chmur¢ punktow
powstate w wyniku przetworzenia danych pozyskanych z niskiego putapu. Ortofotomapa
stanowita baze do wykrycia nietypowych przeszkod lotniczych na obrazie, prowadzonego
przy pomocy algorytmu YOLOV3, ktéry bazuje na splotowej sieci neuronowej CNN. Na
podstawie wykrytych obiektow na ortofotomapie wyznaczono ich wspoélrzedne (X, V)
centroidu Ci. Na podstawie tych wspotrzednych, wyznaczono obiekty w chmurze punktow.
W dalszej czesci badan zdefiniowano strefe 2b zbierania danych o przeszkodach, na
podstawie ktorej okreslono, ktore z wykrytych obiektow przebijaja powierzchnie stref 1 tym
samym biorg udzial w nastepnym etapie badan. W tym celu wyznaczono wysokos$ci
nietypowych przeszkod lotniczych na podstawie chmury punktéw. Wysokos$ci okreslono na
podstawie algorytmu, zaktadajacego iteracyjne przeszukiwanie chmury punktoéw wzgledem
wyznaczonego centroidu przeszkody lotniczej. Wykryte przeszkody lotnicze poddano
klasyfikacji. Jako ceche charakterystyczng definiujacg przeszkode nietypowsa przyjeto ich
wysmukly ksztalt oraz nieregularny przekro6j poprzeczny. Analize doktadnos$ci opracowane;j
metody wykonano na podstawie przeprowadzonych eksperymentow i danych
0 przeszkodach lotniczych zawartych w eTOD oraz w suplementach, zawierajacych

informacje o tymczasowych przeszkodach lotniczych w otoczeniu lotnisk.
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Rys. 18. Schemat detekcji nietypowych przeszkod lotniczych [opr. wi.]

Detekcje nietypowych przeszkod lotniczych oparta na analizie obrazu wykonano przy
wykorzystaniu algorytmu YOLOv3. W wyniku opracowania danych pozyskanych
z BSP wygenerowano ortofotomape, ktora stata si¢ zrédlem danych do utworzenia zbioru
danych o nietypowych przeszkodach lotniczych. Algorytm YOLOv3 wykryte na obrazach
obiekty oznaczal obwiedniami (ramkami granicznymi). Sie¢ YOLO zostala
zoptymalizowana i przeszkolona na opracowanych zbiorach danych, po czym dokonano
sprawdzenia skutecznosci wykrywania obiektow. Wykrycie tymczasowych przeszkod
lotniczych przy wykorzystaniu algorytmu YOLOv3 pozwolito na okreslenie wspotrzednych
(%, y) centroidu C; kazdej przeszkody. Okreslenie wspotrzednych centroidu dla przeszkody,
ktéra w przekroju poprzecznym byla nieprzecinajacym si¢ wielokatem zdefiniowanym
przez N wierzchotkow (Xo, Yo), (X1, Y1),--., (Xn-1, Yn-1) jest punktem (Cy, Cy), obliczono wg

ponizszego Wzoru [66]:

n—-1
1
Cx = @Z("i + Xi41) (XiYit1 = Xiv1Yi) (20)
i=0
1 n-1
Cy = az(yi + Vit 1) KiYis1 = Xi41Yi) 1)
i=0

gdzie:

Xi, Vi — wspoltrzedne X, y wierzchotkow wielokata;
A — obszar podpisany wielokata;

C(x, y) — centroid wielokata.

Obszar podpisany wielokata obliczono wg wzoru [66]:
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n-1
1
A= EZ(xi = Xi+1Yi) (22)
=0

gdzie:

Xi, Yi — wspotrzedne X, y wierzchotkdéw wielokata.

Wspoétrzedne (X, y) centroidu Ci przeszkdd, ktore w przekroju sa elipsa ze skrajnymi
punktami Ai, Bi o znanych wspotrzednych (X, y), obliczono wg ponizszego wzoru [67]:

XgtXp Yat s

C: =
L(Z'Z

) (23)
gdzie:

Xa, Ya — wspoétrzedne X, y skrajnego punktu elipsy A,

X8, Y8 — wspotrzedne X, y skrajnego punktu elipsy B.

Wyznaczenie wspotrzednych centroidu kazdej z wykrytych przeszkod byto kluczowe dla
kolejnego etapu badan, czyli wyznaczenia wysokosci przeszkod lotniczych. Okreslenie
wysokosci Hmax przeszkody nietypowej polegato na iteracyjnym przeszukiwaniu chmury
punktow w celu wykrycia najwyzszego punktu nalezacego do badanego obiektu.
Przedmiotem badan byty nietypowe przeszkody lotnicze, do ktorych zakwalifikowano m. in.
dzwig budowlany, turbiny wiatrowe i slupy energetyczne. Aby okresli¢ wysokos$¢ dzwigu
budowlanego, wykorzystano dane na temat centroidu przeszkody C(X, y) oraz okreslono

maksymalny promien r zasiggu wysiggnika (Rys. 19).

C(x! s Hmax)

C(x,y, Ho)

Rys. 19. Wyznaczenie centroidu wykrytej przeszkody [opr. wt.]
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Do zdefiniowania warto$ci maksymalnej promienia r postuzono si¢ danymi okreslajgcymi
parametry techniczne tego typu obiektow. Etap poczatkowy przeszukiwania chmury
punktéw stanowito okreslenie wysokosci poczatkowej Ho chmury punktéw. Dla centroidu
przeszkody Cj o znanych wspotrzednych (X, y), zdefiniowano ptaszczyzng Si 0 promieniu r.
Realizacje algorytmu (iteracja i = 1) rozpoczeto od przeszukiwania ptaszczyzny S; dla
wysokosci Ho. Odnalezione punkty A chmury punktéw nalezaty do zbioru danych B chmury
punktow przeszkody tymczasowej. Kolejny etap (i = 2) wykonano w odleglosci
I=Ho+0,10m. Kazda kolejna iteracja wykonywana byla dla plaszczyzny
Si 00,10 mwyzej od poprzedniej. Poszukiwanie wysokosci realizowano do momentu

odnalezienia ostatniego punktu zawierajacego si¢ w zbiorze chmury punktow B [68]:

Hpar = A €B,B >1 (24)
gdzie:
Hmax — wysoko$¢ przeszkody lotnicze;j;
A — wyszukane punkty chmury punktows;
B — zbidr punktow chmury punktéw przeszkody lotnicze;j.
Wyznaczenie wysokosci dla pozostatych typéw przeszkéd (turbiny wiatrowe, stupy
energetyczne, maszty) wykonano analogicznie jak w przypadku okreslenia wysokos$ci
dzwigu budowlanego. Wykorzystano wspotrzedne (X, y) centroidu C przeszkody oraz
promien I zasiegu badanej przeszkody (Rys. 20). Do zdefiniowania wartosci promienia
I postuzono si¢ maksymalnymi parametrami technicznymi danego typu obiektu. W dalszym
etapie wykonywano iteracyjne przeszukiwanie chmury punktow w celu okreslenia

wysokosci przeszkdd Hmax.

r
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Rys. 20. Wyznaczenie wysoko$ci wykrytej przeszkody: (a) stup energetycznych,
(b) turbina wiatrowa, (c) maszt [opr. wi.]
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Klasyfikacja chmury punktoéw miata na celu detekcje przeszkod lotniczych, nalezacych do
grupy przeszkoéd nietypowych. Schemat postepowania klasyfikacyjnego zaprezentowano
ponizej (Rys. 21). Jako cechg¢ charakterystyczng definiujaca przeszkode nietypowa przyjeto
ich wysmuktly ksztalt oraz nieregularny przekrdj poprzeczny. Za pierwsze kryterium
klasyfikacji przyjeto wysokos¢ obiektow okreslong na podstawie chmury punktow. Drugie
kryterium klasyfikacyjne bazowato na zaleznosci rozmieszczenia punktow chmury punktow

wzgledem centroidu Cj badanego obiektu.
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Rys. 21. Schemat klasyfikacji chmury punktow [opr. wi.]

Przyjeto, ze dla obiektow nalezacych do grupy przeszkéd wysmuktych stosunek szerokosci

W obiektu do jego wysokosci H powinien spetnia¢ warunek [69]:

ul|

= (25)

Tl =

gdzie:

w — szeroko$¢ przeszkody lotniczej;

H — wysokos$¢ przeszkody lotnicze;.

Nastepnie przyporzadkowane do odpowiednich grup przeszkod, chmury punktow poddano
klasyfikacji z uwzglednieniem ich przekroju poprzecznego, gdzie zbadano charakterystyke
rozmieszczenia punktéw chmury punktéw wzgledem centroidu Ci. W tym celu wykonano

iteracyjne przeszukiwanie chmury punktéw w pasach pi o statej szerokosci m (Rys. 22a).
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Okreslenie potozenia punktow chmury punktow w pasach pi wykonano na podstawie

obliczenia odlegtosci di punktow chmury od centroidu obiektu Ci (Rys. 22b).

(b)

Rys. 22. Analiza rozmieszczenia punktéw chmury punktow wzgledem centroidu C;:
(a) przeszukiwanie chmury punktéw w pasach pj o stalej szerokosci m, (b) okreslenie potozenia
punktow chmury punktow w pasach pi wykonano na podstawie obliczenia odlegtosci di punktow
chmury od centroidu obiektu C;[opr. wi.]

Maksymalng liczbe iteracji i przeszukiwania chmury punktéw okreslono na podstawie
stosunku maksymalnej odlegto$ci dmax punktu chmury punktéow od centroidu C; do

szerokos$ci m pasa pi, Wg nastgpujacego wzoru [68]:

lmax

. m

gdzie:

imax — maksymalna liczba iteracji;

dmax — maksymalna odlegto$¢ punktu chmury punktéw od centroidu;

m — szeroko$¢ pasa przeszukiwania chmury punktow.
2.4.2. Wyniki

Badania przeprowadzono dla dwoch niezaleznych zestawoéw danych. Dla
pierwszego, dla ktorego obszar opracowania stanowita strefa 2b zbierania danych
0 przeszkodach wokot lotniska Lask, dane pozyskano za pomocg platformy Trimble UX-5.
Kampania pomiarowa sktadata si¢ z 15 blokoéw testowych, gdzie kazdy blok stanowito okoto
600 zdjec. Drugi obszar badawczy stanowita strefa 2b zbierania danych o przeszkodach dla
lotniska Radom-Sadkéw. Zbior danych skladat sie z 14 blokéw, co stanowilo okoto
600 zdje¢. Dane pozyskano za pomoca systemu VTOL WingtraOne. Platformy BSP
wykorzystane w badaniach wyposazone byly w jednoczestotliwosciowe odbiorniki GPS,
rejestrujace dane z czestotliwoscig 10 Hz. Dane pozyskano z putapu 250 m nad powierzchnig
terenu. Pokrycie poprzeczne 1 podtuzne zdje¢ wynosito 75%. Na obszarze opracowania

zaprojektowano i pomierzono sygnalizowane fotopunkty. Punkty  te
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pomierzono z wykorzystaniem techniki RTK z uzyciem obserwacji GNSS. Badania
przeprowadzono w dwoch etapach. W pierwszym etapie pozyskano zdjecia z BSP, nastepnie
przetworzono te dane w specjalistycznym oprogramowaniu fotogrametrycznym. W trakcie
opracowania danych wygenerowano ggsta chmure punktow, ktorag wykorzystano do
okreslenia wysoko$ci nietypowych przeszkdd lotniczych oraz ortofotomape, ktorg uzyto do
detekcji nietypowych przeszkod lotniczych na podstawie algorytmu YOLOv3 oraz do
okreslenia ich lokalizacji. Detekcj¢ nietypowych przeszkdd lotniczych rozpoczgto od badan
na ortofotomapie. W tym celu wykorzystano sieci neuronowe, ktore wyodrgbniajg cechy
z obrazéw. Dla wykrytych obiektoéw okreslono ich wspoirzedne (x, y) centroidu Ci.
Pozyskane w ten sposob dane na temat lokalizacji nietypowych przeszkod lotniczych
pozwolily na odnalezienie tych obiektéw w chmurze punktow i byty poczatkiem do dalszych
badan na chmurze punktow. W pierwszym etapie do detekcji nietypowych przeszkod
lotniczych wykorzystano algorytm YOLOvV3, ktory bazuje na splotowych sieciach
neuronowych. Sieci neuronowe wyodrebniaja cechy z obrazow poprzez warstwy splotu
I wykorzystujag warstwy pelnego potaczenia do przewidywania prawdopodobienstwa
wyjscia i1 informacji o polozeniu ramki ograniczajacej. Niestandardowe bazy danych
obrazéw z obiektami w kategorii: dzwig budowlany, stup energetyczny, turbina wiatrowa
i maszt zostaly stworzone na podstawie ortofotomap, bedacych czgécia cyfrowej bazy
danych dla terenu Polski utworzonej przez PZGiK. Wigkszo$¢ wykorzystanych obrazow
zawierata wigcej niz jeden obiekt dla trzech kategorii: dzwig budowlany, stup energetyczny
I turbina wiatrowa. Natomiast w kategorii maszt wickszos$¢ obrazow zawierata pojedyncze
obiekty reprezentujagce te kategori¢. Obiekty wszystkich kategorii zostaty w pelni
umieszczone w obrebie ramek. Przypadki, w ktorych na obrazie widoczna byta tylko czgsé
obiektu, zostawal on wylaczony z zestawu treningowego lub nie zostawat oznaczony jako
przynalezny do konkretnej kategorii. Eksperyment badawczy zostal przeprowadzony na
800 obrazach, ktoére zawieraly tacznie 1023 obiekty. Obraz podzielono losowo na trzy
zestawy danych: treningowych, co stanowito 70% obrazow — wykorzystywanych do
0szacowania wag sieci neuronowej, walidacyjnych, co stanowito 20% obrazéw —
wykorzystywanych do sprawdzania trenowanej sieci oraz testowych, co stanowito 10%
obrazow — wykorzystywanych do sprawdzenia dzialania sieci po treningu. Zestaw danych
treningowych sktadat si¢ z 560 obrazdéw zawierajacych tacznie 716 obiektow, zestaw danych
walidacyjnych sktadat si¢ ze 160 obrazéw zawierajacych tacznie 205 obiektow, natomiast

zestaw danych testowych sktadat si¢ z 80 obrazow zawierajacych tacznie 102 obiekty.
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Wyniki wykrywania nietypowych przeszkod lotniczych na danych z zestawu testowego
zobrazowano na Rys. 23a-23d. Probke ramki ograniczajacej dla kategorii stup energetyczny
w kolorze zielonym przedstawiono na Rys. 23a, 23d. Probke ramki ograniczajacej dla
kategorii stup energetyczny w kolorze r6zowym przedstawiono na Rys. 23b-23c. Probke
ramki ograniczajacej dla kategorii turbina wiatrowa w kolorze piaskowym przedstawiono na

Rys. 23b-23c. Probke ramki ograniczajacej dla klasy maszt w kolorze magenty
przedstawiono na Rys. 23d.

(d)
Rys. 23. Probki wykrytych obiektow dla kategorii: (a) dzwig budowlany,

(b) turbina wiatrowa i stup energetyczny, () turbina wiatrowa i stup energetyczny,
(d) dzwig budowlany i maszt [opr. wi.]

Na podstawie ortofotomapy okreslono wspoétrzedne (x, y) centroidu kazdego wykrytego

obiektu, dzigki czemu mozliwe bylo okreslenie ich lokalizacji w chmurze punktow.
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Poprawno$¢ wykrycia obiektow na obrazie przeprowadzono obliczajac wartosci
wspoétczynnikow IoU, AP oraz mAP dla czterech kategorii obicktow. Na podstawie
wynikow zawartych w Tab. 6 stwierdzono, ze warto$¢ wspdtczynnika IoU dla kategorii
dzwig budowlany wyniosta 69,4%, dla kategorii stup energetyczny wyniosta 78,2%, dla
kategorii turbina wiatrowa 74,2%, natomiast dla kategorii maszt 64,9%. Wyniki pokazuja,
ze doktadno$¢ potozenia i lokalizacji jest lepsza dla obiektow nalezacych do kategorii stup
energetyczny i turbina wiatrowa. Jednak wspotczynnik IoU dla kategorii dzwig budowlany
I maszt jest nieznacznie gorszy. Wartos$¢ sredniej precyzji AP dla kategorii dzwig budowlany
wyniosta 74,8%, dla kategorii stup energetyczny wyniosta 67,6%, dla kategorii turbina
wiatrowa wyniosta 65,2%, a dla kategorii maszt 75,3%. Wysoka wartos¢ wspotczynnika
AP $§wiadczy o tym, ze otrzymano niewiele falszywych predykcji. Wartosé
MAP zastosowanego algorytmu YOLOV3 osiggneta wartos¢ 70,7%. Stosunkowo wysoka
warto§¢ mAP $wiadczy o wszechstronno$ci modelu 1 mozliwo$ci wykorzystania tego

algorytmu do detekcji nietypowych przeszkod lotniczych.

Tab. 6. Doktadno$ci wynikow testow dla obiektow w czterech kategoriach [opr. wi.]

Kategoria loU (%0) AP (%) MAP (%)
Dzwig budowlany 69,4 74,8
Stup energetyczny 78,2 67,6 707
Trubina wiatrowa 74,6 65,2 '
Maszt 64,9 75,3

Na podstawie otrzymanych wynikow (Tab. 6) stwierdzono, ze wyzsze wartosci
wspoéiczynnika AP osiagane sa dla mniejszych wartosci IoU, co oznacza, ze dopasowanie
ramek do wymiaréw obiektow nie jest idealne. Za pomoca algorytmu uzyskano gorsze
wyniki dla matych obiektow nalezacych do kategorii maszt oraz dla obiektow o podtuznym
ksztalcie na obrazie nalezacych do kategorii dzwig budowlany. Bylo to spodziewanym
efektem, gdyz cecha sieci YOLO jest szybkie dziatanie kosztem uzyskania nieco gorszej
detekcji waskich obiektow.

W kolejnym etapie badan na podstawie autorskiego algorytmu dziatajgcego na
chmurze punktow okreslono wysokosci wykrytych przeszkod lotniczych i okreslono
doktadno$ci wpasowania chmury punktow. W tym celu postuzono si¢ danymi
referencyjnymi zawartymi w bazie eTOD, jak rowniez w suplementach AIP, w ktorych
znajdujg si¢ m. in. informacje na temat tymczasowych przeszkod lotniczych. Do okreslenia
doktadno$ci wpasowania chmury punktow wzigto pod uwage wpasowanie w ptaszczyzng

poziomg (wspotrzedne X, Y) oraz wpasowanie w plaszczyzng pionowa (wspotrzedna H).
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W tym celu obliczono: parametr dy jako $rednig réznice pomigdzy otrzymang wspotrzedng
X, a wspolrzedna referencyjng Xref, parametr d_y jako $rednig réznic¢ pomiedzy otrzymang

wspolrzedna Y, a wspolrzedna referencyjna Yrer Oraz parametr d jako $rednig réznice
pomiedzy otrzymang wspotrzedng Z, a wspolrzedna referencyjng Zrer. Analize doktadnosci

przeprowadzono dla czterech kategorii przeszkod lotniczych: dzwig budowlany, stup

energetyczny, turbina wiatrowa i maszt (Tab. 7.).

Tab. 7. WartoSci statystyczne charakteryzujace doktadnos¢ wpasowania chmury punktow

[opr. wi]
Kategoria Parametr RM,SE Parametr RM,SE Parametr R M,SE
przeszkody . wspolrz. T wspolrz. T wspolrz.
lotniczej x M| m] vIml |y m zIml |7
Dzwig budowlany 0,6 0,04 0,7 0,04 0,4 0,02
Stup energetyczny 0,4 0,02 0,3 0,02 0,5 0,03
Turbina wiatrowa 0,3 0,02 0,4 0,02 0,5 0,03
Maszt 0,6 0,04 0,5 0,04 0,6 0,04

Na podstawie wartosci statystycznych (Tab. 7), ktore charakteryzuja doktadnosc
wpasowania chmury punktéw stwierdzono, ze rdznica pomiedzy obliczong wartoscig
wspotrzednej X, a wartoscig referencyjng miescita si¢ w przedziale 0,3-0,6 m. Réznica ta
dla wspotrzednej Y miescita si¢ w przedziale 0,3-0,7 m. Natomiast roznica dla wspotrzedne;
Z miescila si¢ w przedziale 0,4-0,5 m. Warto§¢ RMSE dla wspotrzednych poziomych (X,
Y) jak i wspotrzgdnych pionowych uksztaltowata si¢ na poziomie 0,02-0,04 m. Uzyskane
wyniki pokazuja, ze opracowana metoda detekcji przeszkod lotniczych o wysmuklym
ksztalcie pozwala na wykrycie tego typu przeszkod lotniczych z maksymalng roznicg
otrzymanymi X,Y), a

referencyjnymi wynoszaca 0,7 m, a dla wspotrzednej pionowej (Z) 0,6 m.

pomiedzy wspolrzednymi  poziomymi wspotrzednymi

2.4.3. Dyskusja i analiza otrzymanych wynikéw

Na podstawie uzyskanych wynikdéw automatycznej detekcji 1 klasyfikacji przeszkod
lotniczych o charakterystycznym wysmuktym ksztalcie przeprowadzono analize
doktadnosci wykrycia przeszkod lotniczych. W ramach analizy uzyskane wspotrzedne
poziome i wysoko$ciowe wykrytych przeszkod lotniczych poréwnano z danymi zawartymi
w bazie eTOD, jak rowniez w suplementach AIP. Opracowana metoda detekc;ji i klasyfikacji
przeszkod lotniczych, prezentujaca innowacyjne potaczenie dwoch technik pozyskiwania
danych: na podstawie analizy obrazu za pomocg algorytmu YOLOV3 i na podstawie analizy

chmury punktow, pozwolita na automatyczne wykrycie przeszkod lotniczych o wysmuktym
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ksztalcie. Na podstawie detekcji obiektow na obrazie stwierdzono, ze najwyzsza doktadnos$¢
potozenia wykrytych obiektow uzyskano dla przeszkdd lotniczych nalezacych do kategorii
stup energetyczny i turbina wiatrowa. Wyzsza wartos¢ wskaznika AP, przy nizszej
doktadnosci polozenia wykrytych obiektow osiagnieto dla przeszkod lotniczych z kategorii
maszt 1 dzwig budowlany. Wyniki te potwierdzajg pojawiajgce si¢ w literaturze wnioski
moéwiace o tym, ze wykorzystanie algorytmu YOLOvV3 do wykrycia niewielkich obiektow
powoduje uzyskanie mniejszych doktadnosci [70]. Zauwazono, ze obiekty z kategorii maszt
i dzwig budowlany zlokalizowane byly w wigkszo$ci na obszarach o gestej zabudowie.
Nieco nizszg warto$¢ wspotczynnika AP osiggni¢to dla kategorii turbiny wiatrowe i stupy
energetyczne. Jednak w tym przypadku warto$¢ wspoiczynnika IoU byta wyzsza, co
swiadczyto o doktadniejszym wykrywaniu tego typu obiektow. W wigkszosci obiekty te
zlokalizowane byty na terenach otwartych, gdzie brak byto zwartej zabudowy. Pomimo, ze
w ostatnich latach wydajno$¢ wykrywania matych obiektéw za pomoca metod glgbokiego
uczenia znacznie si¢ poprawita, nadal wystepuje rdznica w osigganych doktadnosciach dla
matych i duzych obiektow [71]. Dla wykrytych przeszkod lotniczych o wysmuklym
ksztatcie uzyskano maksymalng r6znice pomigdzy otrzymanymi wspotrzgdnymi (X, Y, Z),
a wspotrzednymi referencyjnymi wynoszacg 0,7 m. Wyniki wykrycia przeszkod lotniczych
spetnilty wymagania doktadnosciowe okre$lone w dokumentach EUROCONTROL i ICAO
[5, 7]. Wigkszo$¢ pojawiajacych si¢ w literaturze prac badawczych pokazuje zadowalajgce
wyniki przy wykrywaniu duzych obiektow. Algorytm YOLOV3 jest wciaz ulepszany w celu
poprawy wydajnosci wykrywania matych obiektow na obrazie. Liu i in. [70] w swojej pracy
przedstawili propozycje ulepszenie struktury Sieci neuronowej poprzez zwigkszenie operacji
splotu we wczesnej warstwie, w celu wzbogacenia informacji przestrzennych. Istnieja
roOwniez opracowania, ktore pokazujg efektywne zmniejszenie luki w wykrywaniu matych
obiektow, poprzez zwigkszenie zbiorow danych, gdzie wykorzystywane sg ogromne liczby
danych do trenowania modeli [72-73]. Kharchenko i in. [74] w swoich badaniach na temat
detekcji obiektow w otoczeniu lotniska pokazali wysokg zdolno§¢ wykrywania oraz precyzje
lokalizacji obiektow za pomoca algorytmu YOLOv3. Junos i in. [75] w swoich badaniach
pokazali wptyw korekcji obrazow z BSP na wyniki detekcji obiektoéw na podstawie
algorytmu YOLOVS.

Reasumujgc gtownym celem w publikacji czwartej bylo opracowanie metody
automatycznej detekcji 1 klasyfikacji nietypowych przeszkdd lotniczych na podstawie

danych pozyskanych z BSP. Badania przeprowadzono w oparciu 0 nowatorska metode
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detekcji i klasyfikacji nietypowych przeszkod lotniczych na podstawie danych pozyskanych
z niskiego putapu. Zaprezentowana strategia wykrywania nietypowych przeszkod
lotniczych przez zastosowanie fuzji algorytmu YOLOvV3, dzialajacego na obrazie
I autorskiego algorytmu klasyfikacji nietypowych przeszkod lotniczych o wydhuzonym
ksztalcie dzialajgcego na chmurze punktéw pozwolita na wykrycie przeszkod lotniczych
z doktadnoscig zapewniajaca bezpieczenstwo w przestrzeni powietrznej, czyli zgodng
z wymaganiami EUROCONTROL i ICAO [5, 7]. Przeprowadzone badania pozwolity na
stwierdzenie, ze zastosowanie metody detekcji i klasyfikacji nietypowych przeszkéd
lotniczych z wykorzystaniem glebokich sieci neuronowych pozwolilo na zwi¢kszenie

dokladnosci identyfikacji oraz poprawnosci klasyfikacji przeszkod lotniczych.
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3. WNIOSKI

Spojny cykl czterech publikacji pt. ,,Metodyka opracowania danych pozyskanych
Z niskiego pulapu na potrzeby detekcji i klasyfikacji wybranej grupy przeszkéod
lotniczych”, ktory stanowi niniejszg rozprawe doktorskg mial na celu przedstawienie
autorskiego podejscia do opracowania danych pozyskanych z BSP na potrzeby zbierania
danych o przeszkodach lotniczych. Cykl publikacji stanowi rozwigzanie nastgpujacego
problemu badawczego: jakie algorytmy przetwarzania danych pozyskanych z niskiego
putapu nalezy zastosowaé, aby wykry¢ i sklasyfikowaé nietypowe przeszkody lotnicze
zgodnie z wymaganiami doktadnosciowymi zawartymi w dokumentach EUROCONTROL
i ICAO? Ponadto cykl przedstawia algorytm przetwarzania danych na potrzeby zbierania
danych o przeszkodach lotniczych w strefie 2b zgodnie z okreslong doktadno$cig pozioma
wspotrzednych X, Y wynoszaca 5 m oraz dokladno$cig pionowa Z wynoszaca 3 m.
W pierwszej publikacji udowodniono, ze uwzglednienie dodatkowych parametrow
W procesie wyrownania pozwala na podwyzszenie dokladnosci wynikow wyrdéwnania
jednoszeregowego bloku zdje¢ pozyskanego za pomocg BSP, przy ograniczonej liczbie
fotopunktow dla terenéw niedostepnych. Pojedynczy blok zdje¢ jest przypadkiem
szczegblnym, w ktorym zachowanie odpowiedniej geometrii bez petnego pokrycia osnowa
fotogrametryczng dla calego obszaru opracowania jest bardzo trudne. Dotychczas pojawiaty
si¢ proby rozwigzania pojedynczego bloku zdje¢ gdzie dla podwyzszenia dokladnos$ci
wyroéwnania, wykorzystywano pomocnicze bloki pozyskane na wyzszej wysokosci. Na
uwage zashuguje fakt, ze powszechnie stosowane niskobudzetowe bezzatogowe statki
powietrzne, wyposazone w jednoczgstotliwosciowe odbiorniki GPS pozwalaja na
osiggnigcie doktadnosci pozycji na poziomie 10 m, co wptywa na obnizenie doktadno$ci
uzyskanych produktow fotogrametrycznych. Popularno$¢ powszechnie uzywanych
niskobudzetowych BSP, wyposazonych w jednoczgstotliwosciowe odbiorniki GPS
powoduje wzrost zainteresowania metodami podwyzszenia doktadnosci pozycjonowania
bezzalogowych statkow powietrznych 1 w efekcie zwigkszenia dokladnosci produktow
fotogrametrycznych, co potwierdza aktualno$¢ problemu badawczego. W drugiej publikacji
zweryfikowano, czy modyfikacja algorytmu metody pozycjonowania pozwoli na
zwigkszenie doktadno$ci wyznaczenia pozycji bezzatogowego statku powietrznego dla
pozyskiwania danych o przeszkodach lotniczych bez konieczno$ci pomiaru osnowy
fotogrametrycznej. W ramach rozwigzania problemu badawczego do wyznaczenia pozycji

BSP zastosowano algorytm metody kodowej SPP z uzyciem produktow 1GS. Wyniki
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pokazaly, ze dokladno$¢ wyznaczenia pozycji bezzatlogowego statku powietrznego
zwigkszyla si¢ znaczaco — wzdtuz osi X o 95%, wzdtuz osi Y o 40% oraz wzdhiz osi
Z 0 80%. Ponadto zastosowane rozwigzanie pozwolilo na uzyskanie wigkszych doktadnos$ci
wyréwnania bloku zdje¢ — dla elementéw liniowych orientacji zewnetrznej Srednio o 58%
i elementéw katowych orientacji zewnetrznej S$rednio o 18%. Otrzymane wyniki
potwierdzity  skuteczno$¢  zaproponowanej metody  zwigkszenia  doktadnosci
pozycjonowania BSP, dzigki czemu mozliwe bedzie zwigkszenie doktadnosci
generowanych w kolejnych etapach produktow fotogrametrycznych. W publikacji trzeciej
sprawdzono czy segmentacja chmur punktow zmodyfikowanym algorytmem RANSAC
poprzez zastosowanie odpowiedniej filtracji i segmentacji gestej chmury punktow pozwoli
na wykrycie przeszkod lotniczych z doktadnoscia zgodna z przepisami EUROCONTROL
i ICAO. W ramach weryfikacji problemu badawczego detekcje przeszkod lotniczych
przeprowadzono na chmurze punktow, dla ktorej dokonano segmentacji poprzez
zastosowanie zmodyfikowanego algorytmu RANSAC oraz autorskiego algorytmu
klasyfikacji przeszkod lotniczych. Wyniki prowadzonych badan potwierdzily skutecznosé
zaproponowanej metody do detekcji przeszkod lotniczych, a najlepsze rezultaty osiggnigto
dla przeszkod lotniczych o wydtuzonym ksztalcie i regularnym przekroju. W czwartej
publikacji zweryfikowano czy zastosowanie metody detekcji i klasyfikacji nietypowych
przeszkdd lotniczych z wykorzystaniem glebokich sieci neuronowych pozwoli na
zwigkszenie dokladnosci identyfikacji 1 poprawnosci klasyfikacji przeszkod lotniczych.
W ramach rozwigzania problemu badawczego zaproponowano nowe podejscie do
wykrywania przeszkod lotniczych, opierajace si¢ na fuzji algorytmu YOLOV3 do detekcji
na obrazie iautorskiego algorytmu klasyfikacji chmury punktéw. Polaczenie danych
obrazowych i chmury punktow stanowito podstawe do wykrycia nietypowych przeszkod
lotniczych i okreslenia ich wysokoséci. Otrzymane wyniki potwierdzity zasadnos$¢
zaproponowanej metody wykrywania przeszkdd lotniczych o wysmuklym ksztakcie,
pozwalajac na osiaggniecie dokladnosci zgodnych z wymaganiami EUROCONTROL
i ICAO.

Teza niniejszej rozprawy brzmi: ,,Przetwarzanie danych pozyskanych z niskiego
pulapu poprzez zastosowanie algorytmu poprawy pozycjonowania BSP, algorytmu
filtracji i segmentacji chmury punktow oraz algorytmu sieci neuronowej pozwoli na
detekcje i identyfikacje¢ przeszkod lotniczych z dokladnoscia zgodna z wymaganiami

EUROCONTROL i ICAO”. Powyzsza teza zostata udowodniona poprzez opracowanie
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i weryfikacje metodyki przetwarzania danych pozyskanych z niskiego putapu na potrzeby
detekcji 1 klasyfikacji wybranej grupy przeszkod lotniczych. W cyklu czterech publikacji
zaprezentowano algorytm postgpowania majacy na celu opracowanie metodyki
przetwarzania danych pozyskanych z BSP dla wykrycia i okreslenia wysokosci przeszkod

lotniczych o wydtuzonym i wysmuktym ksztalcie.

Otrzymane wyniki pozwolily na potwierdzenie postawionych hipotez badawczych.
Wyniki przedstawione w publikacji pierwszej potwierdzity hipotez¢ H1: ,,Uwzglednienie
dodatkowych parametrow w procesie aerotriangulacji pozwala na podwyZszenie
dokladnosci wyrownania bloku jednoszeregowego przy ograniczonej liczbie
fotopunktow dla terenow niedostepnych, przy zastosowaniu niskobudzetowych
bezzalogowych statkow powietrznych, wyposazonych w jednoczestotliwosciowe
odbiorniki GPS”. Wyniki pokazane w drugiej publikacji potwierdzity hipotez¢ H2:
»Zastosowanie algorytmu metody pozycjonowania absolutnego SPP z uzyciem
produktow IGS pozwoli na zwigkszenie dokladnosci wyznaczenia pozycji
bezzalogowego statku powietrznego dla pozyskiwania danych o przeszkodach
lotniczych”. Wyniki przedstawione w trzeciej publikacji potwierdzity hipotez¢ H3:
»Segmentacja chmur punktow zmodyfikowanym algorytmem RANSAC poprzez
zastosowanie odpowiedniej filtracji i segmentacji gestej chmury punktow pozwoli na
wykrycie przeszkod lotniczych z dokladnos$cia zgodna z przepisami EUROCONTROL
i ICAO”. Natomiast wyniki pokazane w publikacji czwartej potwierdzity hipoteze H4:
wZastosowanie metody detekcji i klasyfikacji nietypowych przeszkéd lotniczych
z wykorzystaniem glebokich sieci neuronowych pozwoli na zwi¢kszenie dokladnosci

identyfikacji oraz poprawnosci klasyfikacji przeszkod lotniczych”.

Opracowana metodyka moze znaczaco usprawni¢ proces analizy ograniczen operacyjnych
statkow powietrznych, projektowanie procedur, czy tez tworzenie map lotniczych oraz
poprawi¢ bezpieczenstwo w przestrzeni powietrznej, ograniczajac ryzyko zderzenia statku
powietrznego z przeszkodg do minimum. Zaproponowane rozwigzania iWwyniki prac
badawczych s3 ,,novum” w literaturze przedmiotu badan, co zostatlo potwierdzone

publikacjami w czasopismach wyroznionych przez Journal Citation Reports (JCR).

Podsumowujac za najwazniejsze osiagni¢cia zaprezentowane w cyklu

publikacyjnym uwazam:
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- opracowanie metody wyréwnania jednoszeregowego bloku zdje¢ pozyskanych

Z niskiego pulapu dla teren6w niedostepnych,

- opracowanie metody podwyzszenia dokladno$ci pozycjonowania bezzalogowych
statkow powietrznych wyposazonych w odbiorniki jednoczestotliwo$ciowe, a przez to
dokladnosci produktéow fotogrametrycznych na potrzeby zbierania danych

0 przeszkodach lotniczych bez pomiaru fotopunktow,

- opracowanie metody automatycznej detekcji i klasyfikacji nietypowych przeszkod
lotniczych na podstawie gestych chmur punktéow oraz obrazéw pozyskanych

Z niskiego pulapu.
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Abstract: Unmanned aerial vehicle (UAV) systems are often used to collect high-resolution imagery.
Data obtained from UAVs are now widely used for both military and civilian purposes. This article
discusses the issues related to the use of UAVs for the imaging of restricted areas. Two methods
of developing single-strip blocks with the optimal number of ground control points are presented.
The proposed methodology is based on a modified linear regression model and an empirically
modified Levenberg-Marquardt-Powell algorithm. The effectiveness of the proposed methods of
adjusting a single-strip block were verified based on several test sets. For method I, the mean square
errors (RMSE) values for the X, Y, Z coordinates of the control points were within the range of
0.03-0.13 m/0.08-0.09 m, and for the second method, 0.03-0.04 m/0.06-0.07 m. For independent control
points, the RMSE values were 0.07-0.12 m/0.06-0.07 m for the first method and 0.07-0.12 m/0.07-0.09
m for the second method. The results of the single-strip block adjustment showed that the use of
the modified Levenberg-Marquardt-Powell method improved the adjustment accuracy by 13% and
16%, respectively.

Keywords: photogrammetry; unmanned aerial vehicle; bundle block adjustment; single strip;
accuracy analysis; additional parameters

1. Introduction

In recent years, the intensity of use of unmanned aerial vehicles (UAVs) in photogrammetric
and remote sensing applications has been constantly growing. Miniature unmanned aerial vehicles
can be a cheap and effective alternative for acquiring imagery for the purpose of classic aerial
photogrammetry. UAVs, which were initially created for the needs of the military, have also found
civilian use—for example, to study the natural environment. It is worth noting that UAV imaging also
meets needs related to aviation. A good example is the so-called securing of an off-airport landing
strip, where the selection of the landing site is made based on preliminary field reconnaissance or
based on landing zone maps. It seems reasonable to use UAVs to collect data to facilitate the choice of
the location for such a landing strip. This can be justified in many ways, such as low cost of operation,
the ability to provide geospatial data with high spatial resolution, the small size of the flying platform,
low airspace occupancy (e.g., low flight altitude), ease of preparation for flight and quick recovery of
readiness to perform the task. Therefore, UAVs can also be used to obtain data from hard-to-reach
areas. Conducting a flight over an area with restricted access is associated with the problem of an
incomplete photogrammetric control network, which should be evenly distributed throughout the
area of study. It is worth noting that despite the emergence of a more precise positioning system
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(e.g., real-time kinematic (RTK)), many low-cost UAVs are still equipped with single-frequency global
positioning system (GPS) receivers [1]. In comparison with previously used global navigation satellite
systems (GNSS) methods, the RTK positioning method uses a wider frequency band. There is, therefore,
a greater likelihood of improper navigation of the UAV using RTK in the vicinity of other radiation
sources. This is mainly due to the phenomenon of electromagnetic wave interference from various
devices. Therefore, it seems more appropriate to use a UAV positioning method which utilizes a
narrower frequency band, i.e., GPS.

1.1. Related Works

Obtaining geospatial data from unmanned aerial systems is becoming more and more popular [2].
UAVs have become a widely used aerial platform in the field of photogrammetry and remote sensing [3].
Currently, a gradual replacement of classical aerial photogrammetry with low-altitude photogrammetry
can be observed [4]. UAV s platforms have many advantages, including low costs and ease of use [5].
UAVs were created mainly for the needs of the military: for exercises, observation, reconnaissance,
and offensive operations [6]. Increasingly, however, unmanned aerial vehicles are being used for
civilian applications, such as for researching the natural environment, among others [7-10]. UAVs may
be remotely controlled (e.g., piloted from a ground control station) or can fly autonomously using
a pre-programmed flight plan [11]. UAVs can be equipped with optical sensors, thermal sensors,
multispectral sensors, and Lidar sensors [12,13]. They can be used for mapping artificial objects and 3D
modeling of natural objects [14,15]. Compared to traditional aerial photogrammetry, UAVs can acquire
higher spatial resolution images for the production of orthophotos [16], digital surface models [17],
and others [18].

Unmanned aerial vehicles can be used for imaging the earth’s surface to create air navigation
obstacle maps [19-21]. The location of objects (aviation obstacles) affects the course and safety of the
flight during its critical stages (take-off, landing). There are cases of a so-called improvised landing
where the landing site selection can be made based on terrain reconnaissance. Such an area is called an
off-airport take-off and landing area [21,22]. The basic criterion for selecting such a site is the ability to
perform a safe landing and take-off in accordance with the conditions and limitations specified in the
operation manual of a given type of aircraft [23]. An important parameter is the slope angle of the
landing area and the type of coverage. Due to the low cost of operation, small size, low flight altitude,
ease of storage and implementation, and the ability to provide geospatial data with a high spatial
resolution with a higher data collection rate and relatively short data processing time, it is reasonable
to obtain imagery data using UAV platforms [24-27]. Another area that may be used in the future for
the so-called accidental landing are highway strips. The use of unmanned aerial vehicles can facilitate
the control of the current condition of road sections used as emergency landing strips.

UAV imagery has become a commonly used tool for the observation of restricted areas [28,29].
While the imaging of the inaccessible area seems easy to perform with the use of UAV platforms, setting
up and measuring a photogrammetric control network in the study area may be impossible (Figure 1).



Remote Sens. 2020, 12, 3336 3 of 35

Starting point for UAVs
Figure 1. Inaccessible single-strip.

The general consensus in photogrammetry is to ensure an even distribution of control points [30]
and check points throughout the study area [31-33]. It is worth noticing the issues related to the
processing of data obtained from UAVs and determining how the accuracy of photogrammetric
products changes depending on the distribution of ground control points (GCPs), especially with a
small number of GCPs [34]. Unfortunately, there is no consensus on what best practice is, and questions
remain as to whether GCPs should be mainly on the periphery or in the middle of the area, and what is
the best placement rule for them. The number of GCPs to be used in traditional aerial photogrammetry
has previously been discussed in the photogrammetric literature. It is well known that an increase in
the number of ground control points (GCPs) results in an improvement in the accuracy of the developed
data [33]. There is little published work on the impact of the number of GCPs on the accuracy of
UAV-derived photogrammetric products, and many conclusions are ambiguous or even contradictory.
For example, Mancini et al. [35], Yang et al. [36] and Saporano at al. [37] found that the number of
used GCPs can be further reduced without significant loss of accuracy. Tmusi¢ et al. [38] state that the
required GCP deployment will also depend on the image content (e.g., vegetation and surface type),
terrain characteristics, survey design, and camera characteristics, which influence the potential for
systematic error to develop within the image block. The optimal number of GCPs and their spatial
distribution is one of the most important issues in indirect georeferencing. In their research, Harwin et
al. [34] use different subsets of GCPs, suggesting that the number of GCPs is an important parameter
in the resulting accuracy. By contrast, Tahar et al. [39] analyses the accuracy of different configurations
using from four to 12 GCPs, with the authors concluding that the error range decreased after using
seven or more GCPs. Shahbazi et al. [40] analyze the results using three to 22 GCPs. They recommend
providing a large number of well-distributed GCPs to maximize accuracy but also state that with a
minimum number of GCPs that are well distributed and with high overlap, similar results can be
obtained. In their research, Oniga et al. [41] determined that the RMSE can be reduced down to 50%
when switching from four to 20 GCPs, whereas a higher number of GCPs only slightly improves the
results. In the study aimed at determining the optimal number of GCPs conducted by Yu et al. [42]
the alignment results were analyzed in three study sites with different areas according to the number of
GCPs. The results showed that the optimal number of GCPs was 12 for small and medium sites (7 and
39 ha) and 18 for large sites (342 ha) based on the overall accuracy. Agiiera-Vega et al. [43] showed in
their research that both the horizontal and vertical accuracy improves with an increase in the number
of GCPs.

Currently, the integration of the increasingly popular RTK system with the aircraft allows for
the reduction of the number of control points, and in some cases, even their complete exclusion.
Caution should be exercised when abandoning the field survey. If we do not have the coordinates of
even a few check points, we are deprived of the possibility of controlling the obtained results [44]. As it
is known, the accuracy of determining the position of an unmanned aerial vehicle for a single-frequency
GPS receiver is about 10 m [1]. At the same time, Shahbazi et al. [40] in his research shows the possibility
of achieving high accuracy from UAVs equipped with GPS receivers.
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The use of the RTK system in the vicinity of certain devices may affect its operation. Airports are
equipped with a large amount of flight inspection system equipment (instrument landing system
(ILS), primary surveillance radar (PSR), secondary surveillance radar (SSR), VHF omnidirectional
range (VOR), tactical air navigation (TACAN), radio communication), the proper operation of which is
based on electromagnetic wave propagation in a wide range of frequencies and with different types of
modulation. In addition, military airfields and aircraft based there may be equipped with jamming,
spoofing, or radiation protection devices. To reduce the likelihood of navigation errors of an unmanned
aerial vehicle performing a task near an airfield, it is reasonable to use a positioning method which
utilizes a more narrow frequency band, i.e., GPS. The use of “traditional” GNSS technology may have
a smaller impact on the operation of the airport devices themselves compared to RTK technology (e.g.,
transmitting antenna—rover), which directly translates into the safety of air operations. UAVs with
a GPS module can also perform better during a conflict. The arguments for this are higher system
reliability and, as previously mentioned, fewer frequencies. Moreover, UAVs with GPS do not require
the presence of an operator (reference station) directly in the study area. An example of use may be
checking the suitability of a highway strip or other takeoff and landing site in inaccessible terrain or
during a conflict.

In photogrammetric triangulation approaches, bundle adjustment (BA) is a commonly used process
to simultaneously refine the X, Y, Z coordinates of the scene points, the exterior orientation points (EOPs)
of the involved images, and/or the interior orientation parameters (IOPs) of the utilized cameras [45,46].
The classic photogrammetric bundle adjustment is based on the collinearity equations [47]. It can be
formulated as a nonlinear least-squares problem, which aims at minimizing the total back-projection
error between the observed image point coordinates and predicated feature locations [48]. Recently,
bundle adjustment has been further expanded to deal with a wide variety of situations, such as the
utilization of different features (e.g., line [49,50], curves [51], etc.), the reconstruction of dynamic scene
objects [52], and the employment of non-quadratic error models [53]. Readers wishing to know more
details regarding modern bundle adjustment techniques [54,55], should refer to the review conducted
by Triggs et al. [53]. The most popular programs processing the low-ceiling photogrammetric data are
Agisoft Photoscan, Inpho UASMaster, Pix4D, and EnsoMosaic [45].

In literature, there are studies on the processing of a single block of images. One can especially find
many detailed descriptions of adjusting blocks of imagery using the independent model method [56,57].
A methodology of processing a single block of imagery collected by a UAV had been described by
Forlani et al. [58], where an auxiliary block obtained from the flight at a higher altitude is used to adjust
a single strip block. Another approach to developing a single-strip block from a UAV is presented by
Jiang et al. [59], where, to determine the accuracy of the adjustment of a single-strip block, images were
additionally taken as part of a two-strip block.

1.2. Research Purpose

In this research work, the hypothesis is: taking into account additional parameters in the
aerotriangulation process makes it possible to increase the accuracy of the adjustment of a single-strip
block with a limited number of control points for inaccessible areas, using sensors installed onboard
low-cost unmanned aerial vehicles using single-frequency GPS receivers.

The research aimed to develop a methodology of adjusting single-strip blocks of low altitude
imagery depicting highway landing strips, taking into account limited access to the entire study
area. Based on the research hypothesis, as part of the research, a methodology was proposed based
on a modified linear regression model and a modified Levenberg-Marquardt-Powell algorithm
(empirically modified ranges for the region size Ar depending on the size py were taken into account).
The effectiveness of the proposed methods of adjusting a single-strip block was verified based on
several test sets.
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The paper is structured as follows: in Section 2, the test data are introduced. In Section 3,
the research method is explained. Section 4 presents the results of the conducted experiments.
In Section 5, the results are discussed. Finally, Section 6 provides a brief summary of this work.

2. Materials

2.1. Study Area

The research was carried out on two test blocks carried out as two separate missions. The first
block—set I Lagiewniki—covered the area along a road section, a highway landing strip, located in
southwestern Poland, in the town of Lagiewniki (50°47’27”N; 16°50’40”E) (Figure 2). The imaged area
covered an area of approximately 0.34 km?.
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Figure 2. The location of study areas.

The second test block—set Il Nadarzyce—covered an area of the Central Aviation Training Range
in Nadarzyce (53°27'18”N; 16°29"24”E) in northwestern Poland (Figure 2).

2.2. Description of Data Sets

Set I—tagiewniki: The source data for aerotriangulation was obtained using the Trimble UX-5
airframe (Figure 3a), equipped with a Sony a7R camera. The aerial platform was equipped with a
single-frequency GPS receiver, recording data at a frequency of 10 Hz.

(b)
Figure 3. (a) Trimble UX-5—before flight; (b) example of location GCP.



Remote Sens. 2020, 12, 3336 6 of 35

The flight was carried out in the test area in July 2017. The imaging conditions were good, i.e.,
the sky was partially covered by cumulus clouds and the average wind speed was about 2 m/s.
The camera settings were defined in manual mode, while the focus of the lens was set to infinity.
The selected test area was the vicinity of the village of Lagiewniki, covering the area along the highway
landing strip. The entire test block consisted of 811 images in 34 rows, obtained from an altitude
of 250 m above the ground. The flight was conducted in the east-west direction, assuming that the
transverse and longitudinal coverage was 75%. In the area of the study, 22 signaled control points
were designed and measured (Figure 3b). All points were measured using the RTK technique in
the GNSS system. The field coordinates of the control points were determined with the mean error
my 2 = £0.03 m.

Set II—Nadarzyce: The source data for aerotriangulation was obtained using the VTOL WingtraOne
system (Figure 4a), equipped with a Sony RX1R II camera. The aerial platform was equipped with a
single-frequency GPS receiver, recording data at a frequency of 10 Hz. As part of the research analysis,
the GNSS data recorded by an AsteRx-m2 UAS receiver placed on the Tailsitter unmanned platform
was used. The Tailsitter platform is a type of VTOL aircraft.

(b)
Figure 4. (a) VTOL WingtraOne—before flight; (b) example of location GCP.

The flight was carried out in the test area in August 2019. The imaging conditions were good.
The selected test area was an airport located at the 21st Central Aviation Training Grounds. The entire
test block consisted of 97 images in three rows, obtained from an altitude of 250 m above the ground.
The flight was conducted in the east-west direction, assuming that the transverse and longitudinal
coverage was 75%. In the test area, nine signaled control points were measured (Figure 4b) using the
RTK technique in the GNSS system. The accuracy of determining the field coordinates of the control
points was 0.03 m. In addition, in order to perform further verification of the results, a re-raid of
the Wingtra platform was carried out with precise recording of the platform’s flight trajectory in the
post-processing kinematic (PPK) mode.

2.3. Data Characteristics

For set I—Lagiewniki, the test block consisted of 34 strips (Table 1), which consisted of 811 images.
The images were referenced to PUWG 2000PL zone V (Cartesian 2D coordinate system marked with
the symbol “2000”, based on the ellipsoid GRS80 according to the Gauss—Kriiger mapping theory [60].
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Table 1. Characteristics of the test block in Lagiewniki.

Number of Strips 34
Camera/lens focal length [mm] Sony a7R/36.34
Average longitudinal/transverse coverage [%] 75/75
Flight altitude [m] 250
Number of control points 4
Number of independent check points 18
a priori standard deviation of the control points and check points X, Y, Z [m] 0.03,0.03, 0.03
Theoretical pixel size [m] 0.04

For set I—Nadarzyce, test block I consisted of three strips made up of 97 images. The images were
referenced to PUWG 2000PL zone VI. Block characteristics are presented in the table below (Table 2).

Table 2. Characteristics of the test block in Nadarzyce.

Number of Rows 3
Camera/lens focal length [mm] Sony RX1R 1I/35.0

Average longitudinal/transverse coverage [%] 75/75

Flight altitude [m] 250
Number of control points 4
Number of independent check points 5

a priori standard deviation of the control points and check points X, Y, Z [m] 0.03,0.03, 0.03
Theoretical pixel size [m] 0.04

3. Methods

This chapter presents and describes the mathematical models which can be used for the adjustment
of a single-strip block of UAV images. The block diagram of the adjustment process is shown in
the figure below (Figure 5). It shows two methods of adjusting a test block. The common point
of both methods is the first step, i.e., the adjustment of the entire block of images using Inpho
UASMaster software. The second step is to develop a single-strip block of images using two methods,
taking additional parameters into account.

Method I was based on the densification of the photogrammetric network with tie points generated
during the adjustment of the entire block (step I). From among the tie points, a certain number of them
had been selected based on the following criteria:

1. One point on at least three images
2. Points with the lowest mean square error (RMSE = minimum)
3.  Points evenly distributed within the area of development (linear regression method [61]).

Method II is the adjustment of the single-strip block of images using nonlinear optimization in
MATLAB. In this case, the empirically modified Levenberg—Marquardt-Powell (LMP) method was used.
A ready, generally available toolbox was used—the damped bundled adjustment toolbox (DBAT) [62],
to which the input data file was implemented. The toolbox includes tools for developing various
nonlinear optimization strategies [63,64]. For the bundle adjustment process, the DBAT toolbox with
self-calibration was selected. In this toolbox, the fixed and weighted prior observations, control points
and camera stations, and check points are all supported. The parameters to be estimated by the
bundle are selectable at the parameter level, for individual camera parameters. Furthermore, the
parameters can be block-invariant (the same for a whole block), image-variant (individual for each
image), or anything in between. Multiple damping schemes may be used to avoid divergence due to
poor initial values of the modified Levenberg-Marquardt-Powell [63].
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Figure 5. The bundle block adjustment process.

3.1. Modified Linear Regression with Additional Parameters

Using the linear relationship between the data, a classic linear regression model was used to
ensure an even distribution of tie points in the study area.

Due to the restricted access to the area, only a small number of control points were measured
in the study area. Hence, for the purpose of this research, tie points generated through digital
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aerotriangulation of the entire block were used. The adjustment was performed in Inpho UASMaster
software. These points were randomly distributed throughout the test area. To ensure an even
distribution of the tie points in the study area, a linear regression method was used, based on a linear
relationship in which the curve was fitted to the data, i.e., the coordinates of the tie points.

The linear regression model [61,65-67] used is defined by the following formula:

yi=ax;+bi=1,2,...,n, 1

where a and b are the parameters of the line that had to be adapted to our data using the least-squares
method [68-71]. Using the least-squares method, the best fit line can be found by minimizing the sum
of the squares of the vertical distance from a data point to a point on the line [72].

The point selection criterion: one point on at least three images, points with the smallest errors,
and points evenly distributed throughout the area of study.

To select the tie points, the least-squares method was used, thanks to which the line y = a;x + by
(Figure 11a).

The parameters of the line defined by the equation y; = ax; + b were determined using the formulas:

g = n Z?:l XiYi — Z?:l Xi Z?:zl Yi @)
n Yy X} - (Z?:l xi)

b= ELyEiay - LGBy 1 (Z yi—a Z xi), @)

2 n
nyi, xf - (Z?:l xl-) i=1 i=

where a and b are the determined linear coefficients; n is the number of tie points; and x; and y; are the

—_

coordinates of the tie point.

3.2. Modified Bundle Adjustment with Additional Parameters

This section describes the block adjustment with additional parameters methodology.
Studies presented by Borlin et al. [63] and Lourakis et al. [73] served as the basis for writing
this subsection.

3.2.1. Problem-Specific Damping

In the algorithm shown below (Figure 6), a trial point t; is calculated and tested at each iteration.
If ty does not improve on the current point, it is rejected and another point is tried according to an
algorithm-specific scheme. The quality of t is judged by the reduction of the objective function value.
However, it is possible to add a problem-specific veto condition to disqualify “illegal” trial points.
For the BA problem, an illegal trial point t; may, for instance, violate the chirality constraint (each
object point should be in front of each camera in which the object point was measured). The veto
condition would be added to steps 4, 5, and 6 of algorithms 4, 5, and 6, respectively (Figure 6). Thus,
in the case of the veto condition, the trial point will be accepted only when the value of the objective
function is reduced and the trial point satisfies the veto condition. Importantly, for the veto addition to
work, the initial values must satisfy the veto condition [63].
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Figure 6. Modified Levenberg-Marquardt-Powell algorithm. AOQ is the initial trust region radius.

Routine update radius controls the trust region radius based on the value of the gain ratio p of actual
over predicted reduction: A is increased p > 0.70, kept constant if 0.30 < p < 0.70, and decreased if

p > 0.30.

In this method, a combination of the camera model and the least-squares adjustment (LSA)
algorithm is called a BA algorithm. The algorithm assumes fixed, known IO parameters and does
not perform any outlier detection during the least-squares iterations. The choice of Ay = |[xg| for the

Levenberg-Marquardt-Powell method is based on the assumption that the initial values are correct to

within one order of magnitude [63].



Remote Sens. 2020, 12, 3336 11 of 35

3.2.2. Non-Linear Optimization

In order to increase the accuracy of adjustment, non-linear optimization based on a function called
the objective function was used.

The GN method may be modified to converge under a large set of circumstances [74]. The basic
modification is to require that every value is “better” than the previous one. The logical choice is to at
least require that the objective function must decrease so that

F(xx11) < F(xx ), 4)

Algorithms satisfying the descent condition (4) are called descent methods.
The modifications to make GN a descent method are of two types, line search and trust-region [74].
The line search strategy uses the same linear model in

r(xe +s) = e + Jis, )

that was used to calculate s to decide when a new point is good enough. The trust-region approach
works with the quadratic approximation in

1 1 T
min E”rk + Jisli3, = min E(rk + Jisk) W(re + Jise), (6)
of the objective function for the same purpose. Both methods may be seen as attempts to avoid taking
“too long” steps, since when the Jacobian F(xy ) is ill-conditioned, the norm of the update can become
arbitrarily large. The line search strategy is now considered; the trust-region is discussed in a later
section on the Levenberg—-Marquardt-Powell method.

3.2.3. The Levenberg-Marquardt-Powell Method (Trust-Region)

It is possible to interpret the LM method [75-81] geometrically as a trust-region method
(Figure 7) [74]. In this interpretation, the method relies on the same quadratic model (6) as the
GN method

1 1 1
Oilse) = Sl + Jsilly = 57 Wrie + sy Wi+ SsgTg Wlisi, @

F(x) \~‘AB“AC
— Xk+SGN \,

Xk+SCP
\

i VFaxn

Figure 7. The dogleg method finds the intersection between the dogleg path x;-> xj + scp -> xi +
sgn (thick line) and the circle ||si|| = Ak or the current value Ak. If ||sk]| < Ak, the solution is sgy.
Based on [63,77].

The quadratic model is trusted only within a region of trust [|s]| < Ay around the current
approximation xi. Thus, at each iteration, we consider the constrained sub-problem

minkr Wry  + spJ Wy + %SZIgW]kSk/ ®)

subject to [|sgll < Ag
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Mathematically, the solution of Problem (8) is given by
(TTWIi + D) Asg = =TT Wry, ©)

for some value of the Lagrange multiplier Ax > 0. Indeed, Equation (9) may be seen as a way to solve
the Problem (8).

3.2.4. Modified Powell Dogleg Method

Similarly to the LM algorithm, the Powell dogleg algorithm [82] for unconstrained minimization
tries combinations of the Gauss—Newton and steepest descent directions [73]. In the case of DL,
however, this is explicitly controlled via the use of a trust region. Trust region methods have been
studied during the last few decades and have given rise to numerical algorithms that are reliable
and robust, possessing strong convergence properties and being applicable even to ill-conditioned
problems [83,84].

The method of Powell may be used to solve the problem (7) without any knowledge of the Ay
value. The method is called dogleg due to the shape of the piecewise linear path used to approximate
the s;ar(A) curve. The dogleg path goes from the current point, via the Cauchy point scp, to the GN
search direction sgy. The Cauchy point is defined as

T
gk 8k
cp = o (-g), (10)
ngJ,fWJkgk( )

where g, = V{\displaystyle \nabla } F (x;) = ]Zer is the minimizer of the quadratic model @y (si)
in the direction of the negative gradient. Given the current value of A, the dogleg point is found as
the intersection of the dogleg path with the circle [|si|]| = Ag. If |Iskll < Ak, the dogleg point is chosen
as sgN. During the iterations, the trust region size Ay is adaptively modified based on how well the
quadratic model predicts the reduction of the objective function. The gain ratio p between the actual
and predicted reductions is defined as

_ Fla) —F (a + )
P= T2 (0) —0u(sp)

(11)

If p is high enough, the step is accepted and the region size A is increased. If p is too low, the step
is discarded and the region size A is decreased.

4. Experiments and Results

In this section, we present research experiments and the corresponding results obtained in
the aerotriangulation process. The aerotriangulation process of the low altitude image block was
performed in the Inpho UASMaster software. Tie points were generated automatically using Dense
Image Matching algorithms [85]. After the adjustment, manual correction of the measured points in the
images was made by the operator and points with the number of ties less than three were eliminated
in order to increase the reliability of the network.

4.1. Set I—Lagiewniki

In the first step of the research, four main work areas were specified (Figure 8). Each of them
consisted of a different test block: test block I-1V, each of which was then identified as separate study
areas (Figure 9).
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Figure 9. Stages of research.

The basis for the entire processing was the initial part of the algorithm, i.e., the adjustment of
the entire block, which consisted of 34 strips of imagery. The images were taken along the road
section (approx. 2 km long). The four main work areas mentioned earlier are test block I, test block II,
test block I1I, test block IV, (Figure 8), all within the area of development of the entire block. Each of
these workspaces is a special case image block—a single strip block. Test block I, II, and IV consisted
of images taken over straight sections of road about 300450 m long. Test block III is a study area
covering the section of the road on the curve (length about 350 m).

4.1.1. Step I

Test block 0

The bundle adjustment in Inpho UASMaster process starts with defining the internal orientation
elements based on the results of the Sony a7R camera calibration. Four control points and 18 independent
check points were identified in the study area. The tie points were generated automatically using a
digital image correlation strategy based on the least-squares method. The results of the aerotriangulation
are presented in Table 3.
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Table 3. Summary of blocks adjustment.

Test Block I  Test Block II  Test Block III Test Block IV

Description Test Block 0

Variant Variant Variant after 2 Stages
I/Variant II I/Variant II I/Variant II 8
Weather Conditions Scattered Cloud
Number of images 811 12 25 13 12
. 7.0/1.4 7.3/1.5 7.9/1.6
oo [uml/Ipix] 7515 6.3/1.3 6.9/1.4 75/1.5 5511
Number of GCPs 4 26/13 43/17 46/17 12
Number of check points 18 6 4 4 5
Number of tie points 51,092 1509/1545 2483/2604 2422/2450 1694
Average a priori error for X 0.03 0.03 0.03 0.03 0.03
GCPs and check points Y 0.03 0.03 0.03 0.03 0.03
X, Y, Z [m] VA 0.03 0.03 0.03 0.03 0.03
e X 0.07 0.12/0.09 0.12/0.12 0.19/0.14 0.27
s“"“;“;f ;e[:’;;‘“"“ Y 0.09 0.14/0.12 0.13/0.11 0.16/0.14 0.32
T V4 0.08 0.05/0.04 0.05/0.05 0.09/0.05 0.36
GCPs X 0.02 0.04/0.04 0.04/0.03 0.04/0.03 0.04
X, Y, Z [m] RMS Y 0.10 0.04/0.03 0.05/0.04 0.05/0.05 0.03
i Z 0.15 0.19/0.17 0.18/0.17 0.22/0.19 0.13
Check points X 0.06 0.05/0.02 0.05/0.03 0.04/0.02 0.07
XY Z [If‘] RMS Y 0.04 0.03/0.01 0.08/0.05 0.08/0.02 0.09
T Z 0.15 0.22/0.09 0.16/0.09 0.14/0.10 0.12
MXj [m] 0.11 0.13/0.12 0.12/0.09 0.09/0.09 0.08
MY, [m] 0.13 0.11/0.09 0.10/0.08 0.11/0.08 0.09
MZ; [m] 0.13 0.08/0.09 0.08/0.08 0.12/0.10 0.11
Mw [°] 0.034 0.054/0.043 0.047/0.042 0.056/0.054 0.083
Mo [°] 0.026 0.046/0.036 0.040/0.040 0.066/0.046 0.085
Mk [°] 0.006 0.011/0.009 0.009/0.009 0.014/0.008 0.021

As a result of adjusting the entire block, the average error of a typical observation was 7.5 pm
(1.5 pixels). The mean square errors (calculated from the equalization corrections) for the X, Y, and Z
coordinates of the control points were within the range of 0.02-0.15 m. As a result of the adjustment of
the large block, good results were obtained in determining the coordinates of the centres of projection
Xo, Yo, Zo. The values of standard deviations ranged from 0.07-0.10 m. However, the accuracy of
determining the angular elements of the external orientation w, ¢, k was between 0.006° and 0.034°.
On the basis of the analysis of the adjusting results of the entire block, it was noticed that four control
points in the study area gave satisfactory accuracy results. The mean square errors of the horizontal
coordinates fluctuates on the level of a few cm. The height coordinates are affected by errors of several
cm. The decrease in accuracy for the Z coordinates is due to the fact that some of the tie points were on
the canopy of trees and shrubs.

4.1.2. Step II—I Method

Test block I

The first fundamental area of the study was the adjustment of a single-strip block, which consisted
of 12 images. This area was included in the area of the entire block (test block 0). The adjustment was
performed in two variants. The first variant is to adjust one strip by measuring 26 control points and
six check points (Figure 10a). The control points were the points of the measured photogrammetric
network, while the control points were selected from among the tie points generated during the
adjustment of the entire block. The selection of control points in the first variant was made based on
two criteria: one tie point on a minimum of three images and points with the lowest mean square
errors. After automatic selection of the tie points, a visual selection was performed. Points located in
characteristic places, clearly identifiable in the images, were selected for further study. The second
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variant (Figure 10b), is to adjust the same block as in the first variant, using the same six check points.
13 control points were selected based on an additional linear regression criterion (Figure 11b). The use
of the linear relationship ensured the uniformity of the distribution of GCPs in the area of study,
with particular emphasis on the edges. The process of adjusting a single-strip block is shown in the
diagram below (Figure 12). The results of the adjustment are presented in Table 3.

A A
A
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& A = A =
A K A A A
A A n A ]
A
A A A A
= 4a ol A
A |
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" QA Legend N " /4 Legend
N u A GCP kel A GCP
y, B Check point Bl Check point
Imagery a Imagery
(a) (b)

Figure 10. The location of GCPs and check points: (a) variant I: 26 GCPs and six check points; (b) variant
II: 13 GCPs and six check points.
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Figure 11. (a) Linear regression for tie points; (b) selected tie points.
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Figure 12. Single-strip block adjustment process including the change of tie points into GCPs.

As a result of the block adjustment in two variants, the mean error of a typical observation was
7.0 pm (1.4 pixels) for the first variant and 6.3 pum (1.3 pixels) for the second variant. The mean
square errors for the X, Y, Z coordinates of the control points were within the range of 0.04-0.19 m
for the first variant and 0.03-0.17 m for the second variant. For independent check points, the mean
square errors were 0.03-0.22 m for the first variant and 0.01-0.09 m for the second variant. The values
of standard deviations were within the range of 0.08-0.13 m for the first variant and 0.09-0.12 m
for the second variant. However, the accuracy of determining the angular elements of the exterior
orientation w, ¢, k was from 0.011° to 0.054° for the first variant and 0.009°-0.043° for the second
variant. Variant II provides better adjustment accuracy of a single-strip block. The mean square
errors both at control points and independent check points are smaller by a few mm for variant II.
Better accuracy was ensured by the optimal number of control points. 13 GCPs were necessary to
obtain the correct geometry of a single-strip block of images. It was found that a large number of
GCPs did not improve the adjustment results. Only reduction and even distribution of control points
guarantee improved results. The results of the block adjustment in variant Il improved the accuracy by
an average of 28%.

Test block II

The second area of the study was a single-strip block consisting of 25 images. The block adjustment
was also conducted in two variants. The first variant is the adjustment of one strip when measuring
43 control points and four check points (Figure 13a). Check points are points that are part of the
photogrammetric control network, measured in the study area. Control points were selected based on
tie points generated when adjusting the entire block. The criterion for selecting points from among the
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tie points: one point on at least three images, points with the smallest mean square errors (a method
similar to test block I—variant I). The second variant is the adjustment of the same block, by measuring
17 control points and four check points (Figure 13b). The check points used are the same checkpoints
as in the first variant. The control points were selected from the tie points based on an additional linear
regression parameter. The results of the adjustment are presented in Table 3.

A
A _ A
[
e A . A
A ? A AR
A A
A A “ A A
A A a \
A A An
A A 7 A & N
A
-, "
a4 - A 4 A
=
A E A Legend Legend
A
L A GCP ", A GCP
a & B Check point & H Check point
A Imagery Imagery
(a) (b)

Figure 13. The location of GCPs and check points: (a) variant I: 43 GCPs and four check points;
(b) variant II: 17 GCPs and four check points.

As a result of the block adjustment in two variants, the mean error of a typical observation was
7.3 um (1.5 pixels) for the first variant and 6.9 pm (1.4 pixels) for the second variant. The mean square
errors for the X, Y, Z coordinates of the control points were within the range of 0.04-0.18 m for the first
variant and 0.03-0.17 m for the second variant. For independent check points, the mean square errors
were 0.05-0.16 m for the first variant and 0.03-0.09 m for the second variant. The values of standard
deviations were within the range of 0.08-0.12 m for the first variant and 0.08-0.09 m for the second
variant. However, the accuracy of determining the angular elements of the exterior orientation w, @, k
was from 0.009° to 0.047° for the first variant and 0.009°-0.042° for the second variant. The results of the
Test block II adjustment in two variants correspond to the results of the Test block I adjustment. It was
noticed that variant Il increased the adjusting accuracy by an average of 23%. Thus, it is confirmed that
striving for an even distribution of GCPs in the developed areas is justified. Based on the analysis of the
results of the research experiment, it can be noticed that the RMS values for the horizontal coordinates
was only a few cm. The mean square errors Z, on the other hand, reach several cm. The obtained
accuracy values result from the large leveling of the terrain in the test area.

Test block III

The next stage was the adjustment of a single-strip block (road curve), which consisted of 21 images.
This area was within the area of the entire block. The adjustment was performed in two variants.
The first is the adjustment of the single-strip by measuring 46 control points and four check points
(Figure 14a). The selection of control points and check points was carried out based on the previously
measured photogrammetric network and on the basis of the tie points generated during the adjustment
of the entire block.
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Figure 14. The location of ground control points and check points: (a) variant I: 46 GCPs and 4 check
points; (b) variant II: 17 GCPs and 4 check points.

The criterion for selecting points from among the tie points: one point on at least three images,
points with the smallest mean square errors.

The second variant is to adjust the single strip by measuring five control points and 31 check
points (Figure 14b). The selection of control points and check points was carried out based on the
previously measured photogrammetric network and on the basis of the tie points generated during the
adjustment of the entire block. In order to filter the binding points, a method similar to that of test
block I—variant II, was used. From the tie points, control points and check points were selected and
the single-strip block was adjusted.

As a result of the block adjustment in two variants, the mean error of a typical observation was
7.9 um (1.6 pixels) for the first variant and 7.5 pm (1.5 pixels) for the second variant. The mean square
errors for the X, Y, Z coordinates of the control points were within the range of 0.04-0.22 m for the first
variant and 0.03-0.19 m for the second variant. For independent check points, the mean square errors
were 0.04-0.14 m for the first variant and 0.02-0.10 m for the second variant. The values of standard
deviations were within the range of 0.09-0.12 m for the first variant and 0.08-0.11 m for the second
variant. However, the accuracy of determining the angular elements of the exterior orientation w, @,
k was from 0.014° to 0.066° for the first variant and 0.008°-0.054° for the second variant. Variant I
is block adjustment with 46 GCPs. The distribution of the control points was completely random,
which translated into the results of the equalization. Variant II showed that ensuring the optimal
number of GCPs turned out to be as important as ensuring their proper distribution in the test area. As
a result of GCPs optimization satisfactory equalization results were obtained, where the mean square
errors were a few cm for the horizontal coordinates and a dozen or so for the elevation coordinate.
The accuracy of determining the linear elements of EO and the accuracy of determining the angles
elements of EO turned out to be sufficient to ensure the correct geometry of the block. The results of
the block adjustment in variant II improved the accuracy by an average of 27%.

An analysis of the results of the adjustment of blocks: test block I, test block II, test block III with
filtered tie points showed that the second variant of the adjustment, which uses linear regression
as an additional parameter in the selection of tie points, significantly improves the accuracy of the
adjustment. For test block I, the accuracy increased on average by 28%, for test block II by 23% and
for test block III by 27%. For further study, the tie point selection method was used according to the
following three criteria:

e  One point on minimum three images
e  RMSE = minimum
e Linear regression
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Test block IV

The fourth study area was focused on the adjustment of a block for an area with restricted access,
where it is impossible to establish a photogrammetric network for the entire studied area. The selected
test area is a single-strip block consisting of 13 images. The adjustment took place in two closely
related stages. The first stage is the adjustment of the block with five control points on the edge of
the study. In the second stage, the control points from the first stage were turned into check points,
and the control points were selected from among the tie points from the development of the entire block
(selection according to three criteria: one point on and minimum three images, RMSE = minimum,
linear regression). To sum up, the second step is the adjustment of the test block with 16 control points
and five check points (Figure 15). The results of the adjustment are presented in (Table 3).

&
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Figure 15. The location of ground control points and check points.

The sequence of processes in the adjustment of a single-strip block in areas with restricted access
is presented in the diagram below (Figure 16).

| stage

<--{ GCPs at the begining of test block
(first adjustment)

Exchange GCPs
for check points

Il stage

Check points at the begining of test
block
Selection GCPs from tie points
(in the remaining area of the study)

(second adjustment)

Figure 16. The stages of GCPs selection.

As a result of the two-step block adjustment, the following results were obtained: the mean
error of the typical observation for stage I/stage Il was 6.4 um/5.5 um, respectively. The mean square
errors for the X, Y, Z coordinates of the control points were in the range 0.20-0.85 m/0.03-0.13 m.
For independent check points, the mean square errors were 0.14-0.16 m/0.07-0.09 m. The values of
standard deviations were within the range of 0.11-0.15 m/0.08-0.11 m. In contrast, the accuracy of
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determining the angular elements of the exterior orientation w, ¢, k was 0.094-0.336°/0.021-0.085°.
On the basis of the obtained results, it was noticed that the X, Y coordinates were affected by errors
of a few cm. The highest values of the mean square errors for GCPs and check points occur for the
Z coordinate. The mentioned dependence was noticed in the research experiment for test block 0,
test block I, test block II, and test block III. One of the reasons for this regularity is the high leveling of
the terrain in the studied area. The block alignment at 12 GCPs allowed to obtain accuracy on the level
from a few to several cm for both the X, Y, Z coordinates. The summary of the adjustment results for
the areas of study: test block 0, test block I, test block II, test block III, and test block IV is presented in
the table below (Table 3).

4.1.3. Step II—Method II

This section presents the experimental use of the modified Levenberg-Marquardt-Powell
algorithm for single-strip block adjustment. For this process, the same study area was selected as in test
block IV (consisting of 13 images). A working project was set up, in which the initial parameters of the
adjustment were defined. Next, two control points and three check points were manually measured
on the images. Control points and check points located on the edge of the block were points of the
photogrammetric network. The bundle adjustment was done in MATLAB. The self-calibrating DBAT
toolbox was selected for this adjustment. The camera parameters, control points, and check points
were input directly into the program. The same camera parameters were selected for the entire block.
After auto-calibration, the bundle with damping using modified Levenberg-Marquardt-Powell was
selected. The initial values for bundle adjustment:

e  Start with initial values x( of the parameters and ky = 0 (a maximum number of iterations = 10)
e  Select an initial value of Ay, such as Ay = ||xg]|

The threshold values for p were selected on the basis of the adjustment results for several variants
(0.10 < p <0.90,0.20 < p < 0.80,0.25 < p < 0.75,0.30 < p < 0.70, 0.35 < p < 0.65). The range which gave
the best adjustment accuracy was selected.

The modified range for the gain ratio:

e If p <0.30 (the prediction is bad)—the trust region size -> A + 1 = Ak/4
e If p>0.70 (the prediction is fair)—the trust region size -> Ak + 1 = Ak
e If the prediction is good the trust region size -> Ak + 1 = A4k.

The results of the adjustment are presented in Table 4. To analyze the accuracy of the adjustment,
the table summarizes the results of the adjustment using method I and II.

Table 4. Compare of bundle block adjustment—method II, method I.

Method I—Test
Method II—Test

Description Block IV Block IV
after II Stages
Weather conditions scattered cloud
Number of images 12 12
oo [pm]/[pix] 4.2/0.9 5.5/1.1
Number of GCPs 2 12
Number of check points 3 5
Number of tie points 1515 1694
Average a priori error for X 0.03 0.03
GCPs and check points Y 0.03 0.03
X, Y, Z [m] 4 0.03 0.03
Standard deviation X 021 0.27
XY, Z [m] Y 0.18 0.32
i 4 0.20 0.36
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Table 4. Cont.

Method I—Test
Method II—Test

Description Block IV Block IV
after II Stages
X 0.03 0.04
% %,2 E:]sRMs Y 0.03 0.03
T z 0.04 0.13
Check points if 88; 88;
X, Y, Z [m] RMS 7 012 012
MXj [m] 0.09 0.08
MY [m] 0.08 0.09
MZy [m] 0.11 0.11
Mw [°] 0.076 0.083
Mo [°] 0.073 0.085
Mk [°] 0.018 0.021

As a result of the test block IV adjustment using method II, the mean error of a typical observation
0o was at a level of 4.2 ym. The mean square error value for the X, Y, Z coordinates of the control
points reached the value of 0.03—-0.04 m. For independent check points, the mean square errors were
0.07-0.12 m. The values of standard deviations were within 0.18-0.21 m. Whereas the angular elements
of the exterior orientation w, ¢, k obtain values in the range from 0.018°-0.076°. The second adjustment
method allowed to obtain the mean square error value for the X, Y, Z coordinates of the control points
and the independent check points at the level of several cm. The accuracy of the determination of the
linear elements of EO was from a few to several cm. The values of standard deviations for the angle
elements of EO also allowed to obtain a good alignment accuracy.

For the adjustment using method II, the mean square errors decreased slightly. The results
presented in the table below (Table 5) represent the relative percentage change in accuracy in relation
to the results of block adjustment conducted using method I. When considering the increase of the
adjustment accuracy, the assessment of the error value oy, the determination of terrain coordinates for
control points and independent check points, as well as elements of exterior orientation, were taken
into account. Based on the results of the adjustment, a slight increase in accuracy in the second method
was noticed—an average increase in accuracy by 16%.

Table 5. Summary of the percentage accuracy of adjustment results—test block IV (method II).

Increase in Accuracy [%]

Linear Elements Angles

Name of Test GCPs Check Points of EO Elements of EO

Area oo

RMS RMS RMS RMS RMS RMS
X Y V4 X Y V4

test block IV 24 25 0 69 0 14 0 3 12

MXy, MYy, MZ, Mw, M@, Mk

4.1.4. A Statistical Significance Test of Results—Data Set I

In order to confirm the reliability of the obtained results of the block adjustment using two
methods, a statistical analysis of the results was performed. For this purpose, confidence intervals
with a probability of 95% [86] were determined for the obtained mean square errors of the X, Y, Z
coordinates of the control points and check points. The confidence interval was determined for the
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mean of the population with a normal distribution N(m, o). The confidence interval for the m parameter
of this distribution was calculated from the formula:

P(?—ta,n_lﬂ <m <§+ta,n—1(&) =1l-a
vn — 1 vn — 1

where: 7 is the size of the random sample, X is the mean of the random sample, S is the standard
deviation of the sample, t, is the Student’s t-distribution with n — 1 degrees of freedom.

For the first method, based on the modified linear regression method, the GCPs X RMSE
confidence interval was calculated with the number of trials n = 12. It was calculated that the

(12)

confidence interval was within the limits: 0.04 < m < 0.07. For the Y coordinate, with the same number
of trials, the confidence interval was 0.03 < m < 0.06. For the Z coordinate, the confidence interval
is 0.09 < m < 0.13. Confidence intervals were also calculated for the X, Y, Z RMSE check points with
the number of trials n = 8. It was calculated that the confidence interval for RMSE X was within the
limits: 0.04 < m < 0.08. For the Y coordinate, with the same number of trials, the confidence interval
was 0.02 < m < 0.12. For the Z coordinate, the confidence interval is 0.09 < m < 0.15. The common rule
in photogrammetry confirms that the mean square errors for the Z coordinate are greater than for the
horizontal X, Y coordinates. Additionally, the RMSE values for the control points are lower than for
the check points.

For the second method, based on the modified Levenberg—-Marquardt-Powell algorithm, the RMSE
confidence interval was calculated for the X coordinates of the control points with the number of trials
n = 2. It was calculated that the confidence interval was within the limits —0.10 < m < 0.15. For the Y
coordinate, with the same number of trials, the confidence interval was —0.09 < m < 0.16. For the Z
coordinate, the confidence interval is —0.21 < m < 0.29. Confidence intervals were also calculated for
the check points X, Y, Z RMSE with the number of trials nn = 3. It was calculated that the confidence
interval for RMSE X was within the limits: 0.04 < m < 0.10. For the Y coordinate, with the same number
of trials, the confidence interval was 0.02 < m < 0.14. For the Z coordinate, the confidence interval
is 0.11 < m < 0.15. Similarly to the first method, the second method also confirms the common rule
that the mean square errors for the Z coordinate are greater than for the horizontal X, Y coordinates.
The confidence intervals for the RMSE values of the control points are greater than for the check points.
This is due to the fact that there are fewer trials for the control points.

4.2. Set II—Nadarzyce

Processing of the second data set was divided into two main areas: test block I and test block II
(Figure 17). The basis for the study was the first area, i.e., the entire block (Figure 18).

I II
Adjustment of the Adjustment of
whole block (airport single-strip block

area- 3 strips) (airport area)

Figure 17. Stages of research.



Remote Sens. 2020, 12, 3336 23 of 35

Figure 18. The location of the study area.

The first area was the entire test block, which consisted of three strips of imagery, with evenly
distributed control points. The second working area is a single-strip block with an incomplete
photogrammetric network, located on the edge of the study.

42.1. Step 1

Test Block I

The first study area was processed using UASMaster software. The bundle adjustment process
began by defining the interior orientation elements based on the results of the Sony RX1R II camera
calibration. Four control points and five independent check points were identified in the study area.
The tie points were generated automatically using a digital image correlation strategy based on the
least-squares method. The results of the aerotriangulation are summarized in Table 6.

Table 6. Summary of blocks adjustment.

e Test Block II
Description Test Block I
After Stage II
Weather conditions scattered clouds
Number of images 97 22
oo [um]/[pix] 3.6/0.8 3.8/0.9
Number of GCPs 4 16
Number of check points 5 5
Number of tie points 2231 1199
Average a priori error for X 0.03 0.03
GCPs and check points Y 0.03 0.03
X, Y, Z [m] V4 0.03 0.03
Standard deviation X 0.09 0.62
XY, Z [m] Y 0.08 0.07
T V4 0.26 0.10
Lo o
X, ¥, Z [m] RMS z 0.15 0.09
Check points ); 81; 882
X, Y, Z [m] RMS z 0.16 0.10
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Table 6. Cont.

Test Block II
Description Test Block I
After Stage II
MXj [m] 0.09 0.10
MY, [m] 0.08 0.10
MZ, [m] 0.11 0.13
Muw [°] 0.076 0.051
Mo [°] 0.073 0.043
Mk [°] 0.018 0.026

As a result of adjusting the entire block, the mean error of a typical observation was 3.6 pm
(0.8 pixels). The mean square errors (calculated from the equalization corrections) for the X, Y, and Z
coordinates of the control points were within the range of 0.10-0.15 m. For the independent check
points, the mean square errors were 0.17-0.19 m. The values of standard deviations were within
the range of 0.11-0.13 m. Whereas the accuracy of determining the angular elements of the exterior
orientation w, @, k was from 0.018° to 0.051°. Adjustment of a block consisting of three strips performed
at four control points allowed to obtain mean square errors for the X, Y, Z of the control points and
the independent check points at the level of several centimeters. No significant deterioration of the
accuracy for the horizontal coordinates and the Z coordinate was noticed. The studied area covered the
airport area, where the ground leveling was a few cm maximum. The values of standard deviations of
the coordinates of the linear elements of EO are several cm. The accuracy of the angle elements of EO
proves good block geometry. The highest value of the standard deviation of angle elements of EO was
obtained for the kappa angle.

4.2.2. Step I—Method I

Test Block II

The processing of the second study area was carried out in two stages. The first stage included the
adjustment of the block using five control points on the edge of the study. Stage Il is the adjustment of
the test block with 16 control points and five check points. At this stage, the control points were selected
from the tie points generated during the test block I adjustment. The criterion from the first method
of adjusting the image block was used: one point on a minimum three images, RMSE = minimum,
linear regression. The sequence of processes in the adjustment of a single-strip block with a small
number of points of the photogrammetric network is shown in the diagram (Figure 16). The final
distribution of the control points and check points is presented below (Figure 19).

4 Legend

A GCP
B Check point
Imagery

Figure 19. The location of GCPs and check points.
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As a result of the two-stage block adjustment, the following results were obtained: the mean
error of a typical observation for stage I/stage Il was 3.9 um/3.8 um, respectively. The mean square
errors for the X, Y, Z coordinates of the control points were at in the range of 0.56-0.92 m/0.08-0.09 m.
For the independent check points, the mean square errors were 0.11-0.18 m/0.08-0.10 m. The values of
standard deviations ranged from 0.11-0.14 m/0.10-0.13 m. However, the accuracy of determining the
angular elements of the exterior orientation w, ¢, k was 0.061-0.144°/0.026-051°. The analysis of the
results of the adjustment of a single-strip block confirms the need to select the appropriate number of
GCPs (16) and, above all, to ensure their proper distribution, with particular emphasis on the edge of
the block. A summary of the adjustment results for the study areas: test block I and test block II is
presented in the table below (Table 6).

4.2.3. Step lI—Method II

This section presents the experimental use of the modified Levenberg—-Marquardt-Powell
algorithm for single-strip block adjustment. The same study area was selected for this research as in
test block II (consisting of 22 images). A working project was set up, in which the initial parameters of
the adjustment were defined. Next, two control points and three check points were manually measured
on the images. Control points and check points located on the edge of the block were points of the
photogrammetric network. The bundle adjustment was done in MATLAB. The self-calibrating DBAT
toolbox was selected for this adjustment. The camera parameters, control points, and check points
were input directly into the program. The same camera parameters were selected for the entire block.
After auto-calibration, the bundle with damping using modified Levenberg—-Marquardt-Powell was
selected. The initial values for bundle adjustment:

e  Start with initial values x( of the parameters and ky = 0 (a maximum number of iterations = 10)
e  Select an initial value of Ay, such as Ay = ||xg|

The threshold values for p were selected on the basis of the equalization results for several variants
(0.10 < p <0.90,0.20 < p < 0.80,0.25 < p < 0.75,0.30 < p < 0.70, 0.35 < p < 0.65). The range which gave
the best adjustment accuracy was selected.

The modified range for the gain ratio:

e If p <0.30 (the prediction is bad)—the trust region size -> Ay = Ags
e If p > 0.70 (the prediction is fair)—the trust region size -> Ar41 = Ay

If the prediction is good the trust region size -> A1 = A4y.
The results of the adjustment are presented in Table 7. To analyze the accuracy of the adjustment,
the table presents the results of the adjustment methods I and II.
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Table 7. Comparison of bundle block adjustment—method II, method I.

Method I—Test

Description MethodII—Test Block II
Block II
after Stage II
Weather conditions scattered clouds
Number of images 22 22
oo [um]/[pix] 3.0/0.6 3.8/0.9
Number of GCPs 2 16
Number of check points 4 5
Number of tie points 2218 1199
Average a priori error for X 0.03 0.03
GCPs and check points Y 0.03 0.03
X,Y,Z[m] Z 0.03 0.03
Standard deviation X 0.12 0.03
XY, Z [m] Y 0.14 0.03
re V4 0.13 0.03
S 0w
X, Y, Z[m] RMS z 0.07 0.10
Check points § 88; 882
X, Y, Z[m] RMS z 0.09 0.09
MXj [m] 0.09 0.10
MY [m] 0.09 0.10
MZy [m] 0.12 0.13
Mw [°] 0.044 0.051
Mo [°] 0.038 0.043
Mk [°] 0.024 0.026

As aresult of performing the adjustment of test block II using method II, the mean error of a typical
observation oy was at a level of 3.2 um. The mean square error value for the X, Y, Z coordinates of the
control points reached the value of 0.06-0.07 m. For independent check points, the mean square errors
were 0.07-0.09 m. The values of standard deviations were within 0.09-0.12 m. Whereas the angular
elements of the exterior orientation w, @, k obtain values in the range from 0.024°-0.044°. The second
adjustment method allowed to obtain the mean square error value for the X, Y, Z coordinates of the
control points and the independent check points at the level of several cm. No significant deterioration
of the accuracy for the Z coordinate was noticed. The accuracy of the linear elements of EO was
determined at the level from a few to several cm. The LMP method provided low values of standard
deviation for angles elements of EO.

For the adjustment in which method II was used, the mean square errors decreased slightly.
The results presented in the table below (Table 8) represent the relative percentage change in accuracy
in relation to the results of the block adjustment using method I. When considering the increase of the
adjustment accuracy, the assessment of the error value oy, the determination of terrain coordinates for
control points and independent check points, as well as elements of exterior orientation, were taken
into account. Based on the results of the adjustment, a slight increase in accuracy in the second method
was noticed—an average increase in accuracy by 13%.
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Table 8. Summary of the percentage accuracy of adjustment results—test block II (method II).

Increase in Accuracy [%]

Linear Elements Angles

Name of Test GCPs Check Points of EO Elements of EO

Area oo

RMS RMS RMS RMS RMS RMS
X Y V4 X Y V4

Test block 11 21 25 12 22 12 20 11 9 11

MXo, MYy, MZy  Mw, Mo, Mk

4.2.4. A Statistical Significance Test of Results—Data Set 11

The statistical analysis of the equalization results was also performed for the second data set.
Confidence intervals of 95% [86] were determined for the obtained mean square errors of the X, Y, Z
coordinates of the control points and check points. The confidence interval was determined for the
mean of the population with a normal distribution N (m, ¢) based on formula (14).

For the first method, based on the modified linear regression method, the GCPs X RMSE confidence
interval was calculated with the number of trials 7 = 12 (the number of trials is the same as the number
of control points). It was calculated that the confidence interval was within the limits: 0.05 < m < 0.11.
This means that the RMSE mean value is within the calculated range with a probability of 95%. For the
Y coordinate, with the same number of trials, the confidence interval was 0.05 < m < 0.11. For the Z
coordinate, the confidence interval is 0.06 < m < 0.13. Confidence intervals were also calculated for
the X, Y, Z RMSE check points with the number of trials n = 8. It was calculated that the confidence
interval for RMSE X was within the limits: 0.04 < m < 0.12. For the Y coordinate, with the same number
of trials, the confidence interval was 0.05 < m < 0.14. For the Z coordinate, the confidence interval is
0.05 < m < 0.14. The common rule in photogrammetry confirms that the mean square errors for the Z
coordinate are greater than for the horizontal X, Y coordinates. Additionally, the RMSE values for the
control points are lower than for the check points.

For the second method based on the modified Levenberg-Marquardt-Powell algorithm, the
confidence interval of GCPs X RMSE was determined with the number of trials n = 2. It was calculated
that the confidence interval was within the limits: —0.07 < m < 0.19. For the Y coordinate, with the same
number of trials, the confidence interval was —0.06 < m < 0.20. For the Z coordinate, the confidence
interval is —0.18 < m < 0.32. Confidence intervals were also calculated for the X, Y, Z RMSE check
points with the number of trials n = 3. It was calculated that the confidence interval for RMSE X was
within the limits: 0.04 < m < 0.10. For the Y coordinate, with the same number of trials, the confidence
interval was 0.02 < m < 0.10. For the Z coordinate, the confidence interval is 0.01 < m < 0.13. In method
II, one can also observe the regularity that the mean square errors for the Z coordinate are greater than
for the horizontal X, Y coordinates. The greater confidence interval for the RMSE value of the control
points is due to a smaller number of trials than in the case of the control point analysis.

4.2.5. Comparison of the Results of BBA using LMP Algorithm and with Precision Positioning
Trajectory of UAV

The results of the BBA of a single-strip block from the Set II—Nadarzyce research area,
were compared with the results of a research experiment using precision positioning technology
using post-processing kinematic (PPK). The exact coordinates of the UAV platform linear elements of
EO were determined. The results are shown in the table below (Table 9).
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Table 9. Comparison of bundle block adjustment—LMP, PPK.

.. LMP—Test Block PPK—Test Block
Description

1I I
Weather conditions scattered clouds
Number of images 22 22
oo [pm]/[pix] 3.0/0.6 2.0/0.4
Number of GCPs 2 2
Number of check points 4 4
Number of tie points 2218 8346
Average a priori error for X 0.03 0.03
GCPs and check points Y 0.03 0.03
X,Y, Z[m] V4 0.03 0.03
Standard deviation X 0.12 0.04
XY, Z [m] Y 0.14 0.05
i V4 0.13 0.05
o o
X, Y, Z[m] RMS z 0.07 0.05
Check points }é 88; 882
X, Y, Z [m] RMS z 0.09 0.05
MX [m] 0.09 0.04
MY, [m] 0.09 0.03
MZ, [m] 0.12 0.05
Mw [°] 0.044 0.008
Mo [°] 0.038 0.010
Mk [°] 0.024 0.005

An additional research experiment gave the following results: the mean error of a typical
observation was 2.0 um, respectively. The mean square errors for the X, Y, Z coordinates of the control
points were at in the range of 0.04-0.05 m. For the independent check points, the mean square errors
were 0.04-0.05 m. The values of standard deviations ranged from 0.03-0.05 m. However, the accuracy
of determining the angular elements of the exterior orientation w, ¢, k was 0.008-0.010°. Based on
the analysis of the results, it was found that the accuracy of the single-strip BBA using precision
positioning technology increased by 40%. A significant increase in accuracy has been observed for the
linear elements of EO (60%) and angles elements of EO ¢, w, k (70%).

5. Discussion

This article presents the methodology for processing a single-strip block of images of highway
landing strips obtained from low altitudes. The study area was a restricted area, so the photogrammetric
network covered only a small part of it. This article presents two methods of processing a single-strip
block. The first method met the iron rule of ensuring an even distribution of GCPs and check points
in the study area [31-33]. Because a special case of block adjustment was considered—the one-strip
block, attention was also paid to ensuring that the block edges had both control points and check
points [39,86]. The proposed first method of adjustment, based on the selection of tie points according
to selected criteria, significantly improved the accuracy of aerotriangulation for the data set I. The mean
error value of a typical observation oy decreased by 0.90 um. RMSE for the control points decreased
by 0.17 m on average, and by 0.13 m for check points. However, the accuracy of determining the
angular elements of the exterior orientation w, @, k increased by an average of 0.176°. For the second
data set, the use of the first method also increased the accuracy of the block adjustment. The value of
0¢ decreased by 0.10 um. The RMSE for control points decreased on average by 0.06 m, for control
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points by 0.02 m. On the other hand, the accuracy of determining the angular elements of the external
orientation w, ¢, k increased by an average of 0.080°. Similar results were obtained in the research
of Casella et al. [86], where the authors present bundle adjustment in three different configurations
of GCPs and check points, using five different types of software. The use of additional adjustment
parameters improves the adjustment results. Similar conclusions are presented in the article by Rango
et al. [87].

Within the photogrammetric community, ref. [88] compared the undamped GM method with the
LM method on the spatial resection problem. On the BA problem, Borlin et al. [89] suggested the GNA
algorithm and compared it to the GM method on a problem with two cameras. The conclusion was
that the GNA method reduced the number of convergence failures compared to GM at an insignificant
extra computational cost. Later, ref. [73] applied the LM and LMP (called DL) algorithms on the BA
problem and concluded that LMP was faster than LM.

The second method of single-strip block adjustment using the modified Levenberg-Marquardt-Powell
algorithm allowed for a slight increase in the adjustment accuracy. For data set [—Lagiewniki, the mean
error of a typical observation oy decreased by 1.30 um. The RMSE for control points and check
points was not improved. However, the accuracy of determining the angular elements of the exterior
orientation w, @, k increased by an average of 0.007°. For the second data set, the value of o decreased
by 0.80 um. The RMSE for the control points decreased by 0.02 m on average, and by 0.01 m for check
points. However, the accuracy of determining the angular elements of the exterior orientation w, @, k
increased by 0.005°.

The legitimacy of using the LMP algorithm for bundle adjustment has already been
confirmed [63,73].

The obtained test results prove the universality of the presented approach for the adjustment of a
single-strip block with a limited number of control points in areas with restricted access. The presented
research shows the validity of using both the modified linear regression method and the empirically
modified Levenberg-Marquardt-Powell method for block compensation. The linear regression method
ensures an even distribution of control points in the study area, with particular emphasis on the outer
edges of the images. The limitation of this method may be the lengthy and complex filtering process of
the tie points. The modified LMP method does not ensure an even distribution of the GCPs.

The approach proposed by the authors may be a new direction in the orientation of
low altitude imagery from low-cost UAVs. The presented approach based on the modified
Levenberg-Marquardt-Powell algorithm made it possible to increase the accuracy of the adjustment
regardless of the input data (two different UAV systems were used), which proves the universality
of the proposed methodology. Ongoing research also revealed some imperfections in the
orientation of single-strip blocks, suggesting the need to develop a new approach to facilitate a
more reliable assessment. Compared to the traditional bundle adjustment method, the BA with
Levenberg-Marquardt-Powell process allows for a noticeable increase in the accuracy of determining
the coordinates of projection centers with low accuracy GNSS and with a limited number of GCPs.

The developed method of adjustment of single-strip block does not reduce the accuracy in relation
to the latest methods with precise registration of flight trajectory. This method is recommended for
the orientation of images obtained by low-cost UAVs because the single-frequency GNSS receivers
installed onboard them will not allow for more accurate registration of the linear elements of exterior
orientation. Low-cost UAVs are also particularly sensitive to wind, and in this case, the negative
impact of the rotation angles will be significant. The conducted research also showed that the proposed
method can use the advantages of the on-board GNSS/IMU receiver with the additional condition of
using an optimized method of selecting tie points at the adjustment stage. This results in an improved
processing method that reduces the values of the final processing errors.

A limitation of the presented method is that it may not improve the accuracy of adjustment on
blocks consisting of images with irregular geometry (e.g., high tilt angles for the images—above 6°)
or blocks with asymmetric coverage between images—below 70%. In addition, for blocks with images
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of an irregular shape or atypical distribution of GCPs, the use of the developed methodology may
even cause a decrease in accuracy

6. Conclusions

The article presents the results of experiments and analyses concerning the adjustment of a
single-strip block. The main objective of the research was to develop a methodology of adjusting
single-strip blocks of low altitude imagery of highway landing strips, taking into account the limited
access to the entire study area. The research was based on two methods. The first one, presenting a
proprietary approach to the use of tie points in the adjustment process, was based on a modified linear
regression method. The second method was based on a linear optimization method—the modified
Levenberg-Marquardt-Powell algorithm. Based on the conducted analyses, it was found that the
use of both methods to adjust a single-strip block improve adjustment results. It was noticed that the
RMSE error values for the X, Y coordinates were smaller than for the Z coordinates, which confirms the
common rule in photogrammetry. It was also noticed that an even distribution of GCPs significantly
improves the accuracy of the adjustment (on average by 50%). Locating the GCPs on the edge of the
block improves the accuracy for the angular elements of the exterior orientation w, ¢, k (on average by
25%). Based on the comparative analysis of the first and second methods, it was found that the second
method improved the accuracy of the adjustment by 16% for the flight carried out in Lagiewniki and
by 13% for the mission carried out in Nadarzyce.

In the future, research is planned on the methodology of developing landing approach maps
based on data obtained from UAVs.
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METHODOLOGY TO IMPROVE THE ACCURACY OF
DETERMINING THE POSITION OF UAVS EQUIPPED WITH SINGLE-
FREQUENCY RECEIVERS FOR THE PURPOSES OF GATHERING
DATA ON AVIATION OBSTACLES

Summary. Low-altitude photogrammetric studies are often applied in detection
of aviation obstacles. The low altitude of the Unmanned Aerial Vehicle (UAV)
flight guarantees high spatial resolution (X, Y) of the obtained data. At the same
time, due to high temporal resolution, UAVs have become an appropriate tool for
gathering data about such obstacles. In order to ensure the required accuracy of
orientation of the photogrammetric block, Ground Control Points (GCPs) are
measured. The recently introduced UAV positioning solutions that are based on
Post-Processing Kinematic (PPK) and Real Time Kinematic (RTK) are known to
effectively reduce, or, according to other sources, even completely eliminate the
necessity to conduct GCP measurements. However, the RTK method involves
multiple limitations that result from the need to ensure continuous communication
between the reference station and the rover receiver. The main challenge lies in
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achieving accurate orientation of the block without the need to conduct time-
consuming ground measurements that are connected to signalling and measuring
the GCPs. Such solution is required if the SPP code method is applied to
designation the position of the UAV. The paper presents a research experiment
aimed at improving the accuracy of the determination of the coordinates of UAV
for the SPP method, in real time. The algorithm of the SPP method was improved
with the use of IGS products.

Keywords: 1GS, GPS, UAV, photogrammetry, aviation obstacle, accuracy
analysis, SBAS

1. INTRODUCTION

In recent years, we have been witnessing a dynamic growth in the use of low altitude
photogrammetric studies in remote sensing [13, 40], in Geographic Information Systems (GIS)
[2, 9] or aviation [10]. The potential of these miniature aerial vehicles that has also been noticed
by the aviation sector is used, among others, in ensuring safety in the airspace [14]. The main
area of focus in the fields of photogrammetry, remote sensing and geographic information is
currently the monitoring of aviation obstacles, including the detection of such obstacles in the
vicinity of airports.

The 21% century has become a symbol of the development of various branches of the
industry. This leads to the dramatic growth of investment areas. As a result, we are witnessing
rapidly emerging new objects (various types of structures, etc.) not only in large
agglomerations, but also in less urbanised areas and in the neighbourhood of airports. From the
point of view of aviation safety, such objects situated near the airport may constitute a potential
threat for the operations of aerial vessels, and thus become aviation obstacles. Their presence
requires developing flight procedures based on the height of the aviation obstacle. Accurate and
reliable data about such obstacles, in particular about their location or dimensions, such as
height, are essential for planning safe take-off and landing paths for aircrafts. Existing
guidelines for aviation obstacle data collection methods strictly define the accuracy of data
collection. Despite the regulation of this issue, methods are still evolving to achieve the highest
possible degree of automation [14]. The detection of small obstacles and those of elongated
shapes is becoming a major challenge [14]. If such an object is captured, it is necessary for the
scale of the image to be larger than in traditional exploratory flights. This is possible with a
lower flight altitude by using a UAV. The techniques employed for the detection of aviation
obstacles used so far were based on Airborne Laser Scanning (ALS). However, in such cases,
one cannot exclude the possibility of omitting an obstacle [14], and the object detection was
controlled using ordinary geodetic measurements. As a result, the process was time-consuming
and strenuous, not to mention ineffective, especially in representing large-surface areas. In
order to maintain the safety of air operations, it is necessary that the data about obstacles should
be updated regularly, whenever necessary. Unfortunately, ALS data does not guarantee high
temporal resolution of obtaining data. The latest guidelines [14] for obtaining obstacle data
recommend using data obtained from lower altitudes of flight, which may be achieved by using
UAVs. They allow obtaining imagery in a scale which is significantly larger than that obtained
from traditional photogrammetric flights. In addition, the UAV altitude will allow for much
higher spatial accuracy (X, Y, Z) of aviation obstacle data. The accuracy of obtaining data from
UAV is influenced by several factors. Among them, one may distinguish the method and
accuracy of positioning of the Unmanned Aerial Vehicle [36] and the accuracy of adjustment
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of the photogrammetric block [30, 15, 4]. Until recently, the processing of data obtained from
a photogrammetric flight required conducting a measurement of the control points (GCP) to
perform an absolute orientation of the model. This resulted in an extended duration of the
process of measurement as well as data processing. Currently, the development of the UAV
technology, among others, in photogrammetric applications, resulted in the possibility to use
numerical algorithms that improve the positioning of the platform in real time, while the
necessary navigation analyses may be conducted in post-processing mode. As a consequence,
this may lead to the complete elimination of the need to conduct measurements of ground
control points (GCP). For more than ten years, the main device used to detect the position of
the UAV has been the GNSS (Global Navigation Satellite System) satellite receiver with the
functions of tracking, monitoring, and recording the observations and navigation data. GNSS
receivers provide the 3 main navigation parameters of a UAV: position, velocity, and time [23].
From the point of view of photogrammetric applications, the navigation data of the UAV enable
the determination of elements of exterior orientation, first of all linear ones, i.e. the centres of
the projection of each photograph [15]. In this case, it is necessary to know the eccentric of the
position shift of the GNSS receiver antenna and of the camera at the moment of exposure. While
the value of the eccentric is provided by the manufacturer on the name plate of the unmanned
platform, the position of the antenna of the GNSS receiver mounted on the platform still has to
be determined. In low-cost on-board GNSS receivers, the coordinates of the UAV is designated
in near-real time with the use of the SPP (Single Point Positioning) method [29]. This method
is based on the application of single-frequency receivers mounted on the UAV platform [37].
Even though this method is the most commonly used, it is characterised by low positioning
accuracy, reaching even up to 10 m [5, 11]. Another currently used solution is an RTK system
integrated with the aerial vessel, which can allow the number of GCPs to be reduced or
eliminated altogether. However, the RTK method involves multiple limitations that result from
the need to ensure continuous communication between the base station and the mobile receiver.
It should be noted that a UAV equipped with GPS does not require the data from GNSS
reference station, which might significantly improve the efficiency of the process of collecting
data on aviation obstacles. Previous studies [33] revealed the possibility to obtain a high
accuracy by UAVs equipped with GPS receivers.

The authors of this study took an attempt to improve the determination of the accuracy of
the positioning of UAVs for the SPP method. With this aim, IGS products were used to improve
the algorithm of the SPP method.

1.1. Related works

In recent years, many studies have been conducted on the application of the single point
positioning method to determine the position of aerial vehicles [22]. Publications discussing the
accuracy of the SPP method in positioning Unmanned Aerial Vehicles [37] and the attempts to
improve this accuracy are also becoming more common. The need to enhance the accuracy of
positioning UAVs resulted in the development of numerical algorithms that improve the
positioning of UAVs in terms of code observations for the SPP method [39] and thus, the
adjustment of the determination of the linear elements of exterior orientation.

In the study by Santerre et al. [29], the Chinese satellite system BeiDou was used and
compared to the American GPS system and the Russian GLONASS systems. In fact, the
BeiDou system consists of 14 satellites that provide complete coverage of the whole Asia and
Pacific area. Positioning with use of the SPP method was conducted in Changsha in the Hunan
Province of China, in order to demonstrate the benefits of the use of the combined pseudo-
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distance solutions from these 3 satellite navigation systems, in particular in covered locations.
The results demonstrated an improvement in accuracy by 20% for the horizontal coordinates
and by 50% for the vertical coordinates. The combination of the GPS/GLONASS/BeiDou
solutions resulted in an accuracy of approx. 5 m.

Other methods of enhancing the accuracy of the single point positioning method were
presented in the study by Angrisano et al. [3]. The tests were conducted with the use of UAVs
in the area of an urban agglomeration, with tall structures such as skyscraper buildings. The
navigation algorithm for positioning the UAV was based on the weighted average model. The
conducted experiments resulted in an accuracy of approx. 10 m, which was achieved in a
difficult, urban area.

Furthermore, Forlani et al. [15] presented the results of a research experiment that consisted
in assessing the improvement of the orientation accuracy of a photogrammetric block with use
of various numbers of GCP. Apart from that, the authors compared alternative positioning
methods (including the SPP method) in order to determine the position of the UAV platform.
The photogrammetric flight was performed with the Dji Phantom 4 RTK platform on the test
military training ground in the Italian Alps. The conducted research demonstrated that
determining the coordinates of a UAV platform with the use of the SPP code method allows
obtaining a spatial accuracy of several meters when independent ground control points are used
in the whole test area.

Kai-Wei Chiang et al. [7] developed a fast and inexpensive system for gathering spatial
information in near-real time. The authors pointed out that fast collection of information had
become a new trend in remote sensing applications. During the studies, a platform for obtaining
spatial information based on UAV, without the need to measure ground control points, was
developed. The UAV-based platform shown has a Direct Georeferencing (DG) module [6],
which includes an integrated Inertial Navigation System (INS)/ Global Positioning System
(GPS). The initially results of the analysis of positioning accuracy in the DG mode revealed
that the accuracy of horizontal positioning was approx. 5 m at the flight attitude of 300 m above
ground. The positioning accuracy for the vertical component was lower than 10 m.

The research conducted by Himanshu Sharma et al. [34] demonstrated a significant increase
in positioning accuracy over the standard SPP solution, after the application of the Kalman
filter. H.R. Hosseinpoor et al. [20] developed an algorithm that enables to estimate the
geolocation of the target based on the video images captured by a UAV with RTK GPS module.
These results were compared to the positioning accuracy obtained with use of the GPS solution
for the SPP code method instead of RTK. The research results revealed that the accuracy
improved by several tens of centimetres without the necessity to perform measurements of
ground control points.

In order to facilitate certain types of applications, e.g., environmental detection or
monitoring disasters, it is essential to develop an effective system for acquiring spatial
information in near-real time. Speed and ease in gathering spatial information has become the
most important goal in land mapping technology. Meng-Lun Tsai et al. [7] presented a platform
that was developed to obtain spatial information based on UAV. Additionally, the results of the
assessment of data collection accuracy were provided. The presented platform based on UAV
is equipped with a DG module, including an integrated INS/GPS system, a digital camera, as
well as other general UAV modules in which all the necessary calibration procedures were
implemented. During the research project, test flights were conducted in order to verify the
positioning accuracy in the direct georeferencing mode, without using ground control points.
The preliminary results of the positioning accuracy in direct geo-referencing mode without the
use of GCP demonstrated that the accuracy of horizontal positioning was lower than 20 meters,
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while the vertical positioning accuracy (z) was lower than 50 m at the flight altitude of 600
meters above ground. The authors pointed out that the obtained accuracy results may be useful
in monitoring disasters, where it is vital to obtain spatial information fast, in near-real time.
The literature review revealed a recurring problem of low positioning accuracy of unmanned
aerial vehicles when the SPP code method was used. In the conducted research, the authors of
the present study took an attempt to enhance the accuracy of positioning the UAV for the
purposes of collecting data about aviation obstacles. In order to achieve it, the algorithm of the
SPP code method was modified by adding IGS products to determine the position of the UAV.

1.2. Research purpose

In this paper, a research question was posed: whether the modification of the algorithm of
the absolute positioning method SPP by adding IGS products will enable to enhance the
accuracy of the positioning of UAVs for the purposes of collecting data about aviation
obstacles? IGS products are understood as precise ephemerides in the EPH format, precise
clocks in the CLK format, the IONEX ionosphere map format, the DCB instrumental error
format, and the format of the antenna phase center of the satellite/receiver ANTEX.

The main objective of the research was to develop a methodology to enhance the accuracy
of the positioning of UAVs that are equipped with single-frequency receivers and the accuracy
of photogrammetric products for the purposes of collecting data about aviation obstacles
without measuring the ground control points.

The paper consists of: section 2 where the research method is described; section 3 presents
the experimental materials and results; section 4 is a description of the results obtained and
section 5 provides a summary.

2. METHODS

This chapter provides a description and presentation of the observation equation for the SPP
positioning method with use of GPS navigation data and the observation equation in the
modified algorithm of the SPP positioning method with IGS products, i.e.. the precise
ephemerides EPH, precise clocks CLK, the IONEX format, DCB format, and ANTEX format.
The block diagram of the process of improving the accuracy of determining the position of the
UAV for the purposes of collecting data about obstacles is presented in the illustration below
(Fig. 1). It presents two methods of determining the position of the UAV: with the SPP method
and with the SPP + IGS method. For these two methods, the photogrammetric block of images
was adjusted without measuring the ground control points. Then, based on the obtained results,
the accuracy of positioning of the UAV and the adjustment of the block of images were
analysed.

In this study, two research methods were used to designation the position of the UAV. These
were: the classic navigation algorithm for the code-based SPP method using the GPS navigation
data and the modified algorithm of the SPP method with the added products of the IGS geodesic
service. The fundamental observation equation for the SPP method using GPS navigation data
takes the form presented below [18, 31]:

l=d+ c(dtr —dts) + lon + Trop + Rel + TGD + Mp (1)
where:
| — code observations;
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d — geometric distance between the satellite and the receiver;
d= (X = Xgps)? + (Y — Ygps)? + (Z — Zgps)?;
(X, Y ,Z) —unknown coordinates of the UAV;
(Xeps, Yaps, Zaps) — coordinates of the GPS satellites;
¢ — light speed,;
dtr — unknown bias of the receiver clock;
dts — correction of the receiver clock;
lon — ionospheric correction;
Trop — tropospheric delay;
Rel — relativistic effect;
TGD — group delay in GPS system;
Mp — multipath effect.
The positioning algorithm in equation (1) is a classical solution of the position in the SPP
method. The position of the UAV in the geocentric frame XYZ are determined from equation

(1) in form of parameters (X, Y, Z).
UAV

SPP with
SPPNAV GPS IGS products
Accuracy Accuracy
analysis analysis
Elements of exterior Improve elements of
orientation exterior orientation
UAV images <
A A
Bundle block Bundle block
adjustment adjustment
Accuracy analysis Accuracy analysis
(Mx v.Z,00,4.x) (Mx v,z w,6.6)

Comparison with
the results of block P
adjustment accuracy
analysis using GCPs

Y

Fig. 1. The scheme of improving the accuracy of UAV position

On the other hand, the basic observation equation in the modified algorithm of the SPP
method with use of the IGS products takes the following form [17, 24]:

l=d'+ c(dtr —dts") + Ion' + Trop + Rel + SDCB'p; + RDCB'p; + Mp  (2)
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where:

| — code observations;

d — geometric distance between the satellite and the receiver, include the phase center offset
from ANTEX format;

d'= (X = X'6ps)? + (Y = Y'gps)? + (Z — Z'gps)?%;

(X, Y, Z) — unknown coordinates of the UAV;

(X'ps, Y'eps, Z'cps) — coordinates of GPS satellites, the coordinates are determined with the use
of Lagrange’s polynomial from the precise ephemeris EPH obtained from the IGS geodesic
services;

¢ — light speed;

dtr — unknown bias of the receiver clock;

dts' — bias of the receiver clock, determined based on the CLK format from the IGS geodesic
services;

lon' — ionosphere delay, which is interpolated from the GRID in the IONEX format obtained
from the IGS geodesic services;

Trop — tropospheric delay, calculated based on the determinist model of tropospheric delay;
Rel — relativistic effect;

SDCB'p1 — hardware delay for the SDCBp: satellite, based on the DCB product from the 1GS
geodesic services;

RDCB'p1 — hardware delay for the SDCBp1 receiver, determined in the linear combination
Geometry-Free or based on the DCB product from the IGS geodesic services;

Mp — multipath effect.

The algorithm in equation (2) is a modified solution of positioning in the code-based SPP
method, where 1GS products were applied, i.e.: the EPH format, CLK format, IONEX format,
DCB format, and the ANTEX format. Similarly, as with equation (1), algorithm (2) enables the
designation of the coordinates of the UAV. When comparing the observation equations (1) and
(2), attention should be paid to different models of systematic errors. Thus, if the position of
the GPS satellite on the orbit is determined from equation (1), Kepler’s model of the orbit is
applied, while equation (2) uses the Lagrange polynomial model. Apart from that, the
coordinates of GPS satellites that are determined from the Lagrange polynomial take into
account the correction of the phase centre offset of the satellite antenna based on the ANTEX
format. The accuracy of positioning from the Kepler model of the orbit is 1 m, while with the
Lagrange polynomial it is 0.10 m. Additionally, the error of the satellite clock in the Kepler
orbit model is determined with use of a 2" degree polynomial, and the accuracy of this solution
IS 5 ns (approx. 0.15 m). In addition, in equation (2), the error of the GPS satellite clock is
determined from the CLK format, and its accuracy is higher than 3 ns (approx. 0.1 m [21]). As
for the model of the ionosphere, the Klobuchar model applied in equation (1) reduces
ionospheric delay by approx. 50-60%, while the ionosphere model from the IONEX format
reduces it by approx. 80-90% respectively. As far as hardware delay is concerned, the TGD
parameter is used in equation (1), while equation (2) is based on DCB instrumental errors [18].
The comparison of equations (1) and (2) reveals that the application of different types of
systematic errors will influence the final designation of the coordinates of the UAV in the
stochastic process, as well as the accuracy of positioning of the UAV. The results of the research
are presented in Section 3.
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3. MATERIALS AND EXPERIMENTAL RESULTS
3.1. Study area

The research experiment was performed near the Radom-Sadkéw airport (Fig. 2). The
Radom-Sadkow airport is located near the city centre of Radom. The area surrounding the
airport is covered by aviation obstacle data collection zones. In the nearest vicinity of the
airport, zone 2a — in the runway strip and zone 2b that is directly connected to zone 2a and
covers the take-off sector (Fig. 2).

Fig. 2. Location of the research area

The zones of collecting data about aviation obstacles are planes in which data about aviation
obstacles are collected. Such data are necessary in the widely understood process of ensuring
safety in airspace, from designing flight operations procedures to developing aeronautical
charts.

In the research area near the Radom-Sadkow airport, data were acquired using the VTOL
WingtraOne system. The platform was equipped with a single-frequency GPS receiver,
recording data at 10 Hz. The flight was conducted over two test areas in June 2021.
Atmospheric conditions during the raids were good. The test block consisted of 35 series,
which constituted 850 images (Fig. 2), acquired from a height of 250 m above the ground
surface. The flight was conducted in an east-west direction, with transverse and longitudinal
coverage of 75%. The main parameters of the test block in the conducted experiment are
presented in the table below (Tab. 1).

Tab. 1
Parameters of the test block
Set of coordinates PUWG 2000/7
Image saving format JPEG
Number of series 35

Sensor Sony RX1R Il camera
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Lens focal length [mm] 35 mm
Average longitudinal/ 75/75
transverse coverage [%]
Flight altitude [m] 250
Theoretic pixel size [m] 0.04

For the purposes of conducting the study and verifying the correctness of the applied
mathematical algorithms (1) and (2), navigation calculations were performed in the RTKLIB
v. 2.4.3 software [28], and then in the language environment Scilab v.6.1.1. [32]. The RTKLIB
was used to designation the position of the UAV based on the mathematical equations (1) and
(2). For equation (1), the calculations in RTKLIB software were configured as follows [27]:

- source of observation data: format RINEX 2.11,

- source of navigation data: RINEX navigation 2.11,

- observations used: code-based observations L1-C/A from the AsteRx-m2 UAS receiver,
- calculation interval: 1 second,

- set of coordinates: WGS-84, geocentric coordinates XYZ,

- positioning method: SPP,

- source of ephemeral data: GPS navigation message,

- source of data about satellite clock error: GPS navigation message,

- ionosphere model: Klobuchar model from the GPS navigation message,
- elevation mask: 5°,

- troposphere model: Saastamoinen model,

- hardware delay: TGD parameter,

- navigation system: GPS system,

- reference time: GPS Time.

Moreover, for equation (2), the configuration of the computations in the RTKLIB
programme was set as follows [27]:
- source of observation data: format RINEX 2.11,
- source of navigation data: RINEX navigation 2.11,
- observations used: code-based observations L1-C/A from the AsteRx-m2 UAS receiver,
- calculation interval: 1 second,
- set of coordinates: WGS-84, geocentric coordinates XYZ,
- positioning method: SPP,
- source of ephemeral data: EPH format and ANTEX format,
- source of data about satellite clock error: CLK format,
- ionosphere model: IONEX format,
- elevation mask: 5o,
- troposphere model: Saastamoinen model,
- hardware delay: DCB format,
- navigation system: GPS system,
- reference time: GPS Time.
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The RTKLIB software was also used to determine the reference position of the UAV flight
with use of the RTK-OTF positioning method. The following scheme of configuration of the
input parameters for the determination of the reference position of flight was applied [27]:

- positioning type: MOVING BASE,

- source of GNSS navigation data: GPS board message,

- source of GNSS observation data from the on-board receiver: kinematic GPS observations
in the RINEX 2.12 format from the AsteRx-m2 UAS receiver,

- source of GNSS observation data from reference station: static GPS observations in RINEX

2.12 format,

- method of determining the coordinates of the GPS satellite: based on the parameters of

Kepler’s orbit,

- elevation mask: 5°,

- ionosphere model: Klobuchar model from the GPS navigation message,
- troposphere model: Saastamoinen model,

- model of orbit and clocks: board ephemeris,

- calculation interval of the measurement epoch: 1 second,

- set of coordinates: WGS-84,

- final format of coordinates: geocentric coordinates XYZ,

- navigation system: GPS,

- reference time: GPS Time.

After the navigation calculations were performed in the RTKLIB software, the authors
developed a script in the Scilab programming language to determine the accuracy of the
positioning of UAV for the SPP method using equation (1) and for the SPP method with IGS
products from equation (2).

3.2. Experimental results

The research experiment consisted in a flight of an unmanned aerial vehicle. Then, based on
the obtained data, the accuracy of UAV positioning and the accuracy of the adjustment of the
block of images from the UAV were analysed.

3.2.1. Analysis of UAV positioning accuracy

In the framework of the conducted research, the UAV positioning accuracies were
determined for equations (1) and (2). Firstly, position errors were determined, i.e., the
coordinates of the UAV calculated from equations (1) and (2) were compared to the reference
position of the flight from RTK-OTF solution [38]. To achieve it, position errors were
calculated as follows:

Xspp — X
dX = { SPP RTK 3
Xi6s — XrrK ®)

Yerp — Y,
Ay = { spp — YrrK 4
Vigs — Yer @



Methodology to improve the accuracy of... 93

Z -7
47 = { spp RTK 5
Zi6s — ZrrK ©)

Where:

(dX,dY,dZ) — position errors,

(Xspp, Yspp, Zspp) — coordinates of the UAV from equation (1),

X165 Yies, Z1cs) — coordinates of the UAV from equation (2),

(Xrrr» Yarr Zrri) — reference coordinates of the UAV flight from the RTK-OTF solution.

10
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Fig. 3. The position errors for X coordinate

Figure 3 presents the results of position errors for X coordinate for a representative flight of
the UAV in Radom. The values of position errors along the X axis for the comparison of the
coordinates from equation (1) and the RTK-OTF technique is between -6.5 m to +8.1 m, with
the average value of -2.1 m. On the other hand, position errors for equation (2) for the
comparison of the coordinates from equation (2) and the RTK-OTF technique ranged from -1.3
m to +2.8 m, with the average value of -0.1 m. The comparison allows us to state that the
application of the IGS products in the SPP method resulted in improving the accuracy of
determining the position of the UAV along the X axis by approx. 95% in comparison to the
classical SPP solution for equation (1).
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Fig. 4. The position errors for Y coordinate

Figure 4 presents the results of position errors for Y coordinate based on equation (4). The
values of position errors along the Y axis for the comparison of the coordinates from equation
(1) and the RTK-OTF technique range from -1.1 m to +0.2 m, with the average value of -0.5
m. On the other hand, position errors for equation (2) for the comparison of the coordinates
from equation (2) and the RTK-OTF technique ranged from -1.0 m to +0.3 m, with the average
value of -0.3 m. The comparison allows us to state that the application of the IGS products in
the SPP method resulted in improving the accuracy of determining the position of the UAV
along the Y axis by 40% in comparison to the classical SPP solution for equation (1).
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Position errars [m]
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Fig. 5. The position errors for Z coordinate
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Figure 5 presents the results of position errors for Z coordinate based on equation (5). The
values of position errors along the Z axis for the comparison of the coordinates from equation
(1) and the RTK-OTF technique is between -6.1 m to +5.8 m, with the average value of -1.7 m.
On the other hand, position errors for equation (2) for the comparison of the coordinates from
equation (2) and the RTK-OTF technique ranged from -1.8 m to +1.8 m, with the average value
of -0.3 m. The comparison allows us to state that the application of the IGS products in the SPP
method resulted in improving the accuracy of determining the position of the UAV along the Z
axis by over 80% in comparison to the classical SPP solution for equation (1).

As far as collecting data about aviation obstacles by UAVs is concerned, a particularly
important element is the designation of the resultant accuracy of the platform in 3D space. Then
it is necessary to use it as the basis for calculating the accuracy of UAV position in 3D space,
as presented below:

\/dXSgPP + dYSZPP + dZ.S%PP

ds = { (6)
\/dXI%TK + dYRZTK + dZI%TK

where:
dS — the resultant accuracy of the designation of the position of the UAV.
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Fig. 6. The resultant accuracy of UAV in 3D space

Figure 6 shows the results of the determination of parameter dS for the position of UAV.
Here, for the comparison of the coordinates from equation (1) and the RTK-OTF technique, the
values of the dS factor range from 0.6 m to 9.9 m, with the average value of 2.8 m. On the other
hand, for the comparison of the coordinates from equation (1) and the RTK-OTF technique, the
values of the dS factor are between 0.1 m to 3.2 m, with the average value of 0.9 m. The
comparison of the obtained results of the dS parameter allows us to claim that the application
of the IGS products in the SPP method enabled to reduce the dS parameter by approx. 67% in
comparison to the classic SPP navigation solution.
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3.2.2. Block adjustment accuracy analysis

The image data obtained during the flight were processed in the UASMaster software. The
block of images obtained at a low altitude was adjusted based on the adjustment algorithm using
the independent bundle method. Then, the exterior orientation of the images was defined and
approximate elements of exterior orientation were introduced for each image. The linking
points were generated automatically using a digital image correlation strategy based on the least
squares method. The block was adjusted without measuring the control points, for two variants
of the UAV positioning method. The first variant was based on UAV positioning with use of
the single point positioning method, while the second one was based on UAV positioning with
use of the code-based SPP method modified to include the EPH format, CLK format, IONEX
format, DCB format, and the ANTEX format. For the purposes of accuracy analysis, the results
obtained from the block adjustment were then compared to the results of block adjustment using
GCPs. To do so, additionally, measurements of 14 signalled ground control points were
conducted in the test area with use of the RTK method in the GPS system. The accuracy of
determination of the coordinates of ground control points (X, Y, Z) was 0.03 m.

After the block adjustment in the first variant of UAV positioning, the errors were calculated
for the linear and angular elements of exterior orientation. The accuracy of determining the
coordinates of the centres of projections Xo, Yo, Zoamounted to 3.16 m to 7.22 m. The angular
elements of exterior orientation ®, ¢, kK were determined with an accuracy of 0.211° to 0.256°.
For the second variant of UAV positioning, the accuracy of the liner elements Xo, Yo, Zo ranged
from 1.98 m to 3.22 m, while the accuracy of the angular elements ®, ¢, k ranged from 0.172°
to 0.215°. As a result of block adjustment with use of ground control points, the following
accuracy values were obtained: for linear elements Xo, Yo, Zo from 0.13 m to 0.17 m, and for
angular elements o, ¢, k¥ from 0.061° to 0.078°. The results of block adjustment for specific
variants are presented in the table below (Tab. 2).

Tab. 2
Summary of blocks adjustment
Variant 1: Variant 2:
Description without GCPs without GCPs With GCPs
(SPP positioning) (SPP positioning + IGS)

MXo [m] 3.16 2.31 0.14
MYo [m] 4.08 3.22 0.13
MZo [m] 7.22 1.98 0.17
Mo [°] 0.243 0.215 0.061
Mo [°] 0.211 0.172 0.068
Mk [°] 0.256 0.194 0.078

Based on the obtained results, it was found that the application of the classical SPP method
extended to include 1GS products led to an improved accuracy of the adjustment of a block of
photographs. The accuracy of the determination of the linear elements of exterior orientation
increased, on average, by 58%, while the accuracy of the angular elements increased, on
average, by 18%. The proposed modification of the absolute positioning algorithm SPP by
adding IGS products allowed us to obtain the accuracy results of block adjustment that were
very similar to those obtained when the block was adjusted based on the measured ground
control points.
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4. DISCUSSION

Due to the fact that there are two important aspects of the conducted accuracy analysis, this
section has been divided into two subsections. In the first part, the accuracy results of the
proposed method of positioning UAV are analysed. Part two discusses the results from the
adjustment of a block of images after applying the suggested positioning method.

4.1. UAV positioning

This part of the discussion addresses three topics: 1) the reproducibility of the proposed
research method, 2) the comparison of the obtained test results with the SPP solution with
EGNOS corrections, and 3) the comparison of the obtained results to the knowledge state
analysis.

As far as the reproducibility of the proposed research method is concerned, the results of the
accuracy of positioning of UAV from another test flight, from the period from 11:22:15 (40935
s) to 12:06:03 (43563 s) according to GPS Time (GPST) were presented. This flight also took
place in Radom, on the same measurement day. Figures 7-9 present the results of the accuracy
of the UAV position determination along the XYZ axes of coordinates. Figure 7 shows that the
application of the IGS products in the SPP method resulted in improving the accuracy of
determining the coordinates of the UAV along the X axis by 96% in comparison to the classical
SPP navigation solution. Furthermore, Figure 8 shows that the application of the IGS products
in the SPP method resulted in improving the accuracy of determining the position of the UAV
along the Y axis by 31% in comparison to the classical SPP navigation solution. Finally, Figure
9 confirms that the application of the IGS products in the SPP method resulted in improving
the accuracy of determining the position of the UAV along the Z axis by 86% in comparison to
the classical SPP navigation solution. The obtained experimental results demonstrated that it is
justified to include IGS products in the code-based SPP method. Moreover, the comparison of
the test results presented in Fig. 3-5 and Fig. 7-9 reveals the repeatability of the calculation
process in form of the reduction in position errors when IGS products were used in the
navigation solution for the positioning of the UAV.
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Additionally, Figure 10 shows the results of the dS parameter for test flight 2 with use of the
UAV platform. Similarly, as in Figure 6, the accuracy of the positioning of UAV also improved
by approx. 60% after the application of IGS products.

The second part of the discussion compares the obtained test results with another research
method by comparing the results from the SPP solution with use of the IGS products to the SPP
solution with EGNQOS corrections [8]. The results of this comparison are presented in Figure
11. For the purposes of comparison, the accuracy results of dS term in 3D space from test flight
2 were also compared. The results for the dS term for the SPP solution with 1GS products were
also presented above, in Figure 10. They were, respectively, from 0.1 m to 11.2 m, while the
results of the dS term from the SPP solution with EGNOS correction ranged from 0.1 m to 15.2
m. Thus, the application of IGS products enabled to improve the accuracy of UAV positioning
by approximately 3+4% in comparison to the application of EGNOS corrections.
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The last element of this part of the discussion is the comparison of the obtained results to the
knowledge state analysis. The results of the research experiment presented in the work by
Himanshu Sharma et al. [34] showed an improvement in the accuracy of the positioning of an
UAYV with the use of the SPP method extended by adding the Kalman filter. The obtained results
demonstrated that the accuracy of UAV positioning improved by several tens of centimetres in
comparison to the classical SPP method. The study by Angrisano et al. [3] presented an
improvement in the accuracy of the absolute method of UAV positioning by applying a
positioning algorithm that was based on the weighted average model. As a result, although the
tests were conducted in an urban area that is difficult to measure, horizontal accuracy below 10
m was achieved. The attempts at improving the accuracy of positioning with use of the SPP
method that were discussed in previous publications demonstrated that it is possible and
realistic to obtain satisfactory results. However, the methodology of enhancing the accuracy of
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determining the position of UAV proposed here, which consists in modifying the algorithm of
the SPP method by including products of the IGS geodesic services, shows an improvement in
the accuracy by as much as 95% along the X axis, by 40% along the Y axis, and by 80% along
the Z axis.

4.2. UAV block adjustment

Evaluation of the effectiveness of the proposed method for increasing the accuracy of UAV
position determination was carried out on the basis of a research experiment of adjustment of a
block of images in two variants of the positioning method. The application of the classical
navigation solution for the code-based SPP method with use of GPS navigation data allowed
us to obtain the following accuracy values of the exterior orientation elements: from 3.16 m to
7.22 m for linear elements and from 0.211° to 0.256° for angular elements. The determination
of the UAV coordinates with use of the algorithm of the SPP method modified by adding the
products of IGS geodesic services resulted in improving the accuracy of the adjustment of the
block of images by 58%, on average, for linear exterior orientation elements, and by 18%, on
average, for the angular elements. The reliability of the results of the conducted accuracy
analysis was compared to the accuracy of adjustment of the block of images where ground
control points were used for the internal orientation of the model. The methodology presented
in this paper to increase the accuracy of UAV positioning allowed to achieve block adjustment
accuracy without the use of photogrammetric matrix points at a level higher than 3.22 m.
Previous publications on the determination of the position of unmanned aerial vehicles for
single-frequency GPS receivers usually pointed to the necessity to establish and measure a
photogrammetric grid in the test area in order to improve the accuracy of the generated
photogrammetric points [25, 16, 12]. Particular attention was paid to the influence of the
number and distribution of ground control points in the whole test area [26, 19, 35, 33, 1]. As
the research results are often quite ambiguous about this issue, the topic of the accuracy of UAV
positioning and the accuracy of the generated photogrammetric products continues to evolve.
In his studies, Shahbazi et al. [33] presented the possibility to obtain a high level of accuracy
of the adjustment of the block obtained from a UAV equipped with a GPS receiver. Moreover,
the RTK system that is also currently used is integrated with unmanned aerial vehicle and may
contribute to reducing the number of GCPs or eliminating them completely, allows achieving
an accuracy of UAV positioning on the level of only several centimetres.

5. CONCLUSION

This paper shows the results of the experiments and analyses concerning the determination
of the position of an UAV. The main objective of the research was to develop a methodology
to improve the accuracy of UAV positioning based on modifying the algorithm of the SPP
method by adding products of the IGS geodesic services. The second objective was to improve
the accuracy of photogrammetric products for aviation obstacles data collection without the
need to conduct measurements of ground control points. The tests were conducted with the use
of two methods. The first of them presented a classic navigation solution for the code-based
SPP method with use of GPS navigation data. The second method employed the algorithm of
the SPP method that was modified to include IGS products (i.e. precision ephemeris, precision
clock, the IONEX format, the DCB format, and the ANTEX format). The conducted analyses
revealed that the use of the modification of the absolute positioning SPP method by adding IGS
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products allowed to improve the accuracy of determining the position of an UAV in order to
obtain data about aviation obstacles by 95% along the X axis, by 40% along the Y axis, and by
80% along the Z axis.

The designation of the position of an UAV with use of the algorithm of the SPP method
modified by adding the products of 1GS geodesic services resulted in improving the accuracy
of the adjustment of the block of images by 58%, on average, for linear exterior orientation
elements, and by 18%, on average, for the angular elements. Applying the modification of the
Single Point Positioning method by adding IGS products will enable to obtain the accuracy of
collecting data about aviation obstacles that is required by the European standards [14] — for
the X, Y coordinates on the level of 5 m, and for the Z coordinate on the level up to 3 m.
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Methodology of Detection and Classification of
Selected Aviation Obstacles Based on UAV
Dense Image Matching

Marta Lalak

Abstract—Currently, more and more accurate data provided by
UAVs make it possible to analyze land cover, which requires the
detection of objects and their individual elements. Object detection
and determination of their geometric features is possible thanks to
dense point clouds generated based on imagery obtained from low
altitudes. 3D data from UAVs turn out to be extremely useful for en-
suring safety in the airspace in the close vicinity of the airport. This
article presents the methodology of automatic aviation obstacle de-
tection based on low altitude data (UAV). The research was carried
out on a dense 3D point cloud. The developed methodology for
detecting aviation obstacles consists of three main stages. The first is
point cloud filtration based on height-preliminary identification of
aviation obstacles, followed by 3D point cloud segmentation using a
modified RANSAC algorithm, supplemented with two-dimensional
vector data of aviation obstacles to improve the accuracy of the
segmentation process. The last stage is the classification of avia-
tion obstacles according to the adopted height and cross-section
criterion. The proposed method of detecting aviation obstacles is
characterized by high accuracy. The mean error of fitting the point
cloud to the obstacle database ranged from =+ 0.04 m to £ 0.07 m.

Index Terms—Accuracy, air traffic control, image processing,
remote sensing, unmanned aerial vehicles (UAVs).

1. INTRODUCTION

VER the past decade, the cost of using unmanned aerial
O vehicles (UAVs) in photogrammetric and remote sens-
ing applications has been increasingly low. UAV are a cheap
and effective alternative to obtaining data with the methods of
classical aerial photogrammetry. Until recently, airborne laser
scanning dominated the acquisition of spatial data. However,
for several years there has been increasing use of UAVs to
analyze 3-D objects using point clouds [1]. Thanks to easy
and universal data acquisition and processing, the low-altitude
technology is gaining an advantage over the previously used
aerial photogrammetry.
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Automatic detection and recognition of individual objects and
distinguishing their elements is critical for many applications, in-
cluding damage assessment and all research related to these ob-
jects. One of such applications may also be the retrieval of infor-
mation about aviation obstacles. Aviation obstacles with their lo-
cation and dimensions, especially height, may endanger aircraft.
Firstof all, it is essential during the aircraft’s take-off and landing
maneuvers. An unidentified obstacle may turn out to be a signif-
icant threat during critical phases of flight. As the detection of
aviation obstacles is extremely important for the safety of aircraft
in the airspace, The International Civil Aviation Organization
(ICAO) introduced a series of planes to limit obstacles in order
to ensure the safety of aircraft [2]. Objects that penetrate these
planes constitute aviation obstacles. According to the latest data
on the causes of air accidents, aviation obstacles belong to the
group of the highest risk factors that contribute to such accidents
(31, [4].

Currently, aerial photogrammetry may be the most efficient
technique of collecting data about obstacles. It is less automated
than such other techniques as the airborne laser scanning (ALS),
traditional ground measurements or synthetic aperture radar
(SAR), in particular for elongate objects [5]. Low-cost UAVs
that ensure high time resolution provide digital images that are
then used to create dense clouds of points describing 3-D objects.
However, the need emerges to develop process automation in
order to overcome the challenge of detecting air obstacles in form
of elongate objects. The detection of such objects is difficult and,
in fact, they may be detected only from lower altitudes, which
are offered by UAV [5].

Point cloud segmentation is the primary step in 3-D point
cloud processing. Considering a set of point clouds, the seg-
mentation process aims to aggregate points with similar charac-
teristics into homogeneous regions. The segmentation process
can be helpful in scene analysis in various aspects, such as
locating and recognizing objects, classifying, and extracting
features of these objects [6], [7]. In general, the analyzed objects
and their elements have unique geometrical features. Therefore,
3-D geometric features are used as basic information in object
detection and categorization of its subelements [8]. 3-D point
clouds are optimal for determining the geometric properties of
objects. So far, oblique aerial images have been a suitable source
for generating 3-D point clouds for object analysis because they
provided detailed information about individual object elements:
roofs, elevations, etc. Currently, UAVs offer photos with very
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high coverage and high resolution, generating very dense 3-D
point clouds in a minimum time and with a minimal financial
outlay [9]. Thus, low-level 3-D point clouds have become more
and more widely used to study 3-D objects.

The point clouds used so far from ALS are accurate and give
ready 3-D data. However, the main disadvantage of ALS point
clouds is that they are expensive to obtain [10]. For buildings,
ALS can only capture the roof and other parts of the building that
are only visible from a bird’s eye view, and those visible from
ground level, such as areas under balconies and building walls
that are obscured, are not acquired. Maltezos and Ioannidis [11]
argue that the LIDAR point clouds give false results because
they misinterpret buildings with smooth roofs.

ALS involves high costs of using specialist photogrammetric
equipment during the flight. As the UAVs are equipped with RTK
receivers (positioning with the accuracy of one decimeter), the
time of data collection and acquisition is very short, e.g., 25
hours are required to obtain and process 1000 ha. The overall
costs of collecting and obtaining data with use of UAV may be
even several times lower than with use of ALS [68]-[70]. Apart
from that, the point clouds obtained from ALS are characterized
by lower accuracy than the dense cloud of points generated as
a result of processing the image structure from motion (Pix4D,
Metashape-type software) from UAV. Images from UAV that are
used in the developed method of detecting aviation obstacles are
a source of 3-D data that reach the quality standards similar or
even higher than those provided by ALS.

Object detection in a 3-D point cloud, segmentation of points
belonging to an object, reconstruction of geometry, and object
topology are the essential components in the process of 3-D
object modelling.

The following section presents a literature review on the
classification and segmentation of 3-D objects using photos
obtained from UAVs. Additionally, the latest related works on
classification and segmentation are presented.

A. Aviation Obstacles

High artificial or natural vertical objects (obstacles) situated
near the runway can contribute to accidents during the take-off
and landing. The automation of the object detection process in
the vicinity of the airport is thus becoming extremely important
and necessary for ensuring security around the airport areas.
Safe movement at airports and on arrival areas in take-off areas,
landing and maneuvering, is an essential element of air traffic
safety. Terrain and obstacle data are key geospatial components
of aeronautical information. There are international ICAO reg-
ulatory documents [2] and national aviation regulations that
specify the requirements for collecting and assessing terrain
and obstacle data. According to the ICAO, boundary surfaces
correspond to the maximum allowable heights of objects in the
traffic areas of aircraft. Few studies are dealing with the problem
of detecting aviation obstacles in the vicinity of airports. Mitse-
vich [12] presented remote and effective obstacle identification
and assessment process technology using stereoscopic remote
sensing. Demir and Baltsavias [13] focused on the accuracy,
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resolution, and timeliness of data about objects in the vicinity of
airports and the automation of 3-D model generation processes
using airborne laser scanning. In another work by Demir et al.
[14], the authors focused on detecting buildings in the airport
environment by combining information from aerial imagery and
LIDAR data. They used four different methods. The first was
based on a DSM/DTM comparison combined with an NDVI
analysis. The second was the supervised multispectral classi-
fication refined by the standardized DSM. The third approach
used empty spaces in the Lidar DTM and NDVI classification
(method 3), while the last method was based on the density
analysis of Lidar DTM and DSM raw data. A study by Parrish
and Nowak [15] presents the methodology of modelling objects
using very dense, detailed point clouds, in which the vertical
structures of objects are well characterized. The existing recom-
mendations [5] concerning the detection of aviation obstacles
focused on using point clouds from ALS. However, as one
cannot exclude omitting elongate obstacles, object detection is
verified with use of traditional ground measurements, which
significantly increased the duration of the process. Additionally,
ALS does not ensure high time resolution of data. In terms of
ensuring safety in the air space, time resolution and accuracy of
data on aviation obstacles are of key importance in performing
aviation operations. Objects that are taller than the boundary
surfaces, in certain conditions may cause the need to increase
the relative or absolute altitude of flight above the obstacles for
precision instruments landing approach or any other flight pro-
cedure. Such objects may also have an operational influence on
designing flight procedures. There is no doubt that the accuracy
of determining aviation obstacles affects the safety during the
flight of an aircraft [12].

According to the latest provisions of the Eurocontrol manual
[5] the detection of elongate aviation obstacles should be ensured
at a much higher image scale than that obtained from traditional
photogrammetric missions.

B. Segmentation

Segmentation [16] is one of the critical phases of point cloud
processing. It aims to group the points into significant clusters
with homogeneous properties [17]. Point cloud segmentation,
the aggregation of 3-D points into many homogeneous groups
with standard features [18], has been studied for decades. A
majority of the authors have focused on designing and develop-
ing hand-made algorithms for point classification and [19]-[29].
However, finding the optimal segmentation method remains a
challenge [30].

Conventional segmentation methods such as region growing
[31] or clustering examine points in the vicinity of initial seeds or
origins and check if they belong to the same group or not accord-
ing to the given criteria. Euclidean distance [32], density [33],
[34], vector normal deviation [35], [36], surface smoothness
[37], and curvature [38] of points are representative criteria. Be-
sides, segmentation may also be performed in the feature space.
Distinctive geometric features or RGB information are also
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introduced as segmentation criteria [39]. However, all these seg-
mentation methods are easily affected by noise and outliers in the
dataset, resulting in over- or undersegmentation with different
granularities of the segments obtained. Besides, complex seg-
mentation criteria will significantly increase the computational
time. In addition, the gaps between the point clouds (mismatch of
the points from the image matching for each pixel of the image)
and different point densities make this a more problematic issue.
Overall, point cloud segmentation can be considered a difficult
topic.

The review of methods, algorithms and solutions that can be
applied at individual modelling stages is provided in [40]. At the
last stage of modelling, buildings are usually formed as a combi-
nation of planes in 3-D space. For this reason, the second stage of
the modeling process is crucial, as this is when subsets of points
describing (modeling) individual planes are extracted. This task
is complicated by the presence of erroneous points in the set. At
this stage, the most commonly used algorithms are RANSAC,
rising planes, and the Hough transform, with possible modifica-
tions, with the first two of the methods mentioned above being
dominant.

In their research, Nguyen and Le [41] presented segmentation
methods divided into five categories: edge-based; region-based;
attribute-based; chart-based; and model-based. In model-based
methods, all points with the same mathematical characteristics
are grouped into a single segment, such as a sphere, plane, and
cylinder. Schnabel et al. [42] proposed a model-based algo-
rithm for detecting basic shapes from disordered point clouds.
Their algorithm is based on RANSAC. In their works, Bauer
et al. [43] and Boulaassal [44] use the RANSAC algorithm
to detect building facades. To optimize the operation of this
estimator in the plane extraction process, it has undergone
numerous modifications. Awwad et al. [45] and Delmerico
et al. [46] propose to consider the direction of the normal
vector calculated at each point of the cloud. Concerning the
detection and modeling of aviation obstacles, the application of
several algorithms was presented, which allow to isolate the
shape of obstacles and to adjust the point cloud [52], [53].
Knowing the height and location of the obstacles is sufficient
for the aircraft to avoid them. Several other methods of de-
tecting aviation obstacles have also been presented in subject
literature [54], [55].

The authors of this article will attempt to prove the
following hypothesis: point cloud segmentation with the
modified RANSAC algorithm through the use of vector data
parameter, the introduction of a new point cloud classification
algorithm, which is adapted to the geometric features of
aviation obstacles, and the criterion of point cloud filtration
obtained from low altitude will allow for the detection of
aviation obstacles with an accuracy compliant with ICAO
regulations [56]-[59].

The research aimed to develop a methodology for auto-
matic detection of aviation obstacles being elongated ob-
jects and their classification based on dense matching of
UAV images.

The rest of this article is organized as follows: in Section II,
the test data are introduced. In Section III, the research method
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Fig. 2. (a) Trimble UX-5 — before flight. (b) Example of GCP location.

is explained. Section IV presents experimental results. In Sec-
tion V, the results are discussed. Finally, Section VI concludes
this article.

II. MATERIALS
A. Study Area

The research was carried out on several selected experimental
areas, which were located around the Lask military airport. It is
an Air Force airport located in central Poland, south of the town
of Lask (51°33'06”"N; 19°10'45"E) (see Fig. 1). The surface of
the area covered with photos was approx. 25 km?.

B. Description of the Dataset

The source data for the dense point cloud generation was ob-
tained using the Trimble UX-5 airframe [see Fig. 2(a)], equipped
with a Sony a7R camera. The aerial platform was equipped with
a single-frequency GPS receiver, recording data at a frequency
of 10 Hz.

The flights were carried out in the test area in April 2019.
The weather conditions were good, i.e., the sky was covered
with a small number of cumulus clouds, and the average wind
speed was about 2 m/s. Camera settings were defined in manual
mode, while the focus of the lens was set to infinity. The test area
covered the area around the Lask military airport. The measure-
ment campaign consisted of 30 test blocks, where each block
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TABLE I
CHARACTERISTICS OF THE TEST EXPERIMENTAL AREAS IN LASK

Experimental area number 1 2 3 4
Number of lines 18 17 16 17
Number of photos 608 576 565 580

Camera / lens focal length
[mm]

Average
longitudinal/transverse
coverage [%]

Flight altitude [m] 300

Sony a7R /36.34

75175

Number of control points 4 6 5 6

Number of independent
checkpoints

Value of the standard
deviation of a'priori
control points and
checkpoints X, Y, Z [m]

GSD [m]

0.03,0.03, 0.03

0.04

consisted of approximately 600 images on average. The data
was obtained from about 250 m altitude above the ground. The
flights were carried out in the east-west direction, assuming that
the transverse and longitudinal coverage was 75%. In the study
area, the marked control points were designed and measured [see
Fig. 2(b)]. All points were measured using the RTK technique in
the GNSS system. The terrain coordinates of the control points
were determined with the mean error mg, ,, , = £0.03 m.

C. Characteristics of the Experimental Area

Four experimental areas (1, 2, 3, and 4) were used for further
research (see Fig. 3).

They were located close to the runway strip of the Lask
airport. The 1st area consisted of 18 lines, 608 photos; the 2nd
area included 17 ranks consisting of 576 photos. The 3rd area
consisted of 16 lines with 565 photos, and, finally, the 4th area
consisted of 17 lines with 580 photos (see Table I).

For the experimental areas, ground control points (which are
used in the aerotriangulation process to determine elements
of external orientation of images) were measured, as well as
independent checkpoints to assess the accuracy of alignment
of the block. All images are oriented to the Polish national
coordinate system PL-2000 zone VI.

The military airport with the 32nd Tactical Air Base (BLT)
is located in Lask (see Fig. 4). The recent modernization of the
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Fig. 4. Diagram of the Lask airport based on [aip mil].

airport, i.e., extension of the runway and the modernization of
the airport infrastructure, has made the 32nd BLT one of the
most modern units of the Polish Air For, pce.

D. Experimental Areas

The research used data obtained from four flights (see Fig. 3).
Each of the flights was carried out in the vicinity of the Lask
military airport. The first criterion for selecting the research
area was to fit into the area coinciding with one of the obstacle
limiting surfaces, i.e., the approach surface. The second criterion
was the presence of objects protruding above the ground surface,
which may pose a potential threat to aircraft traffic. Due to
the negligible number of obstacles in the vicinity of the Lask
military airport, the research ignored the top-down dimensions
and slopes of the approach surface in Poland [60]. That change
allowed for the extension of the scope of the study, so that studies
could be performed for a larger number of data. Additionally,
the developed methodology was universal and possible to use
under various constraints and limitations.

1) First Experimental Area: The first area was located very
close to the runway of the Lask military airport. Four control
points and five independent checkpoints were identified in the
study area. Small, heterogeneous buildings characterized the
studied area.

2) Second Test Area: The second area was approximately 20
km from the runway. In the study area, six control points and
eight independent checkpoints were measured. Most of the area
was covered with high, compact buildings.

3) Third Experimental Area: The third area was located ap-
proximately 3 km from the runway strip. In the three study area,
five control points and five independent checkpoints were deter-
mined. The research area was distinguished by small buildings
and the presence of numerous power lines.

4) Fourth Experimental area: The fourth area was approxi-
mately 10 km from the runway strip. Six control points and seven
independent checkpoints were identified in the study area. The
site is characterized by scattered development.

E. Obstruction ldentification Surfaces

The airspace around the airport should be clear of all aviation
obstacles to enable the safe conduct of flight operations and
to prevent the airport from being unusable due to obstacles
forming in its vicinity. This objective is achieved by establishing
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Obstruction identification surfaces for the Lask military airport based

a series of obstacle limitation surfaces that define the limits
to which objects in the air can protrude. Objects that exceed
the obstacle limitation surfaces under certain conditions may
require an increase in the altitude or obstacle crossing altitude
for instrument approach procedures or any other circular visual
flight procedure. These objects may also have an operational
impact on the design of flight procedures.

Obstacle limitation surfaces at aerodromes for airplanes shall
be established considering the number and location of runways
at the airfield, airfield reference code digits, landing approach
category, and visual aids for navigation. The dimensions and
slopes of the obstacle limiting surfaces for the runways for the
Lask military airport have been determined based on Annex
3 to the Aviation Obstacle Ordinance [60], obstacle limiting
surfaces and devices of a hazardous nature. Obstacle limiting
surfaces include but are not limited to a conical surface, an
inner horizontal surface, a transitional surface, and an approach
surface (see Fig. 5).

An approach surface is an inclined plane or pattern of planes
located at a specified distance from the runway strip. The ap-
proach area for the Lask military airport consists of three planes
(see Fig. 6). The first (1) plane is 3000 m long and rises by 2%, the
second (2) plane is 3600 m long and rises by 2.5%, and the third
(3) plane is 8400 m long and horizontal. The approach surface
boundary determines the height which objects in the airspace in
the vicinity of the airport can reach.
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TABLE II
TYPE OF AVIATION OBSTACLE

Type of aviation obstacle

Mast, antenna

Wind turbine

Building, skyscraper

Chimney

Tower

Energy pole

== == [[I[)—- >

FE. Characteristic of Aviation Obstacles

Aviation obstacles are all fixed (permanent or temporary) or
movable objects or their elements that:

1) arelocated in the zone designated for the movement of air

vessels on the ground; or

2) exceed a specific surface designated to protect the air

vessel during the flight; or

3) remain outside those defined surfaces, but have been clas-

sified as threats for air traffic [5], [57].

Data about aviation obstacles are necessary for the design
of landing approach procedures, the creation of aeronautical
charts and base databases, and the analysis of aircraft operating
limitations. The collected data may also determine the height
restrictions or the removal of obstructions that pose a risk to
air navigation [57]. The following types of elongated aviation
obstacles are listed in the register of aviation obstacles or marked
on aerial charts: masts and antennas; wind farms (i.e., wind
turbines); buildings, blocks and skyscrapers; chimneys; towers;
energy poles (see Table II) [5]. The aviation obstacles listed
above represent man-made objects.

III. METHODS

This section introduces and describes a mathematical model
that can be used to automatically detect aviation obstacles and
classify them based on a random point cloud obtained from a
low altitude. The entire process is shown using a flowchart (see
Fig. 7). The diagram shows the stages of detection of objects
in the vicinity of the airport, assuming that objects above a
certain height are considered obstacles to the air. The first stage
consisted in acquiring photos from a low level. Then, using the
Pix4D software, the images were processed, and point clouds
were generated for the various research areas. The works started
with the automatic filtration of the point cloud, where the height
of aviation obstacles above the approach surface was adopted as
the filtration criterion. Then, point cloud segmentation was per-
formed to determine obstacles to aviation. This process started
with the implementation of vector data about 2-D objects on
the basis of an orthophotomap. The attributes of 2-D objects
were directly loaded into segmented point clouds. The use of
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the geometry of the examined objects made it possible to fit the
point cloud into the obstacle database precisely and save the
attributes from the 2-D layer to the structure of each segmented
point cloud. The final stage was the automatic classification of
the point cloud based on the ratio of the object height to its width
and geometric relationships of the cross-section of the objects.
This classification made it possible to determine the type of
obstacle, where GCP’s is ground control points.

A. Aviation Obstacle Detection

This section describes the raw point cloud filtering to identify
points that may be part of aviation obstacles. The point cloud
filtration was carried out in the vicinity of the airport for the area
contained in the obstacle limiting surface, called the approach
surface. The primary purpose of point filtration was to detect
points on or above the approach surface automatically. At this
stage, filtered point cloud applied only to the filtration of point
clouds by their height, according to the set criterion Hy (see
Fig. 8). The use of the altitude criterion made it possible to
detect points that may belong to aviation obstacles (see Fig. 8),
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where 7 is planes of approach surface, Pi(xi, yi, hi) is points
belonging to the 7 plane, H, is the height of the obstacle, H,; is
the height of the approach surface for the first plane, H,o is the
height of the approach surface for the second plane, and H,3 is
the height of the approach surface for the third plane.

The first stage of point plane cloud filtration involved defining
a plane that would uniquely identify points belonging to the
approach surface. For this purpose, the equation 7 (1) passing
through three points was used. Every three noncollinear points
Pi(xi, yi, hi), where i = 1, 2, 3, define exactly one plane 7 that
contains it. The equation for this plane has the form

T —x1y—y1h — M
T x — Ty —ya h — ho
T —z3y—ysh — h3

= 0. (1)

This is called the determinant equation of the plane. The
extreme points being the beginning of the approach surface were
adopted as point P;(x;, y;, h;) and point Po(xa, o, hs), (see
Fig. 9). Point Ps(x3, ys, hs) is at the end of the approach surface
passing through the axis of the runway at a distance n from the
edge of the runway strip.

After defining the planes 7 of the approach surface, the point
cloud was filtered with the height of the H; points as the main
filtering criterion. The airspace object on the approach surface
has a specified H, height. If the H, is equal to or greater than
the height of the approach surface, then the object is considered
an obstacle to flight (see Fig. 10).

For the first part of the approach surface, the object will be an
obstacle if

Ho > Ha1~ (2)
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The approach surface height was calculated using the follow-
ing formula:

H,1 = X;i + Hijt. 3)

where X is the distance from the runway and Hiy¢, is the height
above sea level at the end of the runway.

For the second part of the approach surface, the object will be
an obstacle if

H, > H,s. 4

The approach surface height was calculated using the follow-
ing formula

Hyp = Xi1 + Hu (5)

where X is the distance from the runway.
For the third approach plane, an object will be an obstacle if

H, > H,s. (6)

The 3rd approach plane height, a horizontal surface, is equal
to the maximum height of second plane and is constant

H,3 = constans. (7)

The points above the designated planes were classified as
obstacle points and used for further research. Points below the
plane did not constitute aviation obstacles; therefore, they were
omitted in further studies.

B. Point Cloud Segmentation

The second part of the methodology is the extraction of flat
features using the RANSAC algorithm operating on nonground
points classified in the previous step.

A new vector data parameter has been added to the RANSAC
algorithm, defining the shape and attributes of the tested objects
(aviation obstacles).

The RANSAC algorithm is an iterative method used to esti-
mate the parameters of the searched mathematical model of an
object in a data set containing a significant number of points not
belonging to the modeled surface [61], [62]. That fact makes the
RANSAC estimator particularly interesting for processing point
clouds with noise and erroneous measurements. The algorithm’s
operation consists of two phases: initialization and test, repeated
iteratively (see Fig. 11). The initialization phase was preceded
by creating 2-D vector data on the basis of an orthophotomap
for the detected aviation obstacles, containing information about
these obstacles and automatic loading of vector data in the .shp
format, where i is initiation stage, CS is consensus set, f is
number of points matching the set, M; is model, S is data, P is
plane, M ; is maximum distance between the tested point and the
hypothetical model, p is point matching the model, d is distance
between the point and the assumed model, s; is minimum sets,
Titer 1S number of minimum sets, k is the smallest number of
data necessary to unambiguously define the assumed geometric
model, ¢ is probability of identification of the wrong plane, and
trest 18 threshold value.

The initialization stage consisted in randomly selecting the
minimum set of points that are necessary for the unequivocal de-
termination of the parameters of the estimated geometric model.
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It is the smallest number of k data necessary to unequivocally
define the assumed geometric model. For plane extraction, the
minimum set consists of three points. The implementation of the
algorithm begins with the drawing of a predetermined number
of Tjter of minimal sets s; (8), which is successively modified
during the algorithm

ss e {SCP|S] =k} —1 (8)

Next, the parameters of the Mt model are calculated for each
of the sets (in the case under consideration, the model is a
plane passing through three points). The identified model is a
hypothesis that is tested in the next step—the test. The test stage
requires the determination of the value of the m, parameter,
which defines the maximum distance of the tested point from
the hypothetical model. If the point meets the distance criterion,
it is added to the so-called CS (Consensus Set). In this article,
the set consists of data that were considered to belong to the
considered plane: X

CSy € {p € P, d(M;, p)} < ma 9
where
d(M;, p) (10)

determines the distance of the point from the assumed model
[63].
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After performing the test (9) for all data, the next minimal set
is selected as the basis for the sequence of two steps— hypothesis
and test—that are then repeated. If a CS set containing a greater
number of points than the previous one is found, the existing set
is replaced with the more numerous one and the Tii, value is
modified (number of samples of the minimum sets)

loge
log (1 —q)

where ¢ is the probability of identifying the wrong plane, and ¢
is calculated from the following equation [64]

B A 7—] k
q N '
wherein

Ny is number of points belonging to the identified plane,

N is number of all points belonging to the input data set, and

k  isthe smallest number of data allowing for an unambiguous
determination of the model.

Titer = (11)

12)

When the identification of the first plane is completed, the
described process is repeated, except for the points qualified
to it. Identification of successive planes is completed when the
number of points not added to them is lower than the assumed
threshold value of #egt.

C. Point Cloud Classification

The point cloud classification was aimed to detect aviation
obstacles representing a specific group of elongated objects
with regular cross-sections. The first criterion was the height
of the objects determined based on point clouds. The second
classification criterion was based on the geometric properties of
objects formed by point clouds (see Fig. 12), where w,, is the
obstacle width and H,, is the obstacle height.

It was assumed that for objects belonging to the group of
obstacles: masts, wind turbines, chimneys, towers, power poles
and skyscrapers, the ratio of the width w, of the object to its
height H, [65] should be within the following range:

1 Wo 1

0 < — - (13)

< —-.
H, 2
For aviation obstacles belonging to a group of buildings, the
ratio of the width of the object w, to its height H, should be in
the range:

Wo 1
7 > 5" (14)
The height of aviation obstacles was determined in iterations,
based on the cloud of points. Points that belonged to a plane at a
certain height were searched in the dataset. Point searches were
performed at 10-cm intervals, until the top point of the obstacle
was found. This point was the basis for determination of height.
The divisions for classifying obstacles, considering their width
and height, were determined at the confidence level of Pr(y — 1o
<X < pu+ 1o) = 68.27%. Obstacles that did not fall into the
ranges described above (13, 14) did not meet the adopted criteria
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Fig. 12.  Aviation obstacle filtration process.

for elongated objects, so they were excluded from further stages
of the analysis.

The point clouds assigned to the appropriate groups of ob-
stacles were classified according to their cross-sections. For
this purpose, for each object, its centroid Si was determined
by calculating its coordinates (x,ys) based on the following
formulas:

_ X

xs (15)
n

Ys = & (16)
n

where x; is x coordinate of the centroid [m], ys is y coordinate
of the centroid [m], and n is number of points in the point cloud
of the tested object.

The tested objects were classified based on the distance d; [see
Fig. 13(a) and (b)] of each point cloud point from the object’s
centroid Ci. The distance of the points from the centroid was
calculated using the following formula:

b = \(ws — 2’ + (s — )’

where d; is the distance of the points from the centroid, x; is x
coordinate of centroid [m], y, is y coordinate of centroid [m], x;

A7)
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Fig. 13.  Cross-section of an aerial obstacle. (a) Circular. (b) Polygonal.

isx coordinate of a point from a point cloud [m], y; is y coordinate
of a point from a point cloud [m].

Based on the distance of the point cloud along object edges, a
group of regular and irregular cross-section objects was defined.
For objects with a typical cross-section, it was assumed that
if the distance from the extreme points of the cloud of points
constituting the object’s edge is constant, we are dealing with
objects with a circular cross-section [see Fig. 13(a)]. On the
other hand, if the distance from the extreme points of the cloud
of points constituting the object’s edge was not constant, we are
dealing with objects whose cross-section was a polygon [see
Fig. 13(b)]. Therefore, objects such as chimneys, towers, build-
ings, and skyscrapers were classified as objects with a regular
cross-section. Objects with an irregular shape included masts,
wind turbines and power poles. Objects classified as regular (i.e.,
typical cross-section) were used for further research.

IV. EXPERIMENTS AND RESULTS

This section presents the research experiments and the corre-
sponding results obtained from the UAV images. Initial filtration
of the point cloud was performed to detect objects that exceed
the boundary surfaces, i.e., aviation obstacles. Then, using the
RANSAC algorithm, segmentation of the point cloud was per-
formed. The final stage consisted in the automatic segmentation
of the point cloud based on the geometric relationships in the
detected objects, which allowed for the selection of objects of a
regular cross-section and uniform shape. During the experiment,
the authors attempted to use the developed method to detect
obstacles of irregular cross-sections and shapes, such as poles,
masts, and antennas, but the obtained results were difficult to
interpret.

A. Generating a Dense Point Cloud

After determining the external orientation of the photos, the
so-called “rare” 3-D point cloud, which is the starting position
to generate the so-called “dense” point cloud, the point cloud
was generated using the image matching algorithm. The point
cloud extraction process requires relatively small effort, as the
only input elements are photos with external orientation. The
results of the point cloud compaction are presented in Table III.
The RMS error of the 3-D point location for the first test area
was 0.02 m, for the second test area 0.01 m, for the third test
area 0.03 m, and for the fourth test area 0.01 m.
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TABLE III
POINT CLOUD DENSIFICATION RESULTS

Number of test RMSE 3D .
area point [m] Average Density (per m3)
1 0.02 81.62
2 0.01 80.22
3 0.03 77.20
4 0.01 80.49

Profile 1

Ny 4

Fig. 14.

Profile 2

Eask military airport—Ilocation of the terrains profiles.

B. Assessment of the Height Accuracy of Dense Point Clouds
Based on the Terrain Profile

The accuracy of dense point clouds was then assessed by
means of the following.

1) Comparing the altitude accuracy of point cloud profiles
with the terrain profile measured in the open area using
the GPS RTK method,

2) Semi Global Matching (SGM): Generated point cloud
profiles comparison with LiDAR point clouds [66].

Five field profiles were measured in the study area (see

Fig. 14).

Field profiles 1, 2, and 5 were measured in open areas, where
the satellite signal reaching the receiver is characterized by the
maximum possible strength, which affects the quality of the
obtained results. Profiles 3 and 4 ran close to the forest, where
growing trees could somewhat disrupt the signal.

The terrain profiles used to determine the precision character-
istics of the point cloud were measured for each of the four test
areas. Profile no. 1, approximately 750 m long, consisted of 131
points and was measured with an interval of 4-9 m. Profile no.
2, approximately 600 m long, consisted of 91 points, and was
measured with an interval of 4-8 m. Profile no. 3 with a length of
about 500 m and the number of points 82 was measured with an
interval of 5-9 m. Profile no. 4, about 650 m long, consisted of
119 points, was measured from interval 4-9 m. Finally, profile
no. 5, about 670 m long, consisted of 123 points.

Based on the differences in height between the examined point
clouds and the measured field profile, parameters characterizing
the accuracy were calculated, such as the average height differ-
ence, maximum negative, and positive deviations, mean error
and standard deviation. The results are summarized in Table IV.
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TABLE IV
STATISTICAL VALUES CHARACTERIZING THE HEIGHT ACCURACY ALONG THE
TERRAIN PROFILE, CALCULATED FOR THE DENSE POINT CLOUDS STUDY

Mean Maxim Mea  Standar
height um Maximu n d
differe  negativ m error  deviati
GSD .
Profile [m] nce e positive [m] on
[m] deviati  deviation [m]
on [m]
[m]
1 0.04 -0.06 -0.16 +0.05 0.06 0.07
2 0.04 -0.03 -0.05 +0.10 0.08 0.11
3 0.04 -0.04 -0.04 +0.11 0.08 0.08
4 0.04 +0.03 -0.12 +0.18 0.06 0.15
5 0.04 -0.05 -0.07 +0.09 0.07 0.12
TABLE V

STATISTICAL VALUES CHARACTERIZING THE HEIGHT ACCURACY ALONG THE
TERRAIN PROFILE, CALCULATED FOR THE LIDAR POINT CLOUDS

Maxim

Mean Maximu Standar
Dens height um Mea d
Profile ity differe negatty positive n deviati
[pt/m e L. error
P nce L. deviation on
1 deviati [m]
m] [m] [m]
1 4.0 0.09 -0.07 +0.18 0.11 0.06
2 4.0 0.08 -0.06 +0.15 0.09 0.04
3 4.0 0.09 -0.06 +0.18 0.09 0.08
4 4.0 0.10 -0.04 +0.17 0.09 0.07
5 4.0 0.07 -0.08 +0.14 0.12 0.06

Terrain profiles were measured on point clouds obtained
from airborne laser scanning. It was assumed that the satellite
measurement data are error-free, and that the error would be
determined in relation to them.

The assessment of the accuracy of dense point clouds was
compared with the parameters characterizing the accuracy of the
LiDAR point clouds. The results are summarized in the table.

The data presented in Tables IV and V constitute the basis for
assessing the altitude accuracy of SGM point clouds compared to
LiDAR point clouds, taking into account the factors influencing
the properties of SGM point clouds. Based on the results of
the accuracy analysis, several regularities were noticed are as
follows.

1) LiDAR point clouds are burdened with a greater system-

atic error than SGM point clouds.

2) Images obtained from UAV provide a point cloud with
greater horizontal accuracy (lower mean error) than Li-
DAR point clouds.

3) Standard deviation of the LiDAR point cloud is smaller
than almost all SGM point clouds.

4) Value of the standard deviation is slightly higher for the
SGM point cloud, which indicates that the images obtained
from the UAV also provide a point cloud that correctly
reflects the topography.
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C. Detection of Objects That are Aviation Obstacles

Dense point cloud became the basis for further research on
the detection of aviation obstacles. After the initial processing of
data obtained from the UAV and testing the accuracy of the point
cloud, the point cloud was filtered. To do so, obstacle limiting
surfaces were determined as the initial step in detecting aviation
obstacles. The Lask military airport belongs to the first class
of airports [2], [60] and has strictly defined surfaces limiting
obstacles. Each of these surfaces is at a certain height, and objects
whose height is higher than the obstacle limiting surfaces are
called air obstacles. The equations of planes 7 constituting the
obstacle limiting surfaces were determined in compliance with
the ICAO requirements (see Fig. 15).

Each of the planes rises to a particular height H. This height
became the point cloud filtration criterion. Points with a height
equal to or greater than the height of the approach surface
were classified as elements of aviation obstacles H, > H,1 (see
Fig. 15) and were used in further stages of the research. During
the study, they were introduced to the regulations that define the
range of obstacle limiting surfaces. The altitude requirements
in the close vicinity of the airport have changed. In the area of
the Lask airport, the obstacle limiting surface was modified for
research purposes (see Fig. 16) by increasing the range of the
surface and lowering the height, which allowed the authors to
obtain more research material in the form of further obstacles.

The modified obstacle limitation surface has defined the limit
heights above which objects become aviation obstacles. Points
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Fig. 18.  Location of aviation obstacles near the Lask military airport.

from the point cloud that pierced the limiting surface were used
for further development. Ten obstacle objects were detected
in the four experimental areas (see Fig. 17). Points below the
boundary surface are marked in green. Points above the bound-
ary surface are marked in red.

D. Segmentation and Classification of Point Cloud

After the filtration of the point cloud, ten objects were selected
for further analysis as aviation obstacles in the vicinity of the
Lask military airport. Three obstacles were chimneys, and four
more were buildings; a power line pole; a wind turbine; and the
last one was a water tower. All of the abovementioned obstacles
were located near the airport (see Fig. 18).

The ten analyzed data sets were characterized by the fact that
they represented tall structures. The facilities differ significantly
in terms of their architecture. However, three groups of objects
may be distinguished based on their cross-section. The industrial
chimney is a slender structure but similar in its round cross-
section to a water tower. The skyscraper is a tall building, slightly
different from the apartment block, but there is an analogy in
the cross-section. Both the power line pole and the wind turbine
are elongated objects, but their cross-sections are irregular. The
primary objective of the research was to develop a methodology
for detecting aviation obstacles of an elongated shape, where
the main emphasis was placed on the most accurate reflection of
their actual height. Given the above, the segmentation algorithm
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was aimed at the most precise determination of the height of
aviation obstacles.

All analyzed objects were segmented and classified to detect
their actual shapes and heights. The previously filtered point
clouds were used as input data. The implementation of the seg-
mentation algorithm began, on the basis of an orthophotomap,
with the creation of 2-D vector data about objects that are
aviation obstacles. Then, the vector data in the X, Y horizontal
planes was implemented in MATLAB. The work began with
withdrawing a predetermined number T, of minimal sets sy,
which were modified online. Then, for the collection of points,
the parameters of the plane surface passing through the three
points were calculated. The model detected in this way became
the hypothesis that was then tested in the next step, i.e., the test.
The algorithm started with determining the maximum distance
from the tested point to the hypothetical model. If a specific
point met the distance criterion, it was added to the so-called set
consisting of data that belonged to the considered plane M;. After
the test was performed, the next minimal set was selected. From
this set of points, the hypothesis and test steps were repeated.
When the algorithm found a set of points with more points than
the previous one, the existing set was replaced with the larger
set. After the detection of the first plane, the whole process was
repeated, but without the participation of points belonging to the
first plane. The plane detection was performed until the number
of points not added to any of the planes was lower than the
assumed threshold value of 7.t .

The presented algorithm was applied to all four data sets,
which enabled the detection, segmentation and classification of
the point cloud. The input data for all examined objects was
the point cloud of individual objects. The first photogrammetric
treatment was an industrial chimney. In this case, the algorithm
detected the object automatically and quickly. As a result of
the application of the RANSAC algorithm, data on an obstacle
with known coordinates X, ¥, H were obtained (see Fig. 19).
The height of the obstacle was determined with an accuracy
of 0.03 m. The second tested object was the water tower. Both
the tower and the chimney have a common feature—despite
the different architectural styles, both buildings have circular
cross-sections. The water tower data set was characterized by
the lowest number of points among all the tested objects. In this
case, the input data set consisted of 20 thousand points. Here,
the segmentation of the point cloud allowed the detection of
the water tower, which was an aviation obstacle. The following
data sets were much more numerous, and the number of their
elements was in the range of 115 000 points up to 150 thousand.
The clouds of points corresponding to the power line pole and
wind turbine were also subjected to segmentation. In these two
cases, the obtained results were ambiguous, so obstacles with an
irregular cross-section were excluded from the subsequent part
of the research. The last segmented objects were two industrial
chimneys located in the vicinity of the airport.

E. Comparison of Segmentation Results

The preliminary analysis of UAV point cloud segmentation
results was carried out based on a comparison with the
segmentation results for the point cloud obtained from airborne
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Fig. 19. Detected aviation obstacles. (a) Chimney. (b) Water tower. (c) Build-

ing. (d) Building. (e) Chimney. (f) Chimney. (g) Building. (h) Building.

laser scanning. All correctly detected aviation obstacles were
analyzed. It was noticed that in the case of both groups of data,
the RANSAC algorithm, in most cases, correctly qualified the
points belonging to objects that were aviation obstacles. The
LiDAR point cloud was characterized by a more significant,
evenly distributed number of points on the ground and base.
The algorithm incorrectly qualified the ground points to the set
belonging to the obstacle. The analysis of segmentation results
for both data sets has been extended to include a summary of the
algorithm execution time, processing data sets of various sizes
(see Table VI). Based on the outline of the results, one may notice
that the number of points does not increase the number of surface
planes and thus the time needed to perform the segmentation.

F. Analysis of the Accuracy of the Point Cloud Fit

The analysis of the accuracy of the point cloud fit was carried
out based on the reference data contained in the eTOD database
(electronic Terrain and Obstacle Data). The aerodrome obstacle
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TABLE VI
SUMMARY OF THE ALGORITHM EXECUTION TIME FOR THE UAV POINT CLOUD
AND LIDAR POINT CLOUD

Num
e point  points planes of planes UAV  LiDAR
s LDAR UAy  HDAR ] [s]
UAV
1
(chimne 841 952 5 5 10 11
y)
2
(chimne 798 818 4 4 9 11
y)
3
(chimne 803 812 4 4 9 10
y)
4
(buildin 1404 1558 3 3 12 14
g)
5
(buildin 1656 1688 5 5 18 19
g)
6
(buildin 1894 1902 7 7 21 22
2
7
(buildin 1528 1533 6 6 19 21
2)
8
(water 702 731 3 3 9 10
tower)
TABLE VII

STATISTICAL VALUES CHARACTERIZING THE ACCURACY OF THE POINT
CLoUD FITTING

Mean_ X Mean Y M;an Stan
e O o g e dord
. difference .
differenc [m] nce H [m] tion
e [m] [m] [m]
Chimney 1 0.02 0.03 0.03 0.05 0.04
Chimney 2 0.03 0.01 0.04 0.07 0.06
Chimney 3 0.02 0.02 0.02 0.04 0.06
Building 1 0.04 0.03 0.03 0.06 0.07
Building 2 0.05 0.04 0.02 0.07 0.07
Building 3 0.03 0.02 0.04 0.06 0.05
Building 4 0.02 0.05 0.04 0.06 0.05
Water 0.02 0.03 0.03 004 0.5
tower

database includes information on objects penetrating the aero-
drome boundary surfaces. The database contains information on
the longitude and latitude of the obstacle, its absolute height,
height above the ground surface, location—Ilocality, type of
obstacle, etc. The analysis of the accuracy of fitting the cloud
of points took into account whether it fit into the horizontal
plane (X, Y coordinates) and fitting into the vertical plane (H
coordinate) (see Table VII).

The accuracy analysis was carried out for eight aviation
obstacles—three industrial chimneys, four buildings, and one
water tower located in the vicinity of the airport.

Based on the above table, it can be seen that the average
difference in horizontal coordinates (X, ¥) was in the range from
0.01 to 0.05 m. The average difference in height (H) fell in the
range from 0.02 to 0.04 m. Mean error of the point cloud fitting
to the obstacle data set was from + 0.04 to &= 0.08 m, and the
standard deviation ranged from 0.04 to 0.07 m.
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Based on the accuracy results, it can be concluded that the
developed method of aviation obstacle detection and classifica-
tion guarantees horizontal and vertical accuracy at the level of
several centimeters.

V. DISCUSSION OF RESULTS

This section covers the results of detection, low altitude
point cloud segmentation, and elongated aviation obstacle
classification.

The research on the algorithm of aviation obstacle detection
was preceded by an analysis of the altitude accuracy of dense
point clouds based on the measured terrain profiles. For this
purpose, the accuracy parameters were calculated based on the
differences in height between the dense point clouds and the
measured terrain profiles. The standard deviation ranged from
0.07 to 0.15 m. The accuracy assessment was supplemented
with the measurement of field profiles on point clouds obtained
from airborne laser scanning. Based on the height determined
from ALS point cloud and field profiles, the standard deviation
ranged from 0.04 to 0.08 m. The mean error for the dense point
clouds was lower by 0.03 m. The standard deviation for the dense
point clouds was more significant by 0.04 m than the standard
deviation of the LiDAR point cloud. In his research, Wallace
et al. [67] presented a similar vertical accuracy obtained with
the use of ALS and UAYV, pointing to the advantage of UAVs due
to the relative ease and speed of data acquisition.

The initial detection of objects resulting from automatic
filtration of points located above the designated surface allowed
for the identification objects that may be aviation obstacles. The
processing time of this method and the complete automation
of the process demonstrate the high efficiency of the presented
approach.

This article presents a modified RANSAC algorithm to per-
form point cloud segmentation. The algorithm was enriched by
adding the parameter of vector data that define the attributes and
shapes of the analyzed objects.

The culmination of the aviation obstacle detection process
was the automatic classification of the aviation obstacle point
cloud based on the width and height of the obstacle as well as on
the centroid and the cross-section of the object. Thanks to this
method, it was possible to determine to which group the tested
point cloud belongs more accurately.

The article focuses on detecting the exact position of an
obstacle (X, Y) and its height (H). The obtained accuracy re-
sults proved that the RANSAC algorithm is a sufficient method
for examining geometrically uncomplicated objects [50]. The
authors took an attempt to use the developed method to detect
such obstacles as masts, turbines, poles, etc., i.e., objects of
irregular shapes. However, the obtained results were ambiguous,
so that, at this stage, it remained impossible to detect obstacles
other than those of geometrically uncomplicated shapes. In spite
of these limitations, the presented method still ensures, among
others, the required accuracy for detecting obstacles [56], the
automation of the procedure, and shortening the duration of the
whole detection process.

The accuracy analysis of aviation obstacles detection and
classification has been enriched with creating a synthetic model
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to determine the accuracy of plane identification. The analysis
results made it possible to conclude that the algorithm allows for
the determination of the exact location of the planes; however,
a slight flaw was noticed, which was the incorrect inclusion of
points located in the same plane, but not belonging to the aerial
obstacle. However, this did not affect the vertical accuracy of
the determined obstacles.

The developed methodology enabled the detection of obsta-
cles of regular cross-sections, with a uniform structure of the
point clouds. The positioning accuracy was checked with the
obstacle database. The mean error of fitting the point cloud in
eTOD was from £ 0.04 to £ 0.07 m. The standard deviation
ranged from 0.04 to 0.07 m. The mean difference in the X
coordinate was from 0.02 to 0.05 m, in the Y coordinate from 0.01
t0 0.05 m, and in the H coordinate from 0.02 to 0.04 m. Mitsevich
[12] obtained lower accuracy of determining aviation obstacles
in this article, achieving accuracy on the level of 0.3 to 0.5 m.

The experiment presented here demonstrates the advantages
of using imagery from UAV to detect aviation obstacles. Data
from UAV are obtained depending on the needs and the only
limitation are the meteorological conditions, while data from
airborne laser scanning are obtained usually only once a year.
Although the ALS enables to cover a larger area, the necessity
to ensure a high frequency of obtaining data, considering the
emerging needs, forces us to use a more cost-effective method,
which is the UAV.

However, despite the satisfactory results, the presented
method has some limitations. The first limitation of the proposed
method and other similar algorithms based on statistical image
values is that they may not be suitable for specific examples
of images, e.g., those obtained in poor weather conditions. An
example may be intense fog that obscures only a part of the
object captured in the photograph. In that case, the use of the
algorithm will negatively affect the color reproduction in the im-
age and, consequently, degrade the spectral quality of the image.
Another limitation resulted from narrowing down the research
to aviation obstacles that were elongated objects. The developed
methodology is used to study objects, which may include towers,
chimneys, skyscrapers, or buildings i.e., those that have a regular
cross-section and uniform shape. The detection of obstacles of an
irregular shape (heterogeneous distribution of the point cloud),
such as a power line pole or wind turbine, brought ambiguous
results, which suggests that the method still requires further de-
velopment. The authors are planning to conduct further research
to detect all types of aviation obstacles in the vicinity of airports.

VI. CONCLUSION

The article attempts to describe the automatic detection and
classification of elongated aviation obstacles based on dense
point clouds. The authors used a modified RANSAC algorithm,
presented a new approach to aviation obstacle detection and
classification and to point cloud filtration. The main objective
of the methodology is to detect elongated aviation obstacles in
the close vicinity of the airport.

As aresult of the conducted research, eight aviation obstacles
were detected, and the obtained accuracy seems to be promis-
ing. Based on the data contained in eTOD, the accuracy of
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the point cloud fit was calculated. The mean error of fitting
the point cloud was + 0.05 m. The mean difference in the X
coordinate was from + 0.03 m, the mean difference in the Y
coordinate was from + 0.02 m, the mean difference in the H
coordinate was from + 0.03 m—precision limits imposed by
ICAO rules [56]-[59]. The authors of this article presented a
methodology that enables detecting obstacles of an elongated
shape. Tests were conducted on a dense point cloud generated
based onimagery obtained from UAV and dense image matching
algorithms. So far, research on the detection of aviation obstacles
was conducted on point clouds obtained from airborne laser
scanning [5]. However, the correct detection of elongated obsta-
cles was difficult and required additional control by means of
traditional ground measurements, which significantly increased
the duration of the detection process [5]. The method presented
here offers higher spatial accuracy, lower data acquisition costs,
higher time resolution, i.e., up-to-dateness of data, the possibility
to analyze large areas, automation of the process, detecting
elongated obstacles, and, finally, shortening the total duration of
the detection procedure. The developed methodology may sig-
nificantly improve the process of analyzing aircraft operational
limitations, designing procedures, creating aeronautical charts,
and improving safety in the airspace by reducing the risk of an
aircraft collision with an obstacle to a minimum. The presented
approach can be used for airports of various categories, with
differing constraints imposed by obstacle limiting surfaces.

Future research will improve the presented methodology and
extend the study to other types of aviation obstacles. The authors
plan to expand the classification algorithm to cover all kinds of
aviation obstacles.

REFERENCES

[1] M. Zeybek and 1. Sanlioglu, “Point cloud filtering on UAV based point
cloud,” Measurement, vol. 133, pp. 99-111, 2019.

[2] Annex 14 to the convention on international civil aviation, “Aero-
dromes: Aerodromes design and operations,” ICAQO, 8th ed., vol. I, 2018.
[Online]. Available: https://ffac.ch/wp-content/uploads/2020/10/ICAO-
Annex- 14- Aerodromes- Vol-I- Aerodromes-Design-and- Operations.pdf

[3] ICAO, “Safety report,” Int. Civil Aviation Org., Montreal, Canada, 2020.
[Online]. Available: https://www.icao.int/safety/Documents/ICAO_SR_
2020_final_web.pdf

[4] ULC, “Sprawozdanie o stanie bezpieczefistwa lotnictwa cywilnego za rok
2019, (in Polish), Urzad lotnictwa cywilnego, 2020. [Online]. Avail-
able: https://www.ulc.gov.pl/_download/bezpieczenstow_lotow/analizy/
Sprawozdanie_2019.pdf

[5] Terrain and Obstacle Data Manual, Eurocontrol, 3.0 ed., 2021. [On-
line]. Available: https://www.eurocontrol.int/sites/default/files/2021-07/
eurocontrol-tod-manual-ed-3-0.pdf

[6] L. Dong and J. Shan, “A comprehensive review of earthquake-
induced building damage detection with remote sensing techniques,”
ISPRS J. Photogramm. Remote Sens. 2013, vol. 84, pp. 85-99, 2013,
doi: 10.1016/j.isprsjprs.2013.06.011.

[7]1 S.Sunand C. Salvaggio, “Aerial 3D building detection and modeling from
airborne LiDAR point clouds,” IEEE J. Sel. Topics Appl. Earth Observ.
Remote Sens., vol. 6, no. 3, pp. 1440-1449, Jun. 2013, doi: 10.1109/JS-
TARS.2013.2251457.

[8] FE. Rottensteiner, G. Sohn, M. Gerke, J. D. Wegner, U. Breitkopf, and J.
Jung, “Results of the isprs benchmark on urban object detection and 3D
building reconstruction,” ISPRS J. Photogramm. Remote Sens., vol. 93,
pp. 256-271, 2014, doi: 10.1016/j.isprsjprs.2013.10.004.

[9] I.Colominaand P. Molina, “Unmanned aerial systems for photogrammetry
and remote sensing: Areview,” ISPRS J. Photogramm. Remote Sens.,
vol. 92, pp. 79-97, 2014.

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 15, 2022

[10] R. R. Gamage and H. A. Nalani, “A grid-based automated building
extraction technique for low-cost UAV images,” J. Geospatial Surv.,vol. 1,
pp. 23-31, 2021, doi: 10.4038/jgs.v1il1.26.

E. Maltezos and C. loannidis, “Automatic detection of building points
from lidar and dense image matching point clouds,” ISPRS Ann. Pho-
togramm., Remote Sens. Spatial Inf. Sci., vol. 1I-3/WS5, pp. 33-40, 2015,
doi: 10.5194/isprsannals-1I-3-W5-33-2015.

L. Mitsevich, “3D Aerodrome obstacle assessment using stereo remote
sensing imagery,” Int. Arch. Photogramm., Remote Sens. Spatial Inf. Sci.,
vol. XLIII-B2-2020, pp. 1115-1119, 2020.

N. Demir and E. Baltsavias, “Object extraction at airport sites us-
ing DTMs/DSMs and multispectral image analysis,” international
archives of photogrammetry,” Remote Sens. Spatial Inf. Sci., vol. 36,
pp. 25-30, 2007.

N. Demir, N. Poli, and E. Baltsavias, “Detection of buildings at airport
sites using images & LIDAR data and a combination of various methods,”
Int. Arch. Photogramm., Remote Sens. Spatial Inf. Sci., vol. 38, pp. 71-76,
20009.

C. Parrish and R. Nowak, “Improved approach to LIDAR airport obstruc-
tion surveying using full-waveform data,” J. Surv. Eng., vol. 135, no. 2,
pp. 72-82, 2009.

Y. Xu, S. Tuttas, L. Hoegner, and U. Stilla, “Geometric primitive ex-
traction from point clouds of construction sites using VGS,” IEEE
Geosci. Remote. Sens. Lett., vol. 14, no. 3, pp. 424-428, Mar. 2017,
doi: 10.1109/LGRS.2017.2647816.

Y. Xu, S. Tuttas, L. Heogner, and U. Stilla, “Reconstruction of scaffolds
from a photogrammetric point cloud of construction sites using a novel
3D local feature descriptor,” Automat. Construction, vol. 85, pp. 76-95,
2018.

E. Grilli, F. Menna, and F. Remondino, “A review of point clouds seg-
mentation and classification algorithms,” ISPRS Int. Arch. Photogramm.
Remote. Sens. Spatial Inf. Sci., vol. XLII-2/W3, pp. 339-344, 2017.

A. Frome, D. Huber, R. Kolluri, T. Biilow, and J. Malik, “Recognising
objects in range data using regional point descriptors,” in Proc. Sth
Eur.Comput. Vis., 2004, pp. 224-237.

M. Rutzinger, B. Hofle, M. Hollaus, and N. Pfeifer, “Object-based point
cloud analysis of full-waveform airborne laser scanning data for urban
vegetation classification,” Sensors, vol. 8, no. 8, pp. 4505-4528, 2008.
N. Chehata, L. Guo, and C. Mallet, “Airborne LiDAR feature selection
for urban classification using random forests,” Int. Arch. Photogramm.
Remote Sens. Spatial Inf. Sci., vol. 38, pp. 207-212, 2009.

B. Hofle and M. Hollaus, “Urban vegetation detection using high density
full-waveform airborne LiDAR data-combination of object based image
and point cloud analysis,” in Proc. ISPRS TC VII Symp. 100 Years ISPRS,
pp. 281-286, 2010.

C. Mallet, F. Bretar, and U. Soergel, “Analysis of full-waveform LiDAR
data for classification of urban areas,” in Proc. ISPRS Congr., 2008,
pp. 337-349.

M. Bassier, B. Van Genechten, and M. Vergauwen, “Classification of
sensor independent point cloud data of building objects using random
forests,” J. Build. Eng., vol. 21, pp. 468-477, 2019.

T. Hackel, J. D. Wegner, and K. Schindler, “Fast semantic segmentation of
3D point clouds with strongly varying density,” ISPRS Ann. Photogramm.
Remote Sens. Spatial Inf. Sci., vol. 3, pp. 177-184, 2016.

M. Weinmann, B. Jutzi, and C. Mallet, “Feature relevance assessment
for the semantic interpretation of 3D point cloud data,” ISPRS Ann.
Photogramm. Remote Sens. Spatial Inf. Sci., vol. 2, pp. 313-318, 2013.
T. Hackel, N. Savinov, L. Ladicky, J. D. Wegner, K. Schindler, and M.
Pollefeys, “Semantic3D net: A new large-scale point cloud classification
benchmark,” ISPRS Ann. Photogramm. Remote Sens. Spatial Inf. Sci.,
vol. 4, pp. 91-98, 2017.

J. Zhang, X. Lin, and X. Ning, “SVM-based classification of segmented
airborne LiDAR point clouds in urban areas,” Remote Sens., vol. 5, no. 8,
pp. 3749-3775, 2013.

B. Jutzi and H. Gross, “Nearest neighbour classification on laser point
clouds to gain object structures from buildings,” Int. Arch. Photogramm.
Remote Sens. Spatial Inf. Sci., vol. 38, pp. 4-7, 2009.

C.R.Qi, H. Su, K. Mo, and L. J. Guibas, “Pointnet: Deep learning on point
sets for 3D classification and segmentation,” in Proc. IEEE Conf. Comput.
Vis. Pattern Recognit., 2017, pp. 652—660, doi: 10.1109/CVPR.2017.16.
A. Bab-Hadiashar and N. Gheissari, “Range image segmentation using
surface selection criterion,” /IEEE Trans. Image Process., vol. 15, no. 7,
pp. 20062018, 2006, doi: 10.1109/TTP.2006.877064.

A. Aldoma et al., “Tutorial: Point cloud library: Three-dimensional object
recognition and 6 dof pose estimation,” IEEE Robot. Autom. Mag., vol. 19,
no. 3, pp. 80-91, Sep. 2012, doi: 10.1109/mra.2012.2206675.

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]


https://ffac.ch/wp-content/uploads/2020/10/ICAO-Annex-14-Aerodromes-Vol-I-Aerodromes-Design-and-Operations.pdf
https://ffac.ch/wp-content/uploads/2020/10/ICAO-Annex-14-Aerodromes-Vol-I-Aerodromes-Design-and-Operations.pdf
https://www.icao.int/safety/Documents/ICAO_SR_2020_final_web.pdf
https://www.icao.int/safety/Documents/ICAO_SR_2020_final_web.pdf
https://www.ulc.gov.pl/_download/bezpieczenstow_lotow/analizy/Sprawozdanie_2019.pdf
https://www.ulc.gov.pl/_download/bezpieczenstow_lotow/analizy/Sprawozdanie_2019.pdf
https://www.eurocontrol.int/sites/default/files/2021-07/eurocontrol-tod-manual-ed-3-0.pdf
https://www.eurocontrol.int/sites/default/files/2021-07/eurocontrol-tod-manual-ed-3-0.pdf
https://dx.doi.org/10.1016/j.isprsjprs.2013.06.011
https://dx.doi.org/10.1109/JSTARS.2013.2251457
https://dx.doi.org/10.1109/JSTARS.2013.2251457
https://dx.doi.org/10.1016/j.isprsjprs.2013.10.004
https://dx.doi.org/10.4038/jgs.v1i1.26
https://dx.doi.org/10.5194/isprsannals-II-3-W5-33-2015
https://dx.doi.org/10.1109/LGRS.2017.2647816.
https://dx.doi.org/10.1109/CVPR.2017.16
https://dx.doi.org/10.1109/TIP.2006.877064.
https://dx.doi.org/10.1109/mra.2012.2206675.

LALAK AND WIERZBICKI: METHODOLOGY OF DETECTION AND CLASSIFICATION OF SELECTED AVIATION OBSTACLES

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]
[42]

[43]

[44]

[45]

[40]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

X. Lu, J. Yao, J. Tu, K. Li, L. Li, and Y. Liu, “Pairwise linkage for point
cloud segmentation,” ISPRS Ann. Photogramm. Remote. Sens. Spatial. Inf.
Sci., vol. 1II-3, pp. 201-208, 2016.

H. Aljumaily, D. F. Laefer, and D. Cuadra, “Urban point cloud mining
based on density clustering and mapreduce,” J. Comput. Civil Eng., vol. 31,
2017, Art. no. 04017021.

A. V. Vo, L. Truong-Hong, D. F. Laefer, and M. Bertolotto, * Octree-based
region growing for point cloud segmentation,” ISPRS J. Photogramm.
Remote. Sens., vol. 104, pp. 88-100, 2015.

D. Tévari and N. Pfeifer, “Segmentation based robust interpolation-a new
approach to laser data filtering,” ISPRS Int. Arch. Photogramm. Remote.
Sens. Spat. Inf. Sci., vol. 36, pp. 79-84, 2005.

T. Rabbani, F. Van Den Heuvel, and G. Vosselmann, “Segmentation of
point clouds using smoothness constraint,” ISPRS Int. Arch. Photogramm.
Remote. Sens. Spat. Inf. Sci., vol. 36, pp. 248-253, 2006.

P. Besl and R. Jain, “Segmentation through variable-order surface fitting,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 10, no. 2, pp. 167-192,
Mar. 1988, doi: 10.1109/34.3881.

A. Nurunnabi, D. Belton, and G. West, “Robust segmentation for large
volumes of laser scanning three-dimensional point cloud data,” IEEE
Trans. Geosci. Remote. Sens., vol. 54, no. 8, pp. 4790-4805, Aug. 2016.
P. Dorniger and N. Pfeifer, “A comprehensive automated 3D approach for
building extraction, re construction and regularisation from air borne laser
scanning point cloud,” Sensors, vol. 8, pp. 7323-7343, 2008.

A. Nguyen and B. Le, “3D point cloud segmentation: A survey,” in Proc.
6th Conf. Robot., Automat. Mechatronics, Nov. 2013, pp. 225-230.

R. Schnabel, R. Wahl, and R. Klein, “Efficient RANSAC for point-cloud
shape detection,” Comput. Graph. Forum, vol. 26, pp. 214-226, 2007.

J. Bauer, K. Karner, K. Schindler, A. Klaus, and C. Zach, “Segmentation
of building from dense 3D point-clouds,” in Proc. 27th Workshop Austrian
Assoc. Pattern Recognit., 2005, pp. 253-259.

H. Boulaassal, “Segmentation et modélisation géométrique de facades de
batiments a partir de relevés laser terrestres,” Ph.D. Thesis, Université de
Strasbourg, Strasbourg, France, 2010.

T. M. Awwad, Q. Zhu, Z. Du, and Y. Zhan, “An improved segmentation
approach for planar surfaces from unstructured 3D point clouds,” Pho-
togramm. Rec., vol. 25, no. 129, pp. 5-23, 2010.

J. A. Delmerico, P. David, and J. J. Corso, “Building facade detec-
tion, segmentation, and parameter estimation for mobile robot local-
ization and guidance,” in Proc. Int. Conf. Intell. Robots Syst., 2011,
doi: 10.1109/IROS.2011.6094778.

M. Y. Yang and W. Forstner, “Plane detection in point cloud data,”
2010. [Online]. Available: https://ris.utwente.nl/ws/files/103953896/
Yang2010Plane.pdf

J.-E. Deschaud, “Traitements de nuages de points denses et modélisation
3D d’environnement par systeme mobile LIDAR/Caméra,” Ph.D. Thesis,
MINES ParisTech, Paris, France.

S. Tuttas and U. Stilla, “Window detection in sparse point clouds using
indoor points,” international archives of photogrammetry,” Remote Sens.
Spatial Inf. Sci., vol. 38, no. 3/W22, pp. 131-136, 2011.

M. Jarzabek-Rychard and A. Borkowski, “Poréwnanie algorytméw
RANSAC oraz rosnacych plaszczyzn w procesie segmentacji danych z
lotniczego skaningu laserowego,” (in Polish), Archiwum Fotogrametrii,
Kartografii i Teledetecji, vol. 21, pp. 119-129, 2010.

F. Tarsha Kurdi, “Extraction et reconstruction de batiments en 3D a
partir de relevés lidar aéroportés,” Ph.D. Thesis, Université de Strasbourg,
Strasbourg, France, 2008.

Z. Rozsa and T. Sziranyi, “Obstacle prediction for automated guided
vehicles based on point clouds measured by a tilted LIDAR sensor,” I[EEE
Trans. Intell. Transp. Syst., vol. 19, no. 8, pp. 2708-2720, Aug. 2018,
doi: 10.1109/TITS.2018.2790264.

Y. Choe, S. Ahn, and M. J. Chung, “Online urban object recognition
in point clouds using consecutive point information for urban robotic
missions,” Robot. Auton. Syst., vol. 62, no. 8, pp. 1130-1152, 2014,
doi: 10.1016/j.robot.2014.04.007.

M. Hammer, M. Hebel, M. Laurenzis, and M. Arens, “Lidar-based de-
tection and tracking of small UAVS,” Proc. SPIE, 2018, vol. 10799,
Art. no. 107990S.

P. Wu, S. Xie, H. Liu, J. Luo, and Q. Li, “A novel algorithm of autonomous
obstacle-avoidance for mobile robot based on LIDAR data,” in Proc. IEEE
Int. Conf. Robot. Biomimetics, 2015, pp. 2377-2382.

Annex 15 to the Convention on International Civil Aviation, “International
standards and recommended practices,” Aeronautical Information
Services, ICAO, 15ed., 2016. [Online]. Available: https:/ffac.ch/wp-
content/uploads/2020/10/ICAO-Annex- 15- Aeronautical-Information-
Services.pdf

[57]

(58]

[59]

[60]

[61]

[62]

[63]

[64]
[65]

[66]

[67]

[68]

[69]

[70]

1883

Annex 4 to the Convention on International Civil Aviation, “Aeronautical
charts,” ICAO, 11ed., 2009. [Online]. Available: https://aviation-is.better-
than.tv/icaodocs/ Annex %204 %20- %20Aeronautical %20Charts/
Annex%204%?20Aeronautical%20Charts, %20Edition%20n0%201 1.pdf
DOC-9674, “World geodetic system-1984 (WGS84) manual,” ICAO,
2ed., 2002. [Online]. Available: https://skybrary.aero/sites/default/files/
bookshelf/5854.pdf

DOC-1006, Aeronautical informationmanagement, ICAO, led., 2018.
[Online]. Available: https:/ffac.ch/wp-content/uploads/2020/11/ICAO-
Doc-10066- Aeronautical-Information-Management.pdf
“Rozporzadzenie ministra infrastruktury z dnia 12 stycznia 2021 r. w
sprawie przeszkod lotniczych, powierzchni ograniczajacych przeszkody
oraz urzadzeii o charakterze niebezpiecznym,” Dziennik Ustaw, 2021,
poz. 264., in Polish. [Online]. Available: https://isap.sejm.gov.pl/isap.nsf/
DocDetails.xsp?id=WDU20210000264

M. A. Fischler and R. C. Bolles, “Random sample consensus: A paradigm
for model fitting with applications to image analysis and automated car-
tography,” Commun. ACM, vol. 24, no. 6, pp. 381-395, 1981.

M. Zuliani, “RANSAC for dummies,” Los Gatos, pp. 8-93, 2012. [On-
line]. Available: https://www.ic.unicamp.br/*sim;rocha/teaching/2012s1/
mc949/aulas/ransac-4-dummies.pdf

G. Vosselman, B. G. H. Gorte, G. Sithole, and T. Rabbani, “Recognising
structure in laser scanner point clouds,” Int. Arch. Photogramm., Remote
Sens. Spatial Inf. Sci., vol. 36, pp. 33-38, 2004.

M. Zuliani, RANSAC, 2009. [Online]. Available: http://vision.ece.ucsb.
edu/~zuliani/Research/RANSAC/docs/

M. Rogowski and J. A. Prusiel, “Budynek wysokosciowy,” (in Polish),
Przeglad Budowlany, Warsaw, Poland, 2019.

W. Dominik, “Comparison of point clouds derived from aerial im-
age matching with data from airborne laser scanning,” Archiwum Fo-
togrametrii, Kartografii i Teledetekcji, vol. 26, pp. 53—66, 2014.

L. Wallace, A. Lucieer, Z. Malenovsky, D. Turner, and P. Vopénka,
“Assessment of forest structure using two UAV techniques: A comparison
of airborne laser scanning and structure from motion (SfM) point clouds,”
Forests, vol. 7, no. 3, pp. 1-16, 2016.

T. Gobakken, O. M. Bollandsas, and E. Nasset, “Comparing biophysical
forest characteristics estimated from photogrammetric matching of aerial
images and airborne laser scanning data,” Scand. J. Forest Res., vol. 30,
pp. 73-86, 2015.

S. Puliti, T. Gobakken, H. O. @rka, and E. Nesset, “Assessing 3D point
clouds from aerial photographs for species-specific forest inventories,”
Scand. J. Forest Res., vol. 32, pp. 68-79, 2017.

S. Tuominen, A. Balazs, H. Saari, I. Polonen, J. Sarkeala, and R. Viitala,
“Unmanned aerial system imagery and photogrammetric canopy height
data in area-based estimation of forest variables,” Silva Fennica, vol. 49,
2015, Art. no. 1348.

Marta Lalak received the M.Sc. degree in geoin-
formatics from Military University of Technology,
Warsaw, Poland, in 2010. She is currently working
toward the Ph.D. degree in engineering and technical
sciences from Polish Air Force University.

She is a Lecturer with the Institute of Naviga-
tion of the Military University of Aviation, where
she conducts classes on “GIS in navigation,” “ba-
sics of photogrammetry,” “basics of remote sensing,”
“image recognition.” Her research interests include
UAV-acquired data processing and aviation obstacle

detection. He was with the Department of Imagery Intelligence, Faculty of Civil
Engineering and Geodesy, Military University of Technology, Warsaw, Poland.

Damian Wierzbicki received the Ph.D degree in
photogrammetry and remote sensing from Military
University of Technology, Warsaw, Poland, in 2015.

He is currently an Associate Professor with the
Department of Imagery Intelligence, Faculty of Civil
Engineering and Geodesy, Military University of
Technology where he teaches: “Photogrammetry and
Remote Sensing” and “Image Processing.” His re-
search interests include UAV navigation and image
processing, deep learning in remote sensing. His
research interests also include development of new

d

algorithms for object detection and classification in image sequences from UAV.


https://dx.doi.org/10.1109/34.3881
https://dx.doi.org/10.1109/IROS.2011.6094778
https://ris.utwente.nl/ws/files/103953896/Yang2010Plane.pdf
https://ris.utwente.nl/ws/files/103953896/Yang2010Plane.pdf
https://dx.doi.org/10.1109/TITS.2018.2790264
https://dx.doi.org/10.1016/j.robot.2014.04.007
https://ffac.ch/wp-content/uploads/2020/10/ICAO-Annex-15-Aeronautical-Information-Services.pdf
https://ffac.ch/wp-content/uploads/2020/10/ICAO-Annex-15-Aeronautical-Information-Services.pdf
https://ffac.ch/wp-content/uploads/2020/10/ICAO-Annex-15-Aeronautical-Information-Services.pdf
https://aviation-is.better-than.tv/icaodocs/Annex%204%20-%20Aeronautical%20Charts/Annex%204%20Aeronautical%20Charts,%20Edition%20no%2011.pdf
https://aviation-is.better-than.tv/icaodocs/Annex%204%20-%20Aeronautical%20Charts/Annex%204%20Aeronautical%20Charts,%20Edition%20no%2011.pdf
https://aviation-is.better-than.tv/icaodocs/Annex%204%20-%20Aeronautical%20Charts/Annex%204%20Aeronautical%20Charts,%20Edition%20no%2011.pdf
https://skybrary.aero/sites/default/files/bookshelf/5854.pdf
https://skybrary.aero/sites/default/files/bookshelf/5854.pdf
https://ffac.ch/wp-content/uploads/2020/11/ICAO-Doc-10066-Aeronautical-Information-Management.pdf
https://ffac.ch/wp-content/uploads/2020/11/ICAO-Doc-10066-Aeronautical-Information-Management.pdf
Available: ignorespaces https://isap.sejm.gov.pl/isap.nsf/DocDetails.xsp{?}id$=$WDU20210000264
Available: ignorespaces https://isap.sejm.gov.pl/isap.nsf/DocDetails.xsp{?}id$=$WDU20210000264
https://www.ic.unicamp.br/*sim;rocha/teaching/2012s1/mc949/aulas/ransac-4-dummies.pdf
https://www.ic.unicamp.br/*sim;rocha/teaching/2012s1/mc949/aulas/ransac-4-dummies.pdf
http://vision.ece.ucsb.edu/protect $
elax sim $zuliani/Research/RANSAC/docs/
http://vision.ece.ucsb.edu/protect $
elax sim $zuliani/Research/RANSAC/docs/

Zalacznik 4 — [Publikacja 4]

156






ﬁ Sensors

Article

Automated Detection of Atyp

ical Aviation Obstacles from UAV

Images Using a YOLO Algorithm

Marta Lalak !

check for
updates

Citation: Lalak, M.; Wierzbicki, D.
Automated Detection of Atypical
Aviation Obstacles from UAV Images
Using a YOLO Algorithm. Sensors
2022, 22, 6611. https://doi.org/
10.3390/522176611

Academic Editors: Sylvain Girard,
Marios Antonakakis and
Michalis Zervakis

Received: 2 July 2022
Accepted: 29 August 2022
Published: 1 September 2022

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

and Damian Wierzbicki 2-*

Institute of Navigation, Polish Air Force University, 08-521 Deblin, Poland
Department of Imagery Intelligence, Faculty of Civil Engineering and Geodesy,
Military University of Technology, 00-908 Warsaw, Poland

*  Correspondence: damian.wierzbicki@wat.edu.pl; Tel.: +48-261-83-90-21

Abstract: Unmanned Aerial Vehicles (UAVs) are able to guarantee very high spatial and temporal
resolution and up-to-date information in order to ensure safety in the direct vicinity of the airport. The
current dynamic growth of investment areas in large agglomerations, especially in the neighbourhood
of airports, leads to the emergence of objects that may constitute a threat for air traffic. In order
to ensure that the obtained spatial data are accurate, it is necessary to understand the detection of
atypical aviation obstacles by means of their identification and classification. Quite often, a common
feature of atypical aviation obstacles is their elongated shape and irregular cross-section. These
factors pose a challenge for modern object detection techniques when the processes used to determine
their height are automated. This paper analyses the possibilities for the automated detection of
atypical aviation obstacles based on the YOLO algorithm and presents an analysis of the accuracy of
the determination of their height based on data obtained from UAV.

Keywords: detection; UAV; point cloud; classification; deep learning; YOLO; aviation obstacle

1. Introduction

In recent years, a rapid development of investment areas in large cities has been
witnessed. This involves intensive construction works of new objects. Such works often
require the use of additional equipment, such as cranes, lifting cranes, etc., whose position
and height are often of great importance, especially if the works are conducted in the
direct vicinity of an airport. In such an event, these objects become temporary aviation
obstacles. Accurate data indicating the location and height of this type of obstacles are
necessary to ensure safety in the air space. Information about temporary aviation obstacles
is provided in the NOTAM (Notice to Airmen) announcements and is delivered by the air
traffic controller who supervises the security of the aviation operations. The emergence of
an aviation obstacle of temporary nature is the main factor that may generate risk in the
direct proximity of the airport. The area where the obstacle is located must be constantly
monitored by the airport manager [1]. However, temporary aviation obstacles are not
the only elements that pose a threat to air traffic safety. Permanent obstacles situated in
the vicinity of an airport also carry a risk and require flight procedures that will take into
account the elevation of such obstacles to be developed. There are certain recommendations
concerning the methods of obtaining data about obstacles, where an emphasis is placed
on the automation of processes for the purposes of collecting large sets of data. Still,
although the requirements and techniques for obtaining data about aviation obstacles
have been systematised, the automation of the mechanisms used to obtain data about
elongated obstacles, such as antennas, masts, etc., is still being developed [1]. In order to
capture very thin objects, a larger image scale than one used for traditional exploratory
flights is required. This, in turn, requires lower altitudes. The techniques used so far for
aviation obstacle detection have been based on the use of point clouds from airborne laser
scanning (ALS). These techniques have several drawbacks. To begin with, missing an
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elongated obstacle is impossible [1]. Secondly, the object detection control is performed
with the use of traditional ground measurements, which extend the entire process and
eliminate the possibility of its automation. Furthermore, to ensure safety in the airspace,
it is necessary to maintain the obstacle data, updating it regularly. Finally, the airborne
laser scanning does not provide a high time resolution of data acquisition. According
to the latest provisions of the Eurocontrol [1] manual, the detection of obstructions of an
elongated shape should be provided at a much larger image scale than that obtained in
the case of traditional photogrammetric flights. This is possible with a lower flight altitude
obtained with UAV flights. At a lower flight altitude, the obtained spatial accuracy (X, Y, Z)
will be the highest. Updating information about aviation obstacles involves obtaining and
processing large amounts of data. As a result, the process of obtaining and processing these
data must be automated. Currently, the process of reporting temporary aviation obstacles
takes a long time and often requires traditional, time-consuming geodetic measurements.
The automation of the process of obtaining data about temporary aviation obstacles and
ensuring the required accuracy levels for coordinates X, Y, Z of the obstacle pose a new
challenge in the research on obtaining data, which has been reliable so far.

The authors of this paper presented an innovative methodology for the automatic
detection and classification of elongated aviation obstacles based on data obtained from
unmanned aerial vehicles. The novelty of their approach consists of the fusion of the
YOLOV3 algorithm operating with the use of neural networks extracting features from the
image for the detection of atypical aviation obstacles. The authors also proposed and used
a new algorithm for obstacle classification, which is based on a dense point cloud for the
estimation of the height of these obstacles.

2. Related Works

Currently, aerial photogrammetry is the most efficient technique of collecting data
about obstacles, although it involves less automation than other techniques, such as ALS
(airborne laser scanning). The binding requirements for detecting atypical aviation ob-
stacles, which usually are “thin” objects of an elongated shape, require lower altitude
of flight than those applied in traditional aerial photogrammetry [1]. Achieving a lower
flight altitude becomes possible thanks to the use of unmanned aerial vehicles (UAVs).
At lower altitudes, the spatial accuracy (X, Y, Z) of temporary obstacles is much higher.
Apart from the altitude of flight, the temporal resolution of obtaining data as well as the
availability and low operating costs offer an attractive alternative for traditional telede-
tection platforms [2-6]. UAVs, which are used increasingly often, provide digital images
that are used to create dense point clouds to describe 3D objects [7]. This creates new
possibilities of object classification based on point clouds combined with the use of the
properties that are present in the images from the data obtained by UAVs [8]. However,
there is an emerging need to develop the automation of the processes in order to address
the challenge of detecting atypical aviation obstacles of elongated shapes where the correct
detection is only possible at such a low altitude of flight that can be ensured by a UAV.

2.1. Object Classification Based on RGB Imagery

Extracting objects from high-resolution images obtained by UAVs plays an important
role in geospatial applications, including urban planning, telecommunications, disaster
monitoring, navigation, updating geographic databases, and dynamic monitoring of cities.
Automated extraction of objects is a challenging task, as the objects in various regions
have different spectral and geometric properties. As a result, classic image processing
techniques are insufficient for automated extraction of objects from high-resolution data.
The deep learning and semantic segmentation models, which have become popular in
recent years, are used to extract objects from high-resolution images in an automated way.
However, the effective classification, detection, and segmentation of various objects in
remote sensing images also poses a challenge for scientists due to various factors, such
as the appearance of the object, various backgrounds, and environmental conditions. In
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general, image segmentation is a process that enables labelling pixels in the input image, so
that the pixels in the same region/area or object are correlated with the same class label. It
helps to determine whether the given UAV image contains one or more objects that belong
to the category of interest and locate any predicted position of the object in the image.

Object detection based on deep learning may be divided into two categories: two-stage
and single-stage detection. The RCNN (Region Based Convolutional Neural Networks)
(RCNN [9], Fast RCNN [10], and Faster RCNN [11]) series are a two-step algorithm, whose
accuracy highly exceeds that of many other detection algorithms. However, this type of
approach requires higher computational costs, which extends the processing time. In the
single-stage category, one may distinguish the SSD (Single Shot MultiBox Detector) [12,13]
and the YOLO (You Only Look Once) algorithm proposed by Joseph Redmon and Ross
Girshick [14]. YOLO solves the detection of objects like a regression problem and displays
the position and classification of the object in an end-to-end network within a single step.
Due to the detection speed, it is currently one of the most commonly used algorithms. The
YOLO algorithm is being constantly improved due to the significant errors emerging in the
accuracy of the detection of small objects. The version that deserves attention is YOLOV3,
which applies the method of grouping K-averages in order to automatically select the best
initial regression frame for the dataset. The multi-scale anchor mechanism [15] is adapted
to improve the accuracy of detecting small objects.

Anguelov et al., presented in the work by Liu, D., proposed an SSD algorithm that
uses the regression method for detection, integrates the positioning, and classifies it within
a single network. The SSD was modified into VGG16 [16], to replace the fully integrated
VGG16 layer with a convolutional layer.

As opposed to other methods, the deep learning methods are capable of distinguishing
the low and high-level properties automatically [17,18]. Such deep learning methods as
the Convolutional Neural Networks (CNNs) use convolutions to distinguish features auto-
matically. In 2014, pixel-based classification was enabled as a result of adapting the CNNs
model to a fully convolutional neural network [19]. Since then, deep learning methods
have often been used in research on semantic segmentation and object extraction [20]. In
recent years, research with the use of deep learning methods has been conducted in various
areas of remote sensing, including pre-processing of images [21], detecting objects [22],
pixel-based classification [23], and scene understanding [24]. Various research projects on
automated object extraction have also been conducted. Yang et al. [25] proposed a new
network dependent on DenseNets networks and the attention mechanism for the rational
use of functions at various levels. X. Li et al. [26] designed a new deep opponent network
named Building-A-Nets, which uses the opponent’s structure as a solid segmentation of the
roofs of buildings. L. Li et al. [27] presented a new model of CNNs called a Multiple-Feature
Reuse Network (MFRN) in order to reduce the requirements for GPU memory. Lu et al. [28]
used richer convolutional features (RCFs) to detect edges of objects based on remote sensing
images with high spatial resolution. Bittner et al. [29] developed a fully convolutional
network (FCN), which effectively combines high-resolution images with normalised DSM
and automatically generates prognoses for the objects. Xu et al. [30] extracted objects from
high-resolution remote sensing images with use of the Res-U-Net deep learning architecture
and directed filters. Boonpook et al. [31] applied the SegNet deep learning architecture to
build extraction from very high-resolution imagery from unmanned aerial vehicles (UAVs).
H. Liu et al. [32] proposed a fully convolutional network (DE-Net) that was created to store
information with the use of network calculations, especially in down-sampling, encoding,
and up-sampling procedures.

2.2. Research Purpose

This study attempts to verify the following research hypothesis: the detection of
atypical aviation obstacles with the use of a deep neural network whose structure is based
on the YOLO architecture, introducing a new algorithm for the classification of point
clouds, which is adapted to the geometrical features of atypical aviation obstacles and
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the criterion for the filtration of a point cloud obtained from a low altitude enabling the
detection of aviation obstacles with an accuracy that meets the requirements of ICAO
regulations [33-36].

The aim of the research was to develop a methodology for the automated detection
and classification of atypical aviation obstacles based on the data obtained from unmanned
aerial vehicles.

The paper is structured as follows: in Section 3, the research method is explained.
Section 4 presents test data and the experiment results. In Section 5, the results are discussed.
Finally, Section 6 provides a brief summary of this work.

3. Methods

This section describes the methodology of detecting atypical aviation obstacles based
on data obtained from UAVs. The whole process is presented in the block diagram below
(Figure 1). The diagram illustrates the essential stages of the developed methodology of
detecting atypical aviation obstacles. The first stage consisted in obtaining the photos from
the unmanned aerial vehicle. The next step was photogrammetric processing in Pix4D. As
a result, a point cloud and an orthophotomap were obtained. They were then the basis for
further analyses. The orthophotomap was used to detect obstacles in the image with the
use of the YOLO algorithm, which is based on a convolutional neural network (CNN) [14].
The objects detected in the orthophotomap were the basis for the determination of the
x, y coordinates of the centroid C; for each atypical obstacle. The previously generated
point cloud was then used to determine the height of the obstacles. Based on the x, y
coordinates of the objects that were determined with the use of the YOLO algorithm, these
coordinates were defined in the point cloud. As a result, the search area in the point cloud
was narrowed. Later, areas for collecting data about obstacles were generated and used
to determine which of the detected objects penetrate through the surface of the areas and
thus become aviation obstacles [37]. A new algorithm was used to determine the height of
atypical aviation obstacles based on the point cloud. It assumed an iterative search of the
point cloud in reference to the determined centroid in order to determine the height H;4y.
The accuracy of the developed method was analysed based on the conducted experiments
and data about aviation obstacles contained in the Aeronautical Information Publication
(AIP), in the supplements that contain information about temporary aviation obstacles in
the vicinity of airports. Both the horizontal coordinates x, y and the vertical H coordinate
were analysed.

CE=»
4

Image orientation

Point cloud ‘ . Orthophotomap
I |Height of temporary obstacle| ! ; Deep learning

based on point cloud - algorithm (YOLOV3)

1

Point cloud classification i X, Y coordinates of the centroid

of the temporary obstacle

f

ferrain and obstacle data l
collection surface r

Accuracy analysis

- —
7~ Atypical aviation )
k ]

\\ obstacle P

Figure 1. The scheme of detection of the atypical aviation obstacles.
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3.1. Detection of Atypical Aviation Obstacles Using YOLOv3

The detection of atypical aviation obstacles based on image analysis was performed
with use of the YOLOv3 algorithm. The general course of detecting objects in an image
is presented in Figure 2. Data obtained from UAVs were subjected to photogrammetric
processing. As a result, an orthophotomap was obtained. This orthophotomap then became
the source of data for creating a set of data about atypical aviation obstacles. The objects
in the image were enclosed in envelopes. After the YOLO network was optimised and
trained on the developed datasets, the effectiveness of detection was checked. Finally, the
best model of selecting atypical aviation obstacles in an orthophotomap was selected.

Dataset —» Acquisiton —>» Augmentation —» Annotation =~ ------------ \

Model training —)[ IS“I;S:IIS H Model training HMOdeI evaluationJ 4____€Trainiggt/;r:2<tjation

Testing dataset !
Model testing —> Aviation obstacle | - ------======nreanramnioa

Figure 2. Overall architecture of the proposed methodology.

The YOLOV3 algorithm employs convolutional neural networks for the detection of
objects. Neural networks separate the features from images by layers of the convolution
and use the fully connected layers to predict the probability of output and information
about the position of the limiting rectangle. The main advantage of the algorithm as
a single-stage approach is the fact that the whole image is assessed by a single neural
network. It generates all prognoses based on the actual image, instead of the proposed
regions, as it is done in two-stage methods. The input image is represented as a tensor
of the dimensions n X m x 3, where n and m refer to the width and height in pixels, and
3 refers to three colour channels. The YOLOv3 algorithm was created based on the YOLOv2
algorithm, which had a relatively low accuracy of detecting small objects. Due to that,
certain improvements were introduced, resulting in the new version of the algorithm:
YOLOV3. Firstly, the algorithm performs classification with numerous labels [38], where
independent logistic classifiers are used instead of the softmax classifier to predict classes
with multiple labels. In the learning phase, YOLOV3 uses binary cross-entropy loss instead
of the general mean square error to predict classes. A different bounding box prediction
was presented in the work of Al-Saffar et al. [39], where the objectness score is set to 1
if the bounding box prior overlaps a ground truth object more than others. However, if
the bounding box prior overlaps a ground truth object by more than a chosen threshold,
the prediction is ignored. Therefore, YOLOv3 has only one bounding box anchor for each
ground truth object. The work of Y. Li et al. [40] presented predictions across scale, where
YOLOV3 can predict boxes on three different scales and then extracts features from those
scales using feature pyramid networks.

The YOLO algorithm is an end-to-end network, so the whole process uses the method
of calculating loss which is referred to as the sum-squared error [41]. It is a simple sum
of the differences, including coordinate errors, IoU (Intersection-over-Union) errors, and
classification errors. YOLOvV3 uses the Darnket-53 convolutional skeleton that consists of
53 convolutional layers, where it uniformly samples the input image to the dimensions
416 x 416 and assumes that the image is divided into 3 x 3 grids.
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3.2. Determination of the Centroid of an Atypical Aviation Obstacle

Detecting the temporary aviation obstacles with use of the YOLOv3 algorithm allowed
for the determination of the x, y coordinates of the centroid C; of each obstacle. The
determination of centroid C for the obstacle, whose cross-section was a non-intersecting
polygon defined by N vertices (xo, o), (x1, Y1), - - - , (Xn—1, Yu—1) at the point (Cx, Cy), was
calculated using the following formula:

n—1

1
Ce = — ) (xi +xi01) (xiyit1 — Xipayi) (1)
6A 5
1 n—1
Cy = g L Wi+ yis) (xiyipr — Xiayi) 2)
i=0

where A is the signature area of the polygon

1 n—1

A=3 Y (xi — xiayi) ®3)
i=0

The x, y coordinates of the C; centroid of the obstacles, whose cross-section is an ellipse
with extremes A;, B; of known x, y coordinates, were calculated using the following formula:

_ (xa+xp Yya+tys
c_< YA ) @

where: x4, y4 are coordinates of the extreme point of ellipse A, and xp, yp are coordinates
of the extreme point of ellipse B.

The determination of the coordinates of the centroid of each detected obstacle
was essential for the subsequent stage of analysis, i.e., determining the heights of the
aviation obstacles.

3.3. Estimation of Height of Temporary Aviation Obstacle

The determination of the H;y height of an atypical obstacle consisted in an interactive
search of the point cloud with the aim to detect the highest point that belonged to the
analysed object. The subjects of the analysis were atypical aviation obstacles, which include,
among others, construction cranes, wind turbines, energy poles, and masts. In order to
define the height of a construction crane, data about the centroid of obstacle C (x, y) were
used and the maximum radius r of the crane boom reach was determined (Figure 3).

C(x, y, Hnax)

C (x, y, Ho)

Figure 3. Determination of the centroid of the detected obstacle.
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The maximum value of the r radius was calculated using the data that define the
technical parameters of this type of objects. According to the assumptions, the maximum
value of the r radius is 90 m.

The first stage of searching the point cloud consisted in the determination of the initial
height Hy in the point cloud. For the centroid C of the obstacle, of the known coordinates x,
y, the S; plane with the r radius was defined:

(x—a)*+ (y—b)* =1 ©)

The realisation of the algorithm (iteration i = 1) started with searching the S; plane
for the height Hy. The found point A of the point cloud belonged to the dataset B of the
point cloud of the temporary obstacle. The next stage (i = 2) was conducted at the distance
I'=Hp + 10 cm. Each subsequent iteration was performed for the S; plane situated 10 cm
above the preceding one. The height search was continued until the last point belonging to
the set of point cloud B was found.

Hpyyx — A€ B,B>1 (6)

The height of other types of obstacles (wind turbines, energy poles, and masts) was
determined in a similar way as the height of the construction crane. The x, y coordinates of
the C centroid of the obstacle and the radius r of the reach of the analysed obstacle were
used (Figure 4). The value of the r radius was defined based on the maximum technical
parameters of the given type of object. In the subsequent step, the iterative search of the
point cloud was performed with the aim to determine the height of the obstacles Hy.
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Figure 4. Determination of the height of the detected obstacle: (a) energy pole, (b) wind turbine,

(c) mast.

3.4. Classification of Point Cloud

The aim of the classification of point cloud was to detect aviation obstacles that belong
to the group of atypical obstacles. The course of the classification procedure is presented in
the diagram below (Figure 5). It was assumed that the characteristic features that define
atypical obstacles are their elongated shape and irregular cross-section. The first adopted
classification criterion was the height of the objects which was determined based on the
point cloud. The second criterion was based on the distribution of the points in the point
cloud in relation to the centroid C; of the analysed object.
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Figure 5. Scheme of classification of point cloud.

It was assumed that for objects belonging to the group of elongated obstacles, the ratio
of the width w of the object to its height H [42] should meet the following condition:

>

@)

T 8
Qi =

where: w is the width of the obstacle and H is the height of the obstacle.

The ranges of obstacle classification considering their width and height were defined
with a confidence interval of 68%.

Then, the point clouds assigned to the relevant groups of obstacles were classified
taking into account their cross-section, where the characteristics of the distribution of points
in the point cloud in relation to the centroid C; were analysed. To this end, an iterative search
of the point cloud was conducted in belts p; of a fixed width m (Figure 6a). The position of
the points of the point cloud in p; belts was calculated based on the determined distance di
of the points in the cloud from the centroid C; (Figure 6b), using the following formula:

di = \/(xc —xi)*+ (ye —yi)? ®)

where: x, is the coordinate x of the centroid [m], ys is the coordinate y of the centroid [m], x;
is the coordinate x of the point in the point cloud [m], and y; is the coordinate y of the point
in the point cloud [m].

(b)

Figure 6. Analysis of the distribution of the points in the point cloud in relation to centroid C;:
(a) Searching the point cloud in belts p; of a fixed width m; (b) The determination of the position of
the points of the point cloud in p; belts based on the determined distance di of the points in the cloud
from the centroid C;.
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The maximum number of iterations and searches of the point cloud was calculated
based on the ratio between the maximum distance d,;,y of the point in the point cloud from
centroid C; to the width m of the p; belt, using the following formula:

dmux
= ©)

lmax =

4. Materials and Experimental Results
4.1. Study Area

The research was conducted at two test sites, located in the direct vicinity of the Lask
military airport (ICAO code: EPLK) and the Radom-Sadkéw airport (ICAO code: EPRA)
(Figure 7). The Lask airport (ARP: 51°33/04” N; 019°10'57" E) is situated in central Poland,
while the Radom-Sadkéw airport (ARP: 51°23'20” N; 021°12/42" E) is located east of the
Lask airport.
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Figure 7. Location of the research areas.

4.2. Description of Data Sets
42.1. EPLK

The source data for the generation of the dense point cloud was obtained using
the Trimble UX-5 airframe, equipped with a Sony a7R camera. The aerial platform was
equipped with a single-frequency GPS receiver, recording data at the frequency of 10 Hz.

Flights were conducted in two test areas in April 2019. The photographic conditions
were good, i.e., the sky was covered with a small amount of cumulus clouds, and the
average wind velocity was approximately 2 m/s. Camera settings were defined in the
manual mode, while the focus of the lens was set to infinity. The first and the second test
sites were the areas surrounding the Lask military airport. The measurement campaign
consisted of 15 test blocks, where each block contained about 600 images. The data were
obtained at the altitude of approx. 250 m above the ground level. Flights were performed
in the East-West direction, based on the assumption that the longitudinal and transverse
coverage was approx. 75%. The signalled photopoints were designed and measured in
the test area. All the points were measured with use of the RTK technique in the GNSS
system. The terrain coordinates of the photopoints were determined with the mean error of
myy,, = 30.03 m. The first area contained six photopoints and eight independent control
points, while for the second the numbers were, respectively, six and seven. The ground
sampling distance (GSD) was 0.04 m.
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4.2.2. EPRA

The source data for aerotriangulation was obtained using the VTOL WingtraOne
system, equipped with a Sony RX1R II camera. The aerial platform was equipped with
a single-frequency GPS receiver, recording data at the frequency of 10 Hz. As part of the
research analysis, the GNSS data recorded by an AsteRx-m2 UAS receiver placed on the
Tailsitter unmanned platform was used. The flight was carried out in the two research areas
in June 2021. The imaging conditions were good. The first and the second research area
covered the area around the Radom-Sadkow airport. Fourteen test blocks were realised
during the flight, and each of them contained almost 600 images. The data were obtained
at the altitude of 250 m above the ground level. The flight was conducted in the East-West
direction, assuming that the transverse and longitudinal coverage was 75%. The signalled
photopoints were designed and measured with use of the RTK technique in the GNSS
system in the test area. The terrain coordinates of the control points were determined
with the mean error myy,, = +0.03 m. The first area contained six photopoints and seven
independent control points, while for the second the numbers were, respectively, four and
seven. The ground sampling distance (GSD) was 0.04 m.

4.3. Atypical Aviation Obstacles

Objects that may pose a threat to aerial vehicles due to their dimensions are referred to
as aviation obstacles. Apart from permanent objects such as buildings or terrain elevations,
aviation obstacles may also be fixed objects of a temporary nature, or mobile objects (e.g.,
construction cranes), which are called temporary aviation obstacles. Obstacles whose
height exceeds the limiting planes, are considered to be objects that may pose a threat in
the aviation space. Temporary objects, such as construction cranes, are slender structures,
and their atypical shape makes it more difficult to determine their height. Permanent
obstacles may also have the form of elongated or slender objects, which include, among
others: masts, wind turbines, chimneys, and energy poles (Table 1).

Table 1. Atypical aviation obstacles.

Type of Aviation Obstacle

Mast T‘
Wind turbine >|’/1\\f
Chimney :

|
Tower I
Energy pole »

Construction crane

4.4. Surfaces of Obtaining Data about Obstacles

Ensuring safety in the aviation space is a very complex process. Some of its numerous
elements include creating aviation maps, designing procedures, etc. The basis for creating
aviation materials is obtaining and collecting data about aviation obstacles.

As a result of the need to gather and store such data, the following coverage areas are
distinguished: 1, 2 (2a, 2b, 2¢, 2d). Area 2a is a rectangular area around the runway that
includes the runway itself and the abandoned take-off security area, if it exists. Area 2b
is the area that stretches from the end of area 2a in the direction of take-off, 10 km long
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and opening at an angle of 15% to each side. The inclination of this area is 1.2%. Area 2c
stretches outside areas 2a and 2b to a maximum of 10 km from the border of area 2a. Its
surface has an inclination of 1.2%. Finally, area 2d is an area located outside areas 2a, 2b,
and 2c, which reaches up to 45 km from the reference point of the airport or to the existing
TMA border; whichever is closer [37].

Collecting data on obstacles in areas 2a and 2b (Figure 8) is directly related to ensuring
safety in the airspace during the critical phases of the aircraft’s flight, i.e., take-off and
landing. Therefore, it is necessary to update the data on obstacles in these areas on an
ongoing basis.

Figure 8. Obstacle data collection surfaces—Area 2a and area 2b (side profile view).

Areas 2b and 2c are inclined planes that rise starting from area 2a. These areas
determine the threshold altitudes for collecting data about aviation obstacles. The most
important data about the obstacles are their horizontal location, height, and type of obstacle.

4.5. Experimental Results

The experiments were conducted in two test areas located in the vicinity of the Lask
airport (EPLK) and two test areas near the Radom-Sadkow airport (EPRA). Tests were
conducted on data obtained from UAVs during four photogrammetric flights. Two of them
took place in the direct vicinity of the Lask airport (Figure 9) and the other two near the
Radom-Sadkow airport (Figure 10). The test areas were selected based on two criteria: the
first one assumed that the study area should match the 2b area, i.e., the area of collecting
data about terrain and obstacles. The second criterion was the existence of tall objects that
might interfere with safety in the aviation space. The test areas were selected so as to gather
the largest possible amount of data.

[ Research aera //

[0 Area2a <

[ Area2b \//

0 1 2 4 Kilometers
L PR |

Figure 9. Test areas—Lask airport.
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Figure 10. Test areas—Radom-Sadkéw airport.

At the first stage, images were obtained from the UAVs and then processed in specialist
Pix4D software. During the photogrammetric data processing, a dense point cloud was
generated, which was later used to determine the height of atypical aviation obstacles.
Apart from that, an orthophotomap was created and used to detect atypical aviation
obstacles with use of the YOLOv3 algorithm and to define their location. The detection
of atypical aviation obstacles started with the analysis of the orthophotomap. To this end,
artificial neural networks were used to separate the features from the images. The C;
centroids were defined for each detected object. The data about the location of atypical
aviation obstacles obtained in this way made it possible to find these objects in the point
cloud and were the starting point for further analyses of the point cloud.

4.6. Detecting Atypical Aviation Obstacles in the Orthophotomap

At this stage, the YOLOvV3 algorithm based on convolutional neural networks was
used to detect atypical aviation obstacles. Artificial neural networks separate the features
from the images by layers of the convolution and use the fully connected layers to predict
the probability of output and information about the position of the limiting rectangle.

Although several trained YOLO networks containing some known datasets exist, the
neural network still requires training to improve its precision in working with such specific
objects as atypical aviation obstacles.

The model was trained with the use of Google Colab. A notebook based on YOLOv3
that employs trained Darknet-53 weights was used. A set of data for atypical aviation
obstacles was added to the notebook. The training parameters recommended by the
authors of the solution were used for network training purposes. Additionally, the training
consisted of 400 epochs, which took approx. 120 min.

The network was trained for four classes of objects: construction crane, energy
pole, wind turbine, and mast. This resulted in the size of the first scale output tensor
of 13 x 13 x 16.

Non-standard image databases containing objects from the following classes: con-
struction crane, energy pole, wind turbine, and mast were prepared based on the orthopho-
tomaps being a part of the digital database for Poland created by the National Geodetic
and Cartographic Resource (PZGiK). Orthophotomaps in the standard 0.10 m x 0.10 m
were used for tests. The database for the wind turbine class of elevators was enriched with
a publicly accessible database [43].

Most of the images used contained more than one object for the three classes: construc-
tion crane, energy pole, and wind turbine. On the other hand, in the mast class, a majority
of the images contained single objects representative of the class. Objects from all classes
were fully placed inside boxes. Images, where only a part of the object was visible, were
excluded from the training set or the object was not marked as belonging to a specific class.
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The research experiment was conducted on 800 images that contained a total of
1023 objects. The images were randomly divided into three sets of data: training data
(70% images) used to estimate the weights of the artificial neural network, validation
data (20% images) used to test the trained network, and test data (10% images) used
to test the functioning of the network after training. The set of training data consisted
of 560 images that contained a total of 716 objects, the validation data set consisted of
160 images containing a total of 205 objects, while the test data set consisted of 80 images
containing a total of 102 objects. The full distribution of the data set is presented in the
table below (Table 2).

Table 2. Contents of the data set.

Data Set Category Number of Images Number of Objects
Construction crane 143 184
Training set Energy pole 141 196
Wind turbine 140 188
Mast 136 148
Construction crane 44 52
E 1 39 63
Validation set Nergy po'e
Wind turbine 41 49
Mast 36 41
Construction crane 22 27
E 1 1
Tost sot nergy pole 9 30
Wind turbine 21 26
Mast 18 19

The results of the detection of atypical aviation obstacles on the data from the test
dataset are presented in Figure 11a—d. A sample limiting box for the construction crane
class, in green, is presented in Figure 11a,d. A sample limiting box for the energy pole class,
in pink, is presented in Figure 11b,c. A sample limiting box for the wind turbine class, in
beige, is presented in Figure 11b,c. A sample limiting box for the mast class, in magenta, is
presented in Figure 11d.

Figure 11. Cont.
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Figure 11. Sample detection (fragment of orthophotomap): (a) construction cranes; (b) wind turbines
and energy poles; (c) wind turbines and energy poles; (d) construction crane and mast.

The detection of atypical aviation obstacles in the orthophotomap allowed for the
determination of the centroid C (x, y) for each detected object. Data about the location of
aviation obstacles obtained in this way enabled research conduction on the point cloud.

4.7. Accuracy Evaluation of YOLOv3 Algorithm

The indicators used to assess the accuracy of the detected aviation obstacles are
average precision (AP) and mean average precision (mAP). AP defines the proportion of the
correct detections to the sum of the correct detections (i.e., the correct determination of the
location and classification) and false detections of objects. A high value of the AP coefficient
means that there are few false predictions. The mAP coefficient is used to measure the
average accuracy of detection of multiple types of objects. The higher the mAP, the more
comprehensive the model is in all categories. Average precision and mean average precision
are calculated using the formula below [44]:

AP =

N
Precision(k)ARecall (k) (10)

k=1

1 N
mAP = N l; AP, (11)
where: AP; is the average accuracy of class i, and N is the number of classes.

During the measurement of mAP, the efficiency of both the classification and the
positioning with the use of limiting frames in the image are assessed. The mAP formula is
based on Confusion Matrix, Intersection over Union (IoU), and Recall and Precision.

Objects are detected based on the Intersection over Union (IoU) concept [45,46]. IoU
measures the overlapping of two borders and is used to estimate the extent to which the
predicted border overlaps with the actual border of the object. The IoU value is a measure
of the accuracy of the determination of the position and size of the object. The measure is
calculated based on the actual frame of the object and the frame returned by the artificial
neural network. It is defined as the ratio of the product (intersection of the boxes) to
their sum.

Based on the data in Table 3, it was found that the value of the IoU index for the
construction crane class was 69.4%, for the energy pole it was 78.2%, for the wind turbine
class it was 74.2%, and, finally, for the mast class it was 64.9%. These results demonstrate
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that the accuracy of the positioning and location was better for objects belonging to the
energy pole and wind turbine classes. However, the IoU index for the construction crane
and mast classes was slightly lower. The value of the average precision (AP) for the
construction crane category was 74.8%, for the energy pole class it was 67.6%, for the
wind turbine class it was 65.2%, and for the mast class 75.3%. A high value of the AP
coefficient means that few false predictions were obtained. The mAP value of the applied
YOLOV3 algorithm reached the value of 70.7%. Such relatively high value of mAP confirms
that the model is comprehensive and that this algorithm may be used to detect atypical
aviation obstacles.

Table 3. Accuracy of test results in various categories.

Category IoU (%) AP (%) mAP (%)
Construction crane 69.4 74.8
E 1 78.2 67.6
nergy pole 707
Wind turbine 74.6 65.2
Mast 64.9 75.3

One may distinguish three different types of loss: box loss, objectness loss, and
classification loss. The box loss shows how well the algorithm is able to locate the centre
of the object and how well the predicted bounding box covers the object, while objectness
is, in general, a measure of the likelihood of the presence of the object in the proposed
area of interest. Finally, the classification loss provides an idea of how well the algorithm
can predict whether the given object belongs to a class. The curves of loss of the applied
YOLOV3 algorithm for 400 epochs are presented in Figure 12a-h. For the training data,
the box loss and objectness loss diagrams show high fluctuations for the first half of the
epochs. After approx. 200 epochs, the curve stabilises. The classification loss curve flattens
after about 50 epochs. For validation data, the box loss curve begins to stabilise after
200 epochs, while the objectness loss curve stabilises after about 50 epochs. The course of
the classification loss curve for validation data is very dynamic in the initial epochs. Then,
it stabilises after approx. 200 epochs. Based on these curves, it was found that the loss
of the model decreases gradually with the increase in the number of epochs. Recall and
precision curves (Figure 12d,e) stabilise after 200 epochs and demonstrate that the model
is reliable. The mAP diagram for IoU = 0.5 (Figure 12i) shows that the model stabilises
after 200 epochs, giving a high mAP index. The dynamics of the course of the mAP curve
for IoU = 0.5-0.95 (Figure 12j) is similar. However, in this case the value of the mAP index
is lower.

Based on the obtained results, it was found that the mAP index achieved higher values
for lower values of the IoU (Figure 12i), which means that the boxes are not perfectly
matched to the dimensions of the objects. The system obtained poorer results for small
objects that belonged to the mast class and for objects of an elongated shape in the image
which belonged to the construction crane category. This was an expected result, as one
of the characteristic properties of the YOLO network is fast operating speed, but at the
expense of a slightly worse detection of small objects. Additionally, it was noted that the
efficiency of the network was lower for objects from the classes mentioned above, which
were mostly situated in densely developed areas. Slightly lower values of the mAP index
were achieved for higher values of IoU. In this group, obstacles belonging to the energy
pole and wind turbine classes were detected. It was noted that a high value of the mAP
index confirms that the model is comprehensive and that this algorithm may be used to
detect atypical aviation obstacles.
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Figure 12. Accuracy evaluation curves: (a) Box loss function in the training process; (b) Objectness loss
function in the training process; (c) Classification loss function in the training process; (d) Precision;
(e) Recall; (f) Box loss function in the validation process; (g) Objectness loss function in the validation
process; (h) Classification loss function in the validation process; (i) mAP when IoU is set to 0.5;
(j) mAP when IoU is set from 0.5 to 0.95.

4.8. Detection of Atypical Aviation Obstacles Based on Point Cloud

Atypical aviation obstacles were classified based on the point cloud. It was assumed
that such atypical obstacles are characterised by a slender, elongated shape, and an irregular
cross-section. These characteristics were the basis for the determination of the classification
criteria of atypical aviation obstacles. The first criterion was the height of the analysed
objects, which was determined based on the point cloud. The second criterion was the
geometric properties of the point cloud in transverse cross-section in reference to the
defined centroid C; of the object.

4.8.1. Generating a Dense Point Cloud

The photos obtained during UAV flights were subjected to photogrammetric pro-
cessing in the Pix4D software. The matching of multiple images made it possible for the
research team to obtain a “dense” cloud of points. The input data for generating the point
cloud were the images and their external orientation. Based on the obtained point cloud,
the RMS error of the position of the 3D point was determined. For the first test area it was
0.4 m, for the second test area it was 0.3 m, for the third test area it was 0.3 m, and for the
fourth test area it was 0.2 m.

4.8.2. Classification of Point Cloud

The detection of atypical aviation obstacles conducted on the orthophotomap enabled
to determine their location (C (x, ¥)). The data of the horizontal coordinates x, y of aviation
obstacles were used to locate these objects in the point cloud. The classification of the
cloud was performed with use of the iterative method for each previously located aviation
obstacle. The determination of the H;,, height of an atypical obstacle consisted in an
iterative search of the point cloud with the aim to detect the highest point that belonged
to the analysed object. The initial stage of point cloud search was performed for C (x, y,
Hj), where H is the minimum height of the object determined based on the point cloud
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(Figure 13). Iterations were performed until the last point belonging to the object was found
in the point cloud.

Figure 13. Classification of construction crane point cloud.

The classification of the point cloud was followed by its filtration. The aim of this
stage was to analyse the previously detected objects based on the heights obtained from
the point cloud. To achieve it, areas 2a and 2b were created to collect data about obstacles
for the Radom-Sadkow and Lask airports. Area 2a was a flat plane, while area 2b was a
plane inclined by 1.2% in relation to area 2a.

The generated planes constituted the border above which data on aviation obstacles
are collected. Plane 2b rose to the specified height H. The data concerning height allowed
for the filtration of the point cloud. The points from the point cloud that penetrated
through the plane (Figure 14) automatically became obstacles and were included in the set
of obstacles’ data.

Area 2a
Area 2b
*  Aviation obstacle

Figure 14. Area 2a and area 2b with atypical aviation obstacles—Airport Radom-Sadkéw.

4.9. Analysis of the Matching Accuracy of the Point Cloud

The matching accuracy of the point cloud was analysed based on the reference data
contained in the database on obstacles, as well as in the supplements attached to the
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Aeronautical Information Publication. The supplement contains, among others, information
about temporary aviation obstacles. The obstacles” database is developed taking into
account all reported aviation obstacles. It contains information concerning: the geographical
latitude and longitude of the obstacle, its absolute height, elevation above ground level,
location (town), type of obstacle, etc. The analysis of the matching accuracy of the point
cloud took into consideration how well it fit in the horizontal plane (coordinates X, Y) and
in the vertical plane (coordinate Z) (Table 4).

Table 4. Statistical values that characterise the matching accuracy of the point cloud.

Average Difference in Average Difference in Average Difference in s
Obstacle Coordinate X (m) Coordinate Y (m) Height H (m) Mean Error (m) Standard Deviation (m)
Construction crane 0.6 0.7 0.4 0.7 0.5
Energy pole 0.4 0.3 0.5 0.5 0.4
Wind turbine 0.3 0.4 0.5 0.5 0.6
Mast 0.6 0.5 0.6 0.6 0.5

The accuracy analysis was conducted for four classes of aviation obstacles: construc-
tion crane, energy pole, wind turbine, and mast.

The analysis of the statistical values that characterise the matching accuracy of the
point cloud revealed that the average difference in horizontal coordinates (X, Y) fell into
the range from 0.3 m to 0.7 m, while the average difference in height (Z) ranged from 0.4 m
to 0.6 m. The average error of matching between the point cloud and the set of data about
obstacles ranged from £0.4 m to +0.7 m, whereas the standard deviation was between
0.5m and 0.6 m. The results of the accuracy analysis demonstrated that the method of
detection and classification of aviation obstacles guarantees horizontal and vertical accuracy
at the level of several tens of centimetres.

5. Discussion

Section 4, which presents the research experiments and the results of detecting atypical
obstacles, confirms the high efficiency of the developed method. That section discussed
the complexity of the process of accurate detection of aviation obstacles. The complexity
consisted in combining two different techniques of obtaining data: from the image, with
the use of the YOLOV3 algorithm, and as a result of the point cloud analysis. The latter
consisted in an iterative search of the point cloud in reference to the previously defined
centroid in order to determine the height. The point cloud matching results met the accuracy
requirements provided in the ICAO documentation [33-36]. The results of the detection
of atypical aviation obstacles demonstrated that the performance of the neural network
determined with the use of the mAP index was better for objects where the boxes were less
accurately matched to the dimensions of the objects. This case referred to the mast category,
which was represented by small objects. Previous research on the detection of small objects
based on images from UAV revealed that using the YOLOvV3 algorithm to detect such
objects results in lower accuracy [47]. Apart from that, a lower IoU index was noted in the
construction crane category. Objects belonging to this group were characterised by a thin
shape in the image. Both masts and construction cranes were usually located in densely
built-up areas. A slightly lower value of the mAP index was found in the wind turbine
and energy pole categories. However, in these cases, the value of the IoU index was higher,
which proved that such objects were detected with higher accuracy. Most of them were
located in open areas, free from dense development.

Although the efficiency of detecting small objects with the use of deep learning
methods has improved significantly in recent years, there is still a difference between the
accuracy levels achieved for small and large objects [48]. Most research studies present
satisfactory results in the detection of large objects. The YOLOv3 algorithm is being
continuously improved in order to enhance the efficiency of detecting small objects in
images. Liu et al., in their work [47], proposed improving the darknet structure by means
of increasing the convolutional operations in the early layer in order to enrich the spatial
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information. Some studies also revealed an effective reduction of the gap in detecting small
objects by means of increasing the number of datasets that use vast amounts of data to train
the models [49,50].

UAV provides the images which then become the basis for detecting various types of
objects with the use of the YOLOv3 algorithm. Kharchenko et al., [51] in their research on the
detection of objects in the vicinity of an airport demonstrated that the YOLOv3 algorithm
was characterised by a high detection capacity and positioning accuracy. Moreover, the
works by Junos, Mohamad Haniff et al. [52] showed the influence of the correction of
images from UAVs on the results of the detection of objects with the use of the YOLOvV3
algorithm. Similar accuracy was obtained at the level of 0.3 m to 0.5 m by Mitsevich [53],
who proposed a solution for remote and effective obstacle identification and assessment
processes with the use of remote sensing stereo imagery. The photogrammetric methods
based on the three-dimensional vector models were used, which were integrated into the
stereo pair of satellite and aviation scanner images.

The results of detection of atypical aviation obstacles were also compared with the
use of methods standardly used for the acquisition of data for the needs of GIS. Wierzbicki
et al. [54] have proposed a modified, fully convolutional U-Shape Network (U-Net) for
the segmentation of a high-resolution aerial orthoimages and dense LiDAR data in order
to automatically extract building outlines. Rottensteiner et al. [55] detected buildings
with the Dempster-Shafer method using LiDAR data and aerial photos, and they reached
an accuracy of 85%. Sohn and Dowman [56] achieved a building detection accuracy of
80.5% using a combination of IKONOS and LiDAR satellite data. A detailed analysis of
the accuracy has been presented in the work of Khoshboresh-Masouleh et al. [57], where
various types of areas have been examined, reaching an IoU value of 76%. The position
accuracy of the detection of buildings for the purposes of GIS ranges from 0.7 m to 1.5 m
in a wide variety of research [58-60]. Therefore, the results of aviation obstacle detection
presented in this article correspond to the results of object detection carried out by different
authors using other techniques.

6. Conclusions

The presence of aviation obstacles in the direct proximity of the airport may have a
negative influence on ensuring safety in the aviation space. The existing databases about
aviation obstacles have to meet certain requirements concerning accuracy, which are pro-
vided in the legal standards that regulate international aviation law. These documents
also contain the requirements and techniques for obtaining data about aviation obstacles.
Although the issues related to collecting data about obstacles have been regulated, the
automation of the process of collecting data about elongated obstacles still needs improve-
ment [1]. In order to capture very thin objects, a larger image scale than one used for
traditional exploratory flights is required. This, in turn, requires lower altitudes, which
may be achieved by using UAVs to detect this type of obstacles. At a lower flight altitude,
the obtained spatial accuracy (x, y, z) will be the highest. The automation of the process
of obtaining data about obstacles, in particular elongated ones that may be described as
atypical, still remains a challenge.

The paper constitutes an attempt to present the method of automated detection and
classification of atypical aviation obstacles based on data obtained from UAVs. The research
was conducted with the use of the YOLOvV3 algorithm to detect objects in the image. The
methodology of the classification of the point cloud that had been presented in the previous
study by Lalak et al. [61] has also been modified. The main aim of the methodology is to
detect atypical aviation obstacles in the direct vicinity of an airport by combining the image
and the point cloud data.

Based on the conducted analysis of the matching accuracy of the point cloud, it was
found that the average differences in horizontal coordinates x, y were, respectively, 0.3 m
and +0.4 m, while the average difference in height was £0.5 m. The accuracy levels
obtained on the horizontal and vertical planes met the requirements contained in the ICAO
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regulations [33-36]. As a result of training the model with the YOLOvV3 algorithm, the
value of average precision (AP) for the construction crane class was 74.8%, for the energy
pole class 67.6%, for the wind turbine class 65.2%, and, finally, for the mast class 75.3%. A
high value of the AP coefficient means that few false predictions were obtained. The mAP
value of the applied YOLOv3 algorithm reached the value of 70.7%. Such a high value of
mAP confirms that the model is comprehensive and that this algorithm may be used to
detect atypical aviation obstacles.

The developed methodology may significantly improve the process of analysing the
operational limitations of aerial vehicles, designing procedures or creating aviation maps,
as well as enhance the security in the aviation space by limiting the risk of collision of the
aerial vessel with an obstacle to a minimum.
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