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STRESZCZENIE W JEZYKU POLSKIM

Wraz z rozwojem technologicznym oraz dynamicznym rozwojem sektora ko-
smicznego zwigksza si¢ zapotrzebowanie na systemy umozliwiajace obserwacje Ziemi.
Coraz bardziej popularne stajg si¢ mate satelity, ktore w przeciwienstwie do klasycznych
satelitow obrazujacych sa prostsze w produkcji oraz znacznie tansze. Jednak majg one
do$¢ znaczaca wade — ze wzgledu na ich konstrukcje maja one znacznie stabszg rozdziel-
czo$¢ przestrzenng. Ponadto posiadaja niedoskonate uktady optyczne, co w konsekwencji
przektada si¢ na ich mozliwosci fizyczne do pozyskania wysokorozdzielczych zobrazo-
wan satelitarnych. Satelity te pozyskuja zobrazowania panchromatyczne, wielospektralne
lub w obu trybach (lecz r6znica migdzy rozdzielczoscig przestrzenng obrazu panchroma-
tycznego 1 wielospektralnego jest niewielka). W zwigzku z tym, zobrazowania pozyskane
przez mate satelity nie spelniajag wymagan do ich wyostrzenia za pomoca klasycznych
metod poprawy rozdzielczos$ci przestrzennej. Dlatego tez konieczne jest opracowanie od-
powiedniej metody poprawy rozdzielczosci przestrzennej wykorzystujacej jedynie obraz
o niskiej rozdzielczosci.

Wykonanie analizy obszaru badawczego pozwolilo mi na zidentyfikowanie pro-
blemoéw badawczych zwigzanych z poprawa rozdzielczosci przestrzennej zobrazowan sa-
telitarnych pozyskanych przez mate satelity. Ich rozwigzanie zawartam w cyklu czterech
powigzanych tematycznie artykutach naukowych. W ramach rozprawy doktorskiej za-
proponowatam nowe podejscie do poprawy rozdzielczosci przestrzennej zobrazowan sa-
telitarnych. Przedstawiona metodyka umozliwia czterokrotng poprawe rozdzielczos$ci
przestrzennej oraz co najmniej dwukrotny wzrost mozliwosci interpretacyjnych zobrazo-
wan satelitarnych lub sekwencji obrazéw o dowolnym rozmiarze.

W ramach prowadzonych badan zaproponowatam nowa metodyke przetwarzania
catych zobrazowan satelitarnych w kontek$cie automatycznej interpretacji zobrazowan.
Rozwigzanie to sktada si¢ z trzech etapow: (1) podziatl zobrazowania na mniejsze frag-
menty (kafelki) o rozmiarze odpowiadajacym parametrowi wejsciowemu sieci neurono-
wej (SN), (2) poprawa rozdzielczosci przestrzennej za pomoca SN, (3) ponowne polacze-
nie zrekonstruowanych kafelkow w jeden spdjny obraz. Do scalania kafelkéw zastoso-
walam okna czasowe, wykazujac, ze uzycie okien Hann, Hann-Poisson, Bartlett-Hann

lub Triangular pozwala na uzyskanie obrazu o poréwnywalnej jakosci.



Kluczowym elementem metodyki jest generatywna sie¢ przeciwstawna, do ktorej
szkolenia zastosowalam wielokolumnowy dyskryminator oraz funkcje¢ straty Wasser-
seina. W ramach badan udowodnitam, ze zastosowanie dyskryminatora wielokolumno-
wego pozwala na znaczne przyspieszenie procesu treningu sieci. Ponadto zaproponowa-
fam trojetapowy proces oceny jakosci obrazow oszacowanych (SR), w ktorego sktad
wchodzi: (1) ocena globalna, powszechnie stosowana przez badaczy, w ktorej wskazniki
sg czesto zawyzane przez wysokie odwzorowanie powierzchni jednorodnych, (2) ocena
lokalna, umozliwiajgca identyfikacje obszarow o nizszej lub wyzszej jakosci oszacowa-
nia SR, (3) analiza rozktadu czestotliwos$ci energii sygnatu (PSD), pozwalajaca na okre-
slenie wzrostu mozliwosci interpretacyjnych danych obrazowych.

Podsumowaniem prowadzonych badan byto opracowanie metodyki poprawy roz-
dzielczosci przestrzennej sekwencji obrazow pozyskanych przez male satelity. W toku
tych badan zweryfikowalam dotychczasowe metody wyostrzania danych uzyskanych
technikg obrazowania dynamicznego. Analizujac wyniki eksperymentdéw, postanowitam
dodatkowo rozbudowaé generator zaprojektowanej sieci GAN, poniewaz generowane
przez niego obrazy mialy charakterystyczng teksture spowodowang niskg szybkoscig
uczenia modelu. W tym celu rozszerzylam model generatora o sie¢ koder-dekoder
w ksztalcie litery "U". Wprowadzona modyfikacja pozwolita na dodatkowg poprawe ja-
kosci interpretacyjnej obrazéw oszacowanych przez generator.

Opracowana metodyka pozwala na czterokrotng poprawe rozdzielczosci prze-
strzennej oraz co najmniej dwukrotny wzrost potencjalu interpretacyjnego zobrazowan
1 sekwencji obrazow pozyskanych przez mate satelity. Wiasciwos$¢ ta jest kluczowa w ob-
szarze bezpieczenstwa, zwlaszcza w dobie rozwijania si¢ konfliktow 1 szybko zmieniajg-

cego si¢ srodowiska geopolitycznego.



STRESZCZENIE W JEZYKU ANGIELSKIM

With technological advancements and the dynamic development of the space sec-
tor, the demand for Earth observation systems is increasing. Small satellites are becoming
increasingly popular, as they are more simple to manufacture and significantly cheaper
compared to traditional imaging satellites. However, they have a significant drawback —
due to their design, they have a much lower spatial resolution. Additionally, they possess
imperfect optical systems, which consequently limits their ability to capture high-resolu-
tion satellite imagery. These satellites acquire either panchromatic, multispectral or sim-
ultaneously both of these types of imagery (though the difference in spatial resolution
between panchromatic and multispectral images is minimal). Therefore, the imagery ob-
tained by small satellites does not meet the requirements for resolution enhancement us-
ing classical spatial resolution improvement methods. Thus, developing an appropriate
method for improving spatial resolution using only low-resolution images is essential.

Analyzing the study area allowed me to identify research problems related to im-
proving the spatial resolution of satellite imagery obtained by small satellites. [ addressed
these issues in a series of four thematically related scientific articles. As part of my doc-
toral dissertation, I proposed a new approach to enhancing the spatial resolution of satel-
lite imagery. The presented methodology enables a fourfold improvement in spatial res-
olution and at least a twofold increase in the interpretative possibilities of satellite im-
agery or image sequences of any size.

As part of my research, I proposed a new methodology for processing entire sat-
ellite images in the context of automatic image interpretation. This solution consists of
three stages: (1) dividing the image into smaller fragments (tiles) of a size corresponding
to the input parameter of the neural network (NN), (2) improving the spatial resolution
using the NN, and (3) recombining the reconstructed tiles into a single coherent image.
For merging the tiles, I applied time windows, demonstrating that the use of Hann, Hann-
Poisson, Bartlett-Hann, or Triangular windows results in an image of comparable quality.

A key element of the methodology is the generative adversarial network (GAN),
for which I used a multi-column discriminator and the Wasserstein loss function during
training. My research demonstrated that employing a multi-column discriminator signif-
icantly accelerates the training process of the network. Additionally, I proposed a three-

stage process for evaluating the quality of super-resolution (SR) images, which includes:



(1) a global assessment, commonly used by researchers, where indicators are often in-
flated by a high representation of homogeneous surfaces, (2) a local assessment, enabling
the identification of areas with lower or higher SR estimation quality, and (3) an analysis
of the signal energy frequency distribution (PSD), which allows for determining the in-
crease in the interpretative possibilitiesof the image data.

The culmination of my research was the development of a methodology for im-
proving the spatial resolution of image sequences obtained by small satellites. During this
research, I reviewed existing methods for sharpening data acquired through dynamic im-
aging techniques. Analyzing the experimental results, I decided to further enhance the
generator of the designed GAN, as the generated images exhibited a characteristic texture
caused by the model's low learning rate. To address this, I extended the generator model
with a U-shaped encoder-decoder network. This modification led to an additional im-
provement in the interpretative quality of the images estimated by the generator.

The developed methodology allows for a fourfold improvement in spatial resolu-
tion and at least a twofold increase in the interpretative potential of images and image
sequences obtained by small satellites. This capability is crucial in the field of security,
especially in the context of escalating conflicts and the rapidly changing geopolitical en-

vironment.
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WYKAZ UZYTYCH SKROTOW

BSP — bezzalogowy statek powietrzny
CcC — ang. Correlation Coefficient, wspdtczynnik korelacji
CGAN — ang. Conditional Generative Adversarial Network, warunkowe gener-

atywne sieci przeciwstawne
CMOS — ang. complementary metal—oxide—semiconductor

CMPSIS  —ang. Complementary Metal-Oxide-Semiconductor Image Sensors

CMV — ang. Complementary Metal-Oxide-Semiconductor Video

CNN — ang. Convolutional Neural Network, neuronowa sie¢ konwolucyjna

DOTA — ang. Dataset for Object deTection in Aerial Images, zbior danych do
wykrywania obiektow na zdjeciach lotniczych

EDSR — ang. enhanced deep super-resolution network

ERGAS — ang. Relative Dimensionless Global Error in Synthesis, bezwymiarowy
globalny blad wzgledny

ESPCNN  —ang. Efficient SubPixel Convolutional Neural Network
ESRGAN  —ang. Enhanced Super-Resolution Generative Adversarial Networks
FSRCNN  —ang. Fast Super-Resolution Convolutional Neural Network

GAN — ang. Generative Adversarial Network, generatywna sie¢ przeciwstawna
GRD — ang. Ground Resolved Distance, terenowa zdolno$¢ rozdzielcza
GSD —ang. Ground Sampling Distance, rozdzielczo$¢ przestrzenna
GSN — glebokie sieci neuronowe

HR — ang. high resolution image, obraz o wysokiej rozdzielczos$ci

IHS — ang. intensity-hue-saturation, intensywnos¢-odcien-nasycenie
JCR — ang. Journal Citation Reports

LeFF —ang. Locally-enhanced Feed-Forward Network

LEO — ang. low Earth orbit, niska orbita okotoziemska

LeWin — ang. locally enhanced window

LN — ang. normalization layer, warstwa normalizacji

LR — ang. low resolution image, obraz o niskiej rozdzielczosci

NN — ang. neural network, sie¢ neuronowa

PCA — ang. principal component analysis, analiza gtéwnych sktadowych

PSD —ang. power spectral density, gestos¢ widmowa mocy



PSNR — ang. peak signal-to-noise ratio, szczytowy stosunek sygnatu do szumu

QE — ang. quantum efficiency, wydajnos¢ kwantowa

RASE — ang. Relative Average Spectral Error, wzgledny $redni biad spektralny

SAM — ang. Spectral Angle Mapper, porownanie krzywych spektralnych

SAN — ang. Second-order Attention Network

SID — ang. Spectral Information Divergence, rozbiezno$¢ informacji spektral-
nych

SISR — ang. Single Image Super-Resolution, super rozdzielczo$¢ pojedynczego
obrazu

SR — ang. super resolution image, obraz o super rozdzielczo$ci (obraz wyo-

strzony za pomocg metod SISR)
SRCNN — ang. Super-Resolution Convolutional Neural Network
SRGAN — ang. Super-Resolution Generative Adversarial Networks
SRResNet — ang. Super Resolution Residual neural Network

SSIM — ang. structural similarity index, podobienstwo strukturalne

THR — fr. Tres Haute Résolution, bardzo wysoka rozdzielczos¢

UIQI — ang. Universal Image Quality Index, uniwersalny wskaznik jakos$ci ob-
razu

W-MSA — ang. Window-based Multi-head Self-Attention
WV2 —ang. WorldView-2
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1. Wprowadzenie

Wedhug bazy danych UCS Satellite [1] (na dzien 1 stycznia 2023 r.) od 1 stycznia
2000 r. na orbite¢ wyniesionych zostato ponad 1250 satelitéw obserwacyjnych, a ponad
60% z nich umieszczono na orbicie w latach 2018-2022. Wspotczesne satelity wysoko-
rozdzielcze rejestrujg obrazy z rozdzielczo$cig przestrzenng si¢gajaca w nadirze nawet
0.30 m, jednak coraz bardziej popularne stajg si¢ mate satelity, do ktérych nalezg systemy
nano, mikro oraz mini satelitarne [2], stanowigce ponad 70% satelitow umieszczonych na
orbicie w latach 2018-2022. Systemy te, cho¢ sa tatwiejsze w produkcji niz duze satelity
obrazujace oraz od nich tansze, maja znaczacg (biorgc pod uwage mozliwosci obserwacji
Ziemi) wade — ze wzgledu na ich konstrukcje, majg one znacznie stabszg rozdzielczos¢
przestrzenng. Niewielki rozmiar oraz waga (nanosatelity: 1-10kg, micro satelity: 10-
100kg, mini satelity: 100-500kg [3]) determinujg ograniczenia wyposazenia. Najwazniej-
szym elementem satelity obserwacyjnego jest uktad optyczny, ktory w matych satelitach
znacznie rozni si¢ od tych montowanych w duzych satelitach obserwacyjnych, takich jak
WorldView-3 czy QuickBird. Mate satelity wyposazone sg w matryce o niewielkich roz-
miarach np. CMOS [4] czy CMOSIS CMV [5], ktére charakteryzuja si¢ niska wydajno-
scig kwantowa (ang. quantum efficiency — QE). Kolejnym ograniczeniem niewielkich
satelitow jest niedoskonatos¢ teleskopu, poniewaz do ich konstrukcji wykorzystywana
jest znacznie mniejsza liczba soczewek, co prowadzi do obnizenia jako$ci pozyskanych
zobrazowan m.in. poprzez rozmycie. Konsekwencja zastosowania matryc o niskiej wy-
dajnosci 1 niedoskonatych teleskopow jest znacznie nizsza rozdzielczo$¢, mimo ze sate-
lity poruszajg si¢ po niskiej orbicie okotoziemskiej (ang. low Earth orbit - LEO).

Rozw@j technologiczny sektora kosmicznego tworzy nowe mozliwo$ci obserwa-
cji Ziemi. Pozyskane dane pozwalaja na wykonywanie analiz znajdujacych zastosowanie
w wielu dziedzinach nauk m.in w monitorowaniu zmian czy analizach geoprzestrzen-
nych. Informacje te majg zastosowanie np. w administracji publicznej, zarzadzaniu kry-
zysowym lub wojsku. To, jak pozyskane dane beda wykorzystane, determinuje ich roz-
dzielczo$¢. Dzigki wysokiej rozdzielczosci czasowej mozliwe jest wykonanie np. detekcji
zmian. Rozdzielczo$¢ spektralna wyznacza zakres mozliwych analiz w zakresie telede-
tekcji, w tym analizy pokrycia terenu. Kolejnym waznym parametrem jest rozdzielczos¢
przestrzenna (ang. Ground Sampling Distance — GSD), ktdéra determinuje mozliwosci de-

tekcji obiektow na zobrazowaniu. Ten parametr jest kluczowy w obszarze



11

bezpieczenstwa. Obecnie obserwowana jest i ztozona sytuacja geopolityczna, a jej cha-
rakter wynika z wielu rownocze$nie wystepujacych czynnikow. Na calym §wiecie obser-
wujemy napigcia, ktére maja potencjalnie dalekosi¢zne konsekwencje dla stabilnosci
miedzynarodowej. W dobie rozwijania si¢ konfliktow i1 szybko zmieniajacego si¢ srodo-
wiska geopolitycznego, wysokorozdzielcze dane obrazowe sg gtownym zrodtem infor-
macji nie tylko na temat dziatan w obszarach objetych konfliktem, ale takze buduja $wia-
domos¢ sytuacyjng w zakresie dziatan panstw lezagcych w obszarze operacyjnego zainte-
resowania.

Istnieje wiele metod poprawy rozdzielczo$ci przestrzennej obrazow wielospek-
tralnych [6]. Jedng z nich jest pansharpening, ktory faczy ze soba wysoka rozdzielczosé¢
przestrzenna obrazu panchromatycznego z wysoka rozdzielczo$cia spektralng! obrazu
wielospektralnego [7], [8]. Dzigki tej operacji powstaje obraz wielospektralny o wysokiej
rozdzielczo$ci przestrzennej. Warunkiem koniecznym do zastosowania metody panshar-
peningu jest dysponowanie obrazem o wysokiej rozdzielczosci. Jednak nie wszystkie sa-
telity pozyskuja zobrazowania satelitarne w zakresie panchromatycznym i wielospektral-
nym. Jednym z rozwigzan tego problemu jest zastosowanie metod cyfrowego przetwa-
rzania obrazu, do ktoérych nalezy algorytm liniowej rekonstrukcji zmiennych pikseli (Su-
per-Resolution Variable-Pixel Linear Reconstruction) [9], czy probkowanie quincunx
(THR - Treés Haute Résolution) wykorzystywane w przetwarzaniu zobrazowan pozyski-
wanych przez SPOTS5 [10], [11]. Metody wykorzystujace cyfrowe przetwarzanie obra-
zow do$¢ rzadko stosowane sa do poprawy rozdzielczo$ci spektralnej zobrazowan sateli-
tarnych ze wzgledu na duze wymagania pozyskania scen satelitarnych, czy tez ze wzgledu
na konieczno$¢ pozyskania wielu scen przedstawiajacych ten sam obszar przez wigcej
niz jedng satelite¢ w podobnym czasie. Innym rozwigzaniem jest zastosowanie algoryt-
mow wykorzystujacych glebokie sieci neuronowe. Grupa tych rozwigzan do poprawy
rozdzielczo$ci przestrzennej wykorzystuje jedynie wytrenowany model sieci neuronowe;j
oraz obraz o niskiej rozdzielczosci. W przypadku klasycznych rozwigzan (tj. interpolacja,
pansharpening) na podstawie danych wejsciowych (obraz o niskiej rozdzielczosci- LR)
przygotowywany jest algorytm odpowiedzialny za wyostrzenie obrazu. Natomiast, dla
rozwigzan bazujacych na sieciach neuronowych, przygotowanie algorytmu jest operacja

bardziej ztozony. Proces ten, na etapie uczenia, wymaga danych wejsciowych (obrazow

! Jako zobrazowania o wysokiej rozdzielczoéci spektralnej rozumiem sceny satelitarne o co naj-

mniej o$miu kanatach.
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LR), tozsamych obrazéw docelowych (obrazéw o wysokiej rozdzielczosci — HR) oraz
architektury sieci neuronowej. Nastgpnie, w procesie uczenia na podstawie danych wej-
sciowych 1 docelowych, odbywa si¢ przygotowanie modelu, polegajace na oszacowaniu
wag laczacych poszczegolne warstwy. Mozna zatem stwierdzi¢, ze algorytm wyostrzania
powstaje w oparciu o dostarczone dane.

W 2014 r. zesp6t kierowany przez Goodfellowa dokonal przetomu w dziedzinie
technologii generowania obrazéw o realistycznym wygladzie. W swojej publikacji [12]
zaproponowatl generatywng sie¢ przeciwstawng (ang. generative adversarial networks —
GAN). Sie¢ GAN sktada si¢ z dwoch sieci splotowych: generatora i dyskryminatora, jed-
nakze dyskryminator jest wykorzystywany jedynie podczas etapu uczenia. Zadaniem ge-
neratora jest tworzenie realistycznych obrazow o wyzszej rozdzielczosci (ang. super re-
solution image, SR) na podstawie obrazéw niskiej rozdzielczosci (LR). Z kolei dyskry-
minator ocenia, czy dostarczony obraz nalezy do zbioru obrazéw wysokiej rozdzielczo$ci

(HR) oraz czy zostal stworzony przez generator (rys. 1.1).

LR‘—» GENERATOR

DYSKRYMINATOR

PROGNOZA

STRATA

={ ODPOWIEDZ

Rys. 1.1. Proces uczenia sieci GAN na potrzeby poprawy rozdzielczosci przestrzennej obrazow

[zrodto. opracowanie wiasne]

W procesie uczenia sieci GAN wagi dyskryminatora sg zamrozone, co oznacza,
ze nie sg one aktualizowane. Dzigki temu podczas treningu, jedynie wagi generatora pod-
legaja zmianom. Gdyby wagi dyskryminatora nie byty zamrozone, klasyfikator ten oce-
niatby obrazy wedtug r6znych standardow w kazdej iteracji. W rezultacie, dyskryminator
mogliby nauczy¢ si¢ klasyfikowa¢ obrazy SR jako rzeczywiste z wysokim prawdopodo-
bienstwem, co jest niepozadanym efektem. Mimo Ze sieci GAN stanowig przetom w ge-
nerowaniu obrazéw o realistycznym wygladzie, ich trening jest bardzo wymagajacy.

Sieci GAN, w przeciwienstwie do klasycznych sieci splotowych, nie majg ustalonego
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minimum optymalizacji. W tradycyjnych rozwigzaniach optymalizator aktualizuje wagi
na podstawie funkcji straty, a wprowadzone zmiany majg jedynie niewielki wptyw na
uzyskane wyniki. Dzieki temu model trudno jest wyprowadzi¢ z rGwnowagi. Natomiast
w sieciach GAN zmiana wartos$ci funkcji straty powoduje znaczne zmiany w generowa-
nych obrazach SR. W efekcie, sieci GAN wymagaja precyzyjnego doboru nie tylko ar-
chitektury, ale rowniez parametréw uczenia.

Obrazy pozyskane przez mate satelity, do poprawy rozdzielczo$ci przestrzennej
wymagajg zastosowania metod z grupy super rozdzielczo$ci pojedynczego obrazu
(SISR). Jak przedstawiono powyzej, jednym z mozliwych rozwigzan sg sieci GAN. Cho¢
ich trening stanowi duze wyzwanie, ich zdolno$¢ do generowania realistycznych obrazow

jest silng motywacja do podjecia tego dziatania.
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2. Tytul rozprawy, cel, hipoteza, cykl publikacyjny

Rozprawe doktorska pt. Opracowanie metodyki podwyzszenia rozdzielczosci prze-
strzennej zobrazowan z matych satelitow z zastosowaniem algorytmow sztucznej inteli-
gencji stanowi cykl czterech powigzanych tematycznie artykuléw naukowych. Zawieraja
one autorskie propozycje rozwigzan w zakresie poprawy rozdzielczosci catych zobrazo-
wan satelitarnych i sekwencji obrazow pozyskanych przez mate satelity. Proponowane
rozwigzania zostaly poréwnane z popularnymi i powszechnie stosowanymi rozwigza-
niami SISR wykorzystujacymi glebokie sieci neuronowe. Do oceny jakosci zrekonstruo-
wanych zobrazowan satelitarnych wykorzystatam opracowany w ramach badan zbior me-
tod oceny jako$ciowej zawierajacy popularne wskazniki stosowane w ocenie jakosci zo-
brazowan optycznych i widzenia komputerowego oraz analiz¢ obrazu w dziedzinie cze-
stotliwosci.

Mate satelity z uwagi na swoja konstrukcj¢ posiadajg niedoskonate uktady op-
tyczne, co w konsekwencji przektada si¢ na ich mozliwosci fizyczne do pozyskania wy-
sokorozdzielczych zobrazowan satelitarnych. Satelity te pozyskuja zobrazowania pan-
chromatyczne, wielospektralne lub w obu trybach. Nalezy jednak zwr6¢ uwage, ze
w przypadku obrazéw pozyskiwanych przez mate satelity, r6znica miedzy rozdzielczo-
$cig przestrzenng obrazu panchromatycznego i wielospektralnego jest niewielka (np. dla
satelitow SkySat-3 - SkySat-15 to jedynie 0.16m). Dodatkowy problem pojawia si¢
w przypadku potrzeby zwigkszenia rozdzielczo$ci przestrzennej obrazu, ktéry nie ma
swojego odpowiednika o wyzszej rozdzielczosci. W konsekwencji, zobrazowania pozy-
skane przez male satelity nie spelniaja wymagan do ich wyostrzenia za pomoca kla-
sycznych metod poprawy rozdzielczosci. W zwiazku z tym, konieczne jest zastoso-
wanie metod bazujacych jedynie na obrazach o niskiej rozdzielczosci przestrzenne;j.
Zagadnienie to jest pierwszym problemem badawczym, ktorego rozwigzanie znajduje
si¢ w niniejszej pracy. W zwigzku z powyzszym, w prowadzonych badaniach za cel
glowny (CG) przyj¢tam opracowanie metodyki wykorzystujacej algorytmy sztucznej
inteligencji na potrzeby podwyzszenia rozdzielczosci przestrzennej oraz poprawy
potencjalu interpretacyjnego zobrazowan z malych satelitow.

Drugi problem badawczy dotyczy niedostosowania istniejacych metod SISR
do poprawy rozdzielczoSci przestrzennej calych zobrazowan satelitarnych. Wyko-

nujac przeglad obszaru badawczego zauwazylam, ze badacze prezentuja swoje wyniki
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w postaci matych obrazéw, o rozmiarze rownym wejsciu do pierwszej warstwy sieci neu-
ronowej?. Rozmiar ten jest znacznie mniejszy od rozmiaru zobrazowan satelitarnych po-
zyskanych przez male satelity. W zwigzku z tym, konieczne jest opracowanie metodyki
pozwalajacej na poprawe rozdzielczosci przestrzennej catych zobrazowan satelitarnych
przez dowolng sie¢ neuronow3.

Trzeci problem badawczy dotyczy uodpornienia generatywnej sieci przeciw-
stawnej na zjawisko znikajacych lub eksplodujacych gradientow. Jedna z cech, ktéra
odroznia sieci GAN od klasycznych sieci splotowych jest to, ze nie posiadaja one ustalo-
nego minimum optymalizacji. Sieci GAN, to system, ktory nie szuka minimum, a réw-
nowagi mi¢dzy dwoma modelami. W przypadku klasycznych sieci splotowych, algorytm
spadku gradientowego $ledzi funkcje straty, a wprowadzane zmiany wag oddziatuja tylko
nieznacznie na wyniki. Natomiast, w przypadku sieci GAN, kazda aktualizacja wag po-
woduje znaczng zmian¢ generowanych wynikow (zjawisko to jest bardzo dobrze wi-
doczne w pierwszych krokach uczenia sieci GAN), przez co trening sieci GAN charak-
teryzuje si¢ niestabilnym procesem uczenia. Z tego powodu sie¢ GAN wymaga do-
ktadnego dopasowania architektury modelu oraz parametrow uczenia.

Czwarty problem badawczy dotyczy wlasciwej oceny obrazow, ktorych roz-
dzielczo$¢ przestrzenna zostala podwyzszona za pomocg metod SISR. Wykonujac
przeglad obszaru badawczego zauwazytam, ze wskazniki wykorzystywane do oceny ja-
kosciowej obliczane sg dla catych obrazéw. W zwiazku z tym, wyniki te moga by¢ za-
wyzone w przypadku wystgpowania powierzchni jednorodnych na obrazie. Z tego po-
wodu wiarygodno$¢ wykonanej analizy maleje. Ponadto warto$ci wskaznikow okreslaja-
cych podobienstwo migdzy obrazami nie pozwala na okreslenie wielko$ci poprawy moz-
liwosci interpretacyjnych oszacowanego obrazu’.

W oparciu o cel gtéwny (CG), ktory dotyczy opracowania metodyki wykorzystu-

jacej algorytmy sztucznej inteligencji na potrzeby podwyzszenia rozdzielczo$ci

2 Rozmiar wejscia do sieci — ang. input size, parametr okreslajgcy rozmiar danych wejsciowych,
ktore sie¢ moze przetworzy¢. W przypadku obrazéow, definiuje jego wysokosé, szerokos¢ oraz
liczbe kanatow, jakie sie¢ przyjmuje na swojej pierwszej warstwie.

3 Obraz oszacowany — obraz, ktdrego rozdzielczo$¢ przestrzenna zostata poprawiona za pomoca
splotowych sieci neuronowych (CNN), ktore przewiduja, jak moglby wyglada¢ obraz wejsciowy
przy wyzszej rozdzielczo$ci przestrzennej. Nazywany roOwniez obrazem o super rozdzielczosci
(SR).
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przestrzennej oraz poprawy potencjatu interpretacyjnego zobrazowan z matych satelitow,
przyjetam nastepujace cele szczegdtowe:
CS.1. przygotowanie charakterystyki obszaru badawczego,
CS.2. opracowanie metodyki przetwarzania catych zobrazowan satelitarnych w za-
gadnieniach automatycznej interpretacji zobrazowan,
CS.3. opracowanie strategii budowy bazy danych do uczenia sieci GAN odpowie-
dzialnych za poprawe rozdzielczosci przestrzennej,
CS.4. wybor funkcji straty, uwzgledniajac jej odpornos¢ na zjawisko znikajacych
gradientow,
CS.5. opracowanie zbioru metod oceny jako$ci dziatania algorytmow poprawy roz-
dzielczo$ci przestrzennej obrazow cyfrowych,
CS.6. opracowanie metodyki poprawy rozdzielczosci sekwencji obrazow pozyska-
nych przez male satelity.

W zwiazku z powyzszym podczas realizacji prac badawczych przyjetam nastgpu-
jace zatozenia, ktore byty podstawa do opracowana metodyki podwyzszenia rozdzielczo-
$ci przestrzennej zobrazowan z matych satelitow:

o sieci GAN pozwalaja na generowanie realistycznych obrazow,

o okna czasowe* moga zosta¢ wykorzystane do tworzenia macierzy wag, na pod-
stawie ktorej taczone beda kafelki obrazu,

o strata Wassersteina® uwzgledniajaca ograniczenie Lipchitza® poprawia stabil-
nos$¢ procesu optymalizacji.

Uwzgledniajac powyzsze zatozenia oraz pytania badawcze, postawilam nastepu-
jaca hipoteze gldwna: Zastosowanie odpowiednio dobranych i wytrenowanych gene-
ratywnych sieci przeciwstawnych (GAN) pozwoli na opracowanie metodyki pod-
wyzszania rozdzielczoSci przestrzennej zobrazowan z malych satelitow. Ponadto

w prowadzonych badaniach przyjetam pie¢ hipotez pomocniczych:

* Okno czasowe — ang. window function, funkcja opisujgca sposob pobierania probek z sygnatu.
5 Funkcja straty Wessersteina — ang. Wesserstein loss, to miara uzywana w trenowaniu sieci ge-
neratywno-przeciwstawnych (GAN), ktora ocenia r6znic¢ mi¢dzy rozktadami rzeczywistych i ge-
nerowanych danych, dgzac do minimalizacji odleglosci Wassersteina migdzy tymi rozktadami.

6 Ograniczenie Lipchitza — ang. Lipschitz constraint, definiuje, aby funkcja krytyka (dyskrymi-
natora) byla 1-Lipschitz ciggla, co oznacza, Ze jej gradient nie przekracza wartosci 1. To ograni-

czenie zapewnia stabilno$¢ trenowania i poprawno$¢ obliczania odlegtosci Wassersteina.
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H1. Klasyczne metody poprawy rozdzielczo$ci przestrzennej zobrazowan satelitar-
nych zazwyczaj nie znajdujg zastosowania w przypadku zobrazowan pozyska-
nych przez mate satelity.

H2. Podzial zobrazowan satelitarnych na mniejsze fragmenty (kafelki’), przetwo-
rzenie ich przez sie¢ konwolucyjng (dla zagadnien automatycznej interpretacji
zobrazowan), a nastgpnie ponowne potaczenie fragmentéw obrazu w jedno zo-
brazowanie za pomocg okien czasowych umozliwia przetwarzanie zobrazowan
o dowolnym rozmiarze.

H3. Przygotowanie bazy danych obrazéw sktadajacej si¢ z fragmentéw zobrazo-
wan satelitarnych o r6znej rozdzielczos$ci przestrzennej ogranicza wystgpowa-
nie zjawiska znikajacych gradientow, a w konsekwencji ma korzystny wptyw
na stabilnos$¢ treningu sieci generatywnych.

H4. Zastosowanie dyskryminatora wielokolumnowego® umozliwia lepsza oceng
obrazow na etapie treningu sieci generatywnej. Ponadto wykorzystanie straty
Wessersteina 1 pozwala na lepsze odroznienie obrazéw o wysokiej rozdziel-
czosci od obrazow rekonstruowanych, co dodatkowo poprawia jakos¢ treningu
generatora, a w konsekwencji jako$¢ obrazow rekonstruowanych (SR).

H5. Rozbudowanie architektury generatora o architekture koder-dekoder’ wyko-
rzystujaca polacznia pomijajace (ang. skip connection'®), pozwala na lepsza
rekonstrukcj¢ tekstury obrazu, a w konsekwencji dodatkowo poprawia mozli-
wosci interpretacyjne obrazow SR.

Badania stanowigce podstawe¢ niniejszej rozprawy doktorskiej zostaty przedsta-
wione w powigzanych tematycznie artykutach naukowych, opublikowanych w czasopi-

smach wyroznionych w Journal Citation Reports (JCR). Suma punktow MEIN

" Kafelek — ang. tile, pojedynczy obraz bedacy wynikiem podziatu duzego obrazu (np. zobrazo-
wania satelitarnego) na mniejsze kawatki o zdefiniowanym rozmiarze i ustalonym pokryciu.

8 Dyskryminator wielokolumnowy — ang. multicolumn discriminator, dyskryminator ztozony
z dwoch klasyfikatoréw pracujgcych rownolegle.

? Koder-dekoder — ang. encoder-decoder, znana rowniez pod nazwa autoenkoder. Jest to sie¢
neuronowa sktadajgca si¢ z sieci kodera (odpowiedzialnego za kompresj¢ wielowymiarowych
danych wejsciowych do wektora reprezentacji) oraz sieci dekodera (odpowiedzialnego za dekom-
presje wektora reprezentacji do wymiaru oryginalnego).

10 Polgczenia pomijajace — ang. skip connection, mechanizm w sieciach neuronowych, ktory po-
lega na bezposrednim przekazywaniu sygnatu z jednej warstwy do kolejnej, z pominigciem jednej

lub wigcej warstw posrednich.
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za publikacje uwzglednione w cyklu wynosi 480, a sumaryczny Impact Factor czasopism

to 19.3 (z uwzglednieniem % udziatu: punkty — 384, IF — 15.44).

Tabela 2.1.
Wykaz artykutow naukowych, z ktorych sktada sie cykl [Zrodlo: opracowanie wlasne]
Punkty
Ozn. Artykut z cyklu '
wg. MEIN, IF
Karwowska K. (80%), Wierzbicki D. (20%), 2022, Using
Super-Resolution Algorithms for Small Satellite Imagery: 140 pkt

P1 | A Systematic Review, IEEE Journal of Selected Topics in [F=38
Applied Earth Observations and Remote Sensing, vol. 15,
pp- 3292-3312, DOI: 10.1109/JSTARS.2022.3167646
Karwowska K. (80%), Wierzbicki D. (20%), 2022, Improv-

P ing Spatial Resolution of Satellite Imagery Using Generative 100 pkt
Adversarial Networks and Window Functions, Remote Sens- IF=5.0
ing, 14(24):6285, DOI: 10.3390/rs14246285
Karwowska K. (80%), Wierzbicki D. (20%), 2023,
MCWESRGAN: Improving Enhanced Super-Resolution

P3 Generative Adversarial Network for Satellite Images, /EEE 140 pkt
Journal of Selected Topics in Applied Earth Observations IF=5.5
and  Remote Sensing, vol. 16, pp. 9459-9479,

DOI: 10.1109/JSTARS.2023.3322642
Karwowska K. (80%), Wierzbicki D. (20%), 2024, Modified

P4 ESRGAN with Uformer for Video Satellite Imagery Super- 100 pkt
Resolution, Remote Sensing, 16(11):1926. IF=5.0
doi: 10.3390/rs16111926

Powyzsze publikacje stanowia odpowiedzi na rozpatrywane w cyklu hipotezy.
Odnoszg si¢ one do czterech rozpatrywanych w cyklu problemow badawczych:

e problem badawczy 1: klasyczne metody poprawy rozdzielczo$ci przestrzennej nie
pozwalaja na poprawe mozliwosci interpretacyjnych zobrazowan pozyskanych
przez mate satelity — P1, P2, P3, P4;

e problem badaweczy 2: istniejagce metody SISR nie sg dostosowane do poprawy roz-
dzielczosci przestrzennej obrazow o duzym rozmiarze — P2;

¢ problem badawczy 3: istniejace metody poprawy rozdzielczo$ci przestrzennej wy-

korzystujace sieci GAN, charakteryzujg si¢ niestabilnym procesem uczenia — P4;
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¢ problem badawczy 4: brak wlasciwych metod oceny zobrazowan satelitarnych,
ktorych rozdzielczo$¢ przestrzenna zostata poprawiona za pomocg algorytmow wy-

korzystujacych glebokie sieci neuronowe — P3;
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3. Metodyka badawcza i schemat postepowania

W rozprawie doktorskiej zaprezentowatam autorskg metodyke podwyzszania roz-

dzielczoS$ci przestrzennej zobrazowan pozyskanych przez mate satelity z zastosowaniem

algorytmoéw sztucznej inteligencji. Metodyka ta obejmuje:

wybor okien czasowych oraz wyznaczenia stopnia pokrycia migdzy kafelkami zo-
brazowania satelitarnego na potrzeby potaczenia zrekonstruowanych fragmentow
zobrazowania satelitarnego,
przygotowania baz danych do uczenia modeli sieci neuronowych na potrzeby po-
prawy rozdzielczo$ci przestrzennej zobrazowan i1 sekwencji wideo pozyskanych
przez mate satelity,
zdefiniowanie etapow poprawy rozdzielczosci przestrzennych zobrazowan oraz
sekwencji obrazoOw pozyskanych przez male satelity,
projekt architektury generatywnej sieci przeciwstawnej umozliwiajgcej poprawe
rozdzielczo$ci przestrzennej zobrazowan satelitarnych, zawierajace;j:

o dyskryminator wielokolumnowy,

o strate Wessersteina,

o generator rozbudowany o koder-dekoder (w ksztatcie ,,U”) wykorzystu-

jacy potaczenia pomijajace,

opracowanie metodyki oceny jakosci obrazow zrekonstruowanych przez glebokie
sieci neuronowe, jednocze$nie uwzglgdniajac ocen¢ poprawy mozliwosci inter-

pretacyjnych.

Schemat przyjetej metodyki, wraz z odniesieniem do publikacji przedstawiono na poniz-

szym rysunku 3.1.



21

Publikacja 1
Charakterystyka obszaru badawczego
WNIOSKI

- wiele metod SISR nie zwigksza mozliwosci interpretacyjnych zobrazowan satelitarnych
- badacze prezentuja mozliwosci metod SISR na matych obrazach

Publikacja 2 Publikacja 3
Opracowanie metodyki przetwarzania calych Opracowanie metodyki poprawy
zobrazowan satelitarnych w zagadnieniach rozdzielczo$ci zobrazowan pozyskanych
automatycznej interpretacji zobrazowan przez male satelity
REALIZACJA - REALIZACJA
Wybor okien czasowych oraz wyznaczenia 1. Przygotowanie baz danych do uczenia
stopnia pokrycia mi¢dzy kafelkami modeli GSN na potrzeby poprawy
zobrazowania satelitarnego rozdzielczoscei przestrzennej zobrazowan
na potrzeby polaczenia zrekonstruowanych pozyskanych przez mate satelity.
fragmentéw zobrazowania satelitarnego 2. Zdefiniowanie etapéw poprawy
rozdzielczosci przestrzennej zobrazowan
satelitarnych.
3. Projekt architektury sieci GAN
zawierajacej:

- dyskryminator wielokolumnowy,

- strate Wassersteina.
4. Opracowanie metodyki oceny jakosci
obrazéw SR.

\ 4 v l

Publikacja 4

Opracowanie metodyki poprawy rozdzielczosci sekwencji obrazéw pozyskanych przez male satelity
REALIZACJA

1. Przygotowanie baz danych to uczenia modeli GSN na potrzeby poprawy rozdzielczo$ci.
przestrzennej sekwencji obrazow pozyskanych przez mate satelity.

2. Zdefiniowanie etapéw poprawy rozdzielczosci przestrzennej sekwencji obrazu.

3. Rozbudowanie generatora sieci GAN o koder-dekoder.

Rys. 3.1. Schemat graficzny przyjetej metodyki badawczej [Zrodio: opracowanie wlasne]
W wyniku realizacji rozprawy doktorskiej wykonana zostata szczegdtowa analiza

obszaru badawczego (publikacja P1). Na podstawie wnioskéw wynikajacych z przepro-

wadzonej analizy, opracowana zostala metodyka podwyzszenia rozdzielczosci
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przestrzennej zobrazowan z matych satelitow z zastosowaniem algorytméw sztucznej in-
teligencji (publikacja P2 i P3). Metodyka ta zostata takze zweryfikowana w zadaniu po-
prawy rozdzielczos$ci przestrzennej sekwencji obrazéw pozyskanych przez mate satelity
(publikacja P4). W zwigzku z tym, ze wykorzystanie tych metod odbywa si¢ na etapie
opracowania danych (po pozyskaniu i przestaniu na stacje naziemng), rozwigzania
te moga znalez¢ zastosowaniE w przypadku istniejacych, jak i projektowanych matych
satelitow. Zobrazowania (lub sekwencje obrazéw) przetworzone przez proponowane
w ramach pracy metody charakteryzujg si¢ znacznym wzrostem mozliwosci interpreta-
cyjnych. Dzigki tej wlasciwos$ci, zobrazowania o podwyzszonej rozdzielczosci prze-
strzennej moga by¢ wykorzystane w Wojsku Polskim (rozpoznanie obrazowe), jak i ad-
ministracji publicznej (zarzadzanie kryzysowe - analizy zmian).

Prace badawcze zrealizowane zostaty etapami, poprzez opracowanie celow szcze-
gotowych. Zestawienie problemow badawczych i celow szczegdélowych wraz z metodami

1 sposobami ich rozwigzania przedstawione jest w tabeli 3.1.

Tabela 3.1.
Zestawienie celow szczegotowych wraz z metodami i sposobami ich rozwigzania [Zrodio: opra-

cowanie wiasne]

Odniesienie | Odniesienie
Problem badawczy Cele prac badawczych L )
do publikacji | do hipotezy
Klasyczne metody po- | Charakterystyka obszaru ba- 1
prawy rozdzielczosci | dawczego.
przestrzenne] nie po- | Opracowanic metodyki po-
zwalaja na poprawe | prawy rozdzielczo$ci zobrazo- P2 P3
mozliwosci interpreta- | wan pozyskanych przez mate ’
. , . H1, H4, H5
cyjnych zobrazowan | satelity.
pozyskanych  przez | Opracowanie metodyki po-
male satelity. prawy rozdzielczosci sekwen- P2. P4
cji obrazow pozyskanych ’
przez mate satelity.
Istniejace metody | Opracowanie metodyki prze-
SISR nie sg dostoso- | twarzania catych zobrazowan
wane do poprawy roz- | satelitarnych w zagadnieniach P2 Ho
dzielczosci przestrzen- | automatycznej  interpretacji
nej obrazéw o duzym | zobrazowan.
rozmiarze.
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Istniejace metody po-
prawy rozdzielczos$ci

wyko-
rzystujace sieci GAN,

przestrzennej

Opracowanie strategii  bu-
dowy bazy danych do uczenia
sieci GAN odpowiedzialnych

za poprawe¢ rozdzielczosci

poprawiona za po-
mocg algorytméw wy-
korzystujacych glebo-

kie sieci neuronowe

charakteryzuja si¢ nie- | przestrzennej. P3, P4 H3
stabilnym  procesem | Wybor straty uczenie,
uczenia. uwzgledniajac jej odpornosé
na zjawisko znikajacych gra-
dientow.
Niewystarczajagce me- | Opracowanie zbioru metod
tody oceny zobrazo- | oceny jakosci dziatania algo-
wan satelitarnych, kto- | rytmow poprawy rozdzielczo-
rych rozdzielczo$¢ | $ci przestrzennej obrazow cy-
przestrzenna  zostata | frowych. P3 HS

Opisy poszczegolnych problemdéw badawczych znajdujg sie¢ w kolejnym rozdziale

niniejszej pracy. W kolejnych podrozdziatach znajduja si¢ opisy badan, ktérych podsu-

mowaniem byly artykuty nalezace do cyklu publikacyjnego. Podrozdziat 4.1 zawiera

szczegdlowy przeglad metod poprawy rozdzielczosci przestrzennej obrazéw cyfrowych.

Podrozdziat 4.2 przedstawia opis metodyki mozaikowania scen satelitarnych za pomoca

okien czasowych. W podrozdziale 4.3 zaprezentowany zostal model GAN pozwalajace;j

na popraw¢ rozdzielczosci przestrzennej zobrazowan satelitarnych oraz przedstawiony

zostal zbior metod, dzigki ktoremu mozliwa jest rzetelna ocena obrazéw SR. Natomiast

w podrozdziale 4.4 zaprezentowano metodyke poprawy rozdzielczosci przestrzennej se-

kwencji obrazéw pozyskanych przez mate satelity.
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4. Metody szczegolowe i badawcze

4.1. Charakterystyka obszaru badawczego [publikacja P1]

W ostatnich latach opublikowano wiele prac naukowych po§wigconych poprawie
rozdzielczo$ci przestrzennej zobrazowan satelitarnych. Opracowane metody mozna po-
dzieli¢ na podstawie kilku kryteriow. Pierwszym z nich jest podziat wedtug liczby obra-
zow potrzebnych do oszacowania obrazu o wysokiej rozdzielczo$ci. Tu mozna wyrdéznic¢
metody wykorzystujace informacje pochodzace z wielu obrazow oraz te, ktérym wystar-
czy tylko jeden obraz. Kolejny podziat uwzglednia sposéb dziatania algorytmow. Sg to
metody bazujace na interpolacji, pansharpeningu, innych algorytmach cyfrowego prze-
twarzania obrazu oraz wykorzystujace algorytmy uczenia gtebokiego.

Do przygotowania charakterystyki obszaru badawczego w ramach publikacji P1
wykonano przeglad metod poprawy rozdzielczo$ci przestrzennej, od powszechnie stoso-
wanych rozwigzan wykorzystujacych interpolacje, po zyskujace popularnos¢ algorytmy
glebokiego uczenia.

W przygotowanej publikacji starano si¢ znalez¢ odpowiedzi na nast¢pujace pytania ba-

dawcze:

PBI1.1. Jakie sg gléwne problemy podwyzszania rozdzielczo$ci zobrazowan satelitar-
nych?

PB1.2. Jak wygladat rozw¢j algorytmow poprawy rozdzielczosci?

PB1.3. Jakie sg roznice pomigdzy metodami podwyzszania rozdzielczosci przestrzenne;
zobrazowan satelitarnych?

PB1.4. Jak tworzone sg bazy danych obrazéw na potrzeby podwyzszenia rozdzielczo$ci
zobrazowan z malych satelitow za pomocg algorytmow glebokiego uczenia?

PB1.5. Jak wykonywana jest ocena skutecznosci dziatania algorytmow odpowiedzial-
nych za poprawe rozdzielczos$ci przestrzennej?

Wsrod najpopularniejszych metod pozwalajacych na nadanie warto$ci nowo po-
wstatym elementom macierzy obrazu sg algorytmy interpolacji obrazu. Interpolacja jest
wykorzystywana do rozwigzania problemu poprawy rozdzielczosci dzigki swojej prosto-
cie 1 szybkosci obliczen. Jest ona stosowana w metodach SISR- wykorzystujacych do
szacowania obrazu wyzszej rozdzielczo$ci (SR) tylko jeden obraz o niskiej rozdzielczo-

Sci. Istnieje wiele metod interpolacji pozwalajacych na stworzenie nowego obrazu SR
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o wiekszej rozdzielczo$ci. Do podstawowych metod mozna zaliczy¢ m.in. interpolacje
najblizszego sasiada, dwuliniowa oraz dwuszescienng. Metody te pozwalaja na przypisa-
nie nowo powstatym pikselom wartos$ci jasnosci, jednak wplywaja na zwigkszenie roz-
miaru obrazu, a nie ilo$¢ informacji, ktére mogg zostac¢ z niego odczytane. Metody inter-
polacji s3 wykorzystywane w wielu algorytmach poprawy rozdzielczos$ci przestrzenne;j
obrazu, ktore poza etapem interpolacji, usuwaja rozmycie oraz minimalizujg wystgpowa-
nie szuméw, co pozwala nie tylko na zmian¢ rozmiaru macierzy reprezentujacej obraz
wyjsciowy, ale tez poprawe jego jakosci np. metoda Partial Volume Diffusion [13], ba-
zujace na krawedziach [14], [15]. Jak juz wspomniano, istniejg rowniez metody, ktore do
poprawy rozdzielczo$ci wykorzystuja wigcej niz jeden obraz. Przyktadem takiego roz-
wigzania jest potaczenie interpolacji z metodami gradientu. Polega ono na potaczeniu
obrazow o niskiej rozdzielczosci z obrazem o wysokiej rozdzielczosci. W sposobie tym,
iteracje metody gradientu s3 wykonywane w siatce wspotrzednych widmowych i prze-
strzennych o wysokiej rozdzielczos$ci [16]. Inne rozwigzanie zaproponowat zespot X. Qi-
fang [17], w ktérym do poprawy rozdzielczos$ci przestrzennej wykorzystano seri¢ obra-
zOw o niskiej rozdzielczosci oraz informacji z poruszajacych si¢ pikseli reprezentujacych
ten sam obiekt.

W $rodowisku teledetekcyjnym bardzo popularny jest pansharpening, ktory faczy
wysoka rozdzielczo$¢ przestrzenng zobrazowan panchromatycznych z wysoka rozdziel-
czoscig spektralng zobrazowan wielospektralnych. Rezultatem zastosowania pansharpe-
ningu jest obraz wielospektralny o wysokiej rozdzielczosci. Do gtéwnych rozwigzan za-
liczamy metode IHS (ang. intensity-hue-saturation, intensywnos¢-odcien-nasycenie ) [7],
analiza gléwnych sktadowych (ang. principal component analysis — PCA) [18], transfor-
macje Broveya [19], [20], fuzje¢ Ehlersa [21], wymnazanie obrazéw [22] 1 metod¢ Gram-
Schmidta [23].

W zwigzku z tym, ze naukowcy wciagz probuja ulepszaé istniejace rozwigzania
oraz tworza kolejne metody, istnieje szereg nowych badan, z ktdrych wybrane zostaty
opisane w publikacji P1 (wady 1 zalety w tabeli II 1 III, a ocena jako$ciowa w tabeli IV
publikacji P1). Obrazy bgdace wynikiem poprawy rozdzielczosci za pomoca pansharpe-
ningu charakteryzuja si¢ znacznym wzrostem potencjatu interpretacyjnego (w porowna-
niu z obrazami o niskiej rozdzielczosci). Jednak maja one dwie zasadnicze wady: (1)
wiele metod powoduje znieksztatcenia widmowe, (2) wymagaja dwdch zobrazowan —
panchromatycznego (o wysokiej rozdzielczosci) 1 wielospektralnego wykonanych w zbli-

zonym czasie.
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Inng grupa rozwigzan sa metody wykorzystujace wiele obrazow o niskiej rozdziel-
czos$ci na potrzeby oszacowania obrazu o wysokiej rozdzielczosci. Jedna z nich jest me-
toda probkowania obrazu Treés Haute Résolution (THR) stosowana do poprawy rozdziel-
czoscl przestrzennej scen panchromatycznych pozyskanych przez SPOTS. Jest to metoda
pozyskiwania i przetwarzania obrazow wykorzystujaca dwie macierze detektorow CCD,
ktore sg przesunigte w plaszczyznie ogniskowej [24].

Kolejnym rozwigzaniem oszacowania wartosci pikseli obrazu o wysokiej roz-
dzielczosci na podstawie obrazéw o niskiej rozdzielczosci (LR) jest algorytm liniowej
rekonstrukcji zmiennych pikseli (Super-Resolution Variable-Pixel Linear Reconstruction
— SRVPLR). Opiera si¢ on na algorytmie VPLR (nazywanym algorytmem Drizzle) [9],
ktory stuzy do taczenia obrazéw astronomicznych. W algorytmie tym piksele w obrazach
o niskiej rozdzielczosci s3 odwzorowane w nowym obrazie o wysokiej rozdzielczosci,
uwzgledniajac przesunigcia, obrot oraz znieksztatcenie sensora obrazujacego. Jednocze-
$nie wielko$¢ przenoszonego piksela jest zmniejszana, aby ograniczy¢ liczbe¢ artefaktow
na obrazie.

Oproécz klasycznych metod poprawy rozdzielczosci (tj. interpolacja, pansharpe-
ning), istnieje grupa rozwiazan, ktérej fundamentem sa algorytmy glebokiego uczenia.
Do poprawy rozdzielczo$ci przestrzenniej za pomoca tych metod nie sg potrzebne do-
datkowe obrazy, jak w przypadku pansharpeningu. Receptura na oszacowanie obrazu SR
pochodzi z wyuczonego modelu sieci neuronowej. Jako$¢ modelu sieci neuronowe;j za-
lezy od wielu czynnikow, a do najwazniejszych mozna zaliczy¢: architekture sieci, me-
tode uczenia, sposob aktualizacji wag oraz zbidr danych treningowych, ktéry symuluje
srodowisko w ktorym w przysztosci model bedzie wykorzystywany. Najbardziej popu-
larng metoda tworzenia baz danych przeznaczonych do poprawy rozdzielczosci prze-
strzennej jest zmniejszenie rozdzielczosci obrazu HR do rozdzielczosci obrazu LR, a na-
stepnie wykonanie szkolenia w oparciu o obrazy LR, ktore sa pordwnywane z obrazami
prawdziwymi HR. W zwiazku z tym, do szkolenia sieci moze zosta¢ wykorzystany kazdy
obraz cyfrowy badz dowolna baza danych obrazow cyfrowych. Wigkszo$¢ prowadzo-
nych badan na temat poprawy rozdzielczosci oparta jest na klasycznych obrazach cyfro-
wych (Set5-4x [25], Setl4-4x [26], BSD100-4x [27], URBANI100-4x [28], FFHQ
256x256-4x [29], FFHQ 512x512-4x [29], FFHQ 1024x1024-4x [29]). Charakteryzuja
si¢ one wysoka rozdzielczoscia, a co za tym idzie, duzg szczegdtowoscia. W przypadku
poprawy rozdzielczo$ci obrazow pionowych pozyskanych z putapu lotniczego, a szcze-

golnie satelitarnego, te same obiekty charakteryzowane s3a przez inne cechy,
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a rozdzielczo$¢ obrazu jest znacznie nizsza. W zwigzku z tym, aby wykorzysta¢ zapro-
ponowane przez naukowcoOw rozwigzania poprawy rozdzielczosci obrazéw cyfrowych
(pozyskanych gtownie z putapu ziemskiego), konieczne jest doszkolenie modeli, ktorych
wagi zostaly oszacowane na podstawie klasycznych obrazéw cyfrowych.

Podczas przegladu literatury zwrdécono uwage na sposdb oceny oszacowanych
przez sieci neuronowe obrazow SR. Do najpopularniejszych wskaznikéw oceny jako$cio-
wej nalezy szczytowy stosunek sygnalu do szumu (ang. peak signal-to-noise ratio —
PSNR) [30] 1 podobienstwo strukturalne (ang. structural similarity index — SSIM) [30].
Pierwszy z nich zawiera informacje na temat maksymalnej mocy sygnatu do mocy szumu
zaktocajacego ten sygnal, za§ druga uwzglednia znieksztalcenia luminancji, kontrastu
oraz struktury. Mniej popularnymi, lecz rownie czgsto wykorzystywanymi wskaznikami
oceny s3: wzgledny $redni btad spektralny (ang. Relative Average Spectral Error —
RASE) [31], bezwymiarowy globalny btad wzgledny (ang. Relative Dimensionless
Global Error in Synthesis — ERGAS) [32], wskaznik korelacji (ang. Correlation Coeffi-
cient — CC) [33], porownanie krzywych spektralnych (ang. Spectral Angle Mapper —
SAM) [34], rozbieznos$¢ informacji spektralnych (ang. Spectral Information Divergence
- SID) [35], uniwersalny wskaznik jako$ci obrazu (ang. Universal Image Quality Index
- UIQI) [36]. Sposob ich dziatania zostal opisany w sekcji IIE publikacji P1.

Wedlug bazy Scopus, od 2015 roku powstato ponad 2540 prac badawczych doty-
czacych algorytmow SISR bazujacych na sieciach neuronowych. Liczba ta swiadczy
o duzej popularnosci tych rozwigzan, cho¢ nalezy zwréci¢ uwage, ze wickszos$¢ z nich
dotyczy wyostrzania obrazéw klasycznych, jednak moga one zosta¢ wykorzystane w pro-
blemie poprawy rozdzielczo$ci zobrazowan satelitarnych. Rozwigzania SISR wykorzy-
stujgce sieci splotowe mozna podzieli¢ na dwie grupy: metody oparte na klasycznych
warstwach splotowych oraz sieci GAN. Jednymi z najpopularniejszych rozwigzan nale-
zacych do pierwszej grupy sa SRCNN [37], FSRCNN [38], ESPCNN [39], EDSR [40].
Druga grupa rozwigzan sa metody wykorzystujace generatywne sieci przeciwstawne.
Oryginalny model GAN sktada si¢ generatora oraz dyskryminatora. Zadaniem generatora
jest przyjecie na wejsciu obrazu o niskiej rozdzielczosci i dekodowaniu go w celu wyge-
nerowania syntetycznego obrazu SR. Natomiast zadaniem dyskryminatora jest odréznie-
nie danych rzeczywistych od wygenerowanych przez generator. Sie¢ generatora treno-
wana jest tak, aby mogta oszuka¢ dyskryminator. Sieci GAN maja ogromne mozliwosci
rekonstrukcji obrazow. Niemniej jednak sg one bardzo trudne do uczenia, z uwagi na

swoj niestabilny trening oraz tendencje do wystapienia znikajacych lub eksplodujacych
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gradientow. W sekcji IID publikacji P1 przedstawiono szczegdlowy opis wybranych me-
tod poprawy rozdzielczo$ci przestrzennej wykorzystujacych glebokie sieci neuronowe.
Ponadto w tabeli VI wykonano porownanie jakosci obrazéw SR oszacowanych przez po-
pularne metody wykorzystujace sieci neuronowe (np. SRResNet [41], EDSR [40],
SRCNN [37], FSRCNN [38], SAN [42]) oraz rozwigzania oparte na GAN (np. SRGAN
[41], ESRGAN [43]). Do porownania wykorzystano rézne bazy danych testowych.
W przypadku wiekszosci baz danych (Set14-4x [26], BSD100-4x [27], URBAN100-4x
[28]) najlepsza rekonstrukcje obrazow LR wykonat model SAN [42], ale dla bazy danych
Set5-4x najlepszy byt model ESRGAN [43].

W ramach przeprowadzonych badan wykonano przeglad metod poprawy roz-
dzielczosci przestrzennej obrazow cyfrowych za pomocg klasycznych metod wyostrzania
tj. interpolacji i pansharpening oraz coraz bardziej popularnych rozwigzan wykorzystuja-
cych glebokie sieci neuronowe. Gtownym ograniczeniem metod interpolacyjnych jest
nieznaczny wzrost mozliwosci interpretacyjnych pomimo zmniejszenia rozmiaru piksela.
Niemniej jednak rozwigzania te, nie wymagaja duzej mocy obliczeniowej jednostek ro-
boczych, a takze nalezg do grupy metod SISR. Dysponujac sceng panchromatyczng o wy-
sokiej rozdzielczos$ci 1 wielospektralng o niskiej rozdzielczo$ci mozna potaczy¢ atuty tych
danych za pomocg metod pansharpeningu, jednak metoda ta nie pozwala na poprawe roz-
dzielczosci zobrazowania, na ktérym znajdujg si¢ obiekty bedace w ruchu. W tym przy-
padku, na obrazie SR widoczne sg artefakty, bedace konsekwencja przesunigcia miedzy
potozeniem poruszajacego si¢ obiektu na wysokorozdzielczym obrazie panchromatycz-
nym, a jego potozeniem na obrazie wielospektralnym. Migdzy innymi z tego powodu
algorytmy te nie sg wykorzystywane do poprawy rozdzielczosci sekwencji obrazow. Do-
datkowo, ze wzgledu na metodyke dziatania tych rozwigzan, moga one by¢ zastosowane
tylko do poprawy rozdzielczosci obrazéw wielospektralnych majacych swoj odpowied-
nik o wysokiej rozdzielczosci.

W poréwnaniu z innymi metodami architektury oparte o GAN pozwalaja uzyskaé
lepsze wyniki poprawy rozdzielczos$ci w stosunku do metod klasycznych. Ze wzgledu na
wielki potencjat 1 szerokie zastosowanie GAN, naukowcy rozwijajg ich zastosowanie
w teledetekcji, jednak caty czas aktualne sg problemy dotyczace zastosowania GAN do
wyostrzenia catych scen satelitarnych, a nie tylko ich fragmentow. Innymi problemami
w zastosowaniu sieci neuronowych (zwlaszcza GAN) jest niestabilno$¢ uczenia oraz pro-
blem znikajacego gradientu. Ponadto na podstawie dokonanego przegladu literatury

mozna stwierdzi¢, ze sieci GAN majg trudno$¢ z brakiem zbieznos$ci oraz z doborem
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hiperparametrow. Wiele metod np. SRCNN (zawartych w tabela VI publikacji P1) nie
mozna zastosowa¢ do poprawy rozdzielczo$ci przestrzennej zobrazowan satelitarnych
ze wzgledu na dos¢ stabe odwzorowanie tekstury, co moze prowadzi¢ od powstania bte-
doéw podczas interpretacji zobrazowan. Najlepsze architektury zostaly zaproponowane
przez Wang [44] oraz Courtrai [45]. W metodach tych uwzgledniono bloki rezydualne'!,
co jest szczegolnie istotne w przypadku zastosowania GAN, poniewaz bloki te stabilizuja
1 znacznie przyspieszajg trening modelu.

W ramach badan, ktérych podsumowaniem jest publikacja P1, wykonano prze-
glad klasycznych oraz wspotczesnych metod poprawy rozdzielczosci przestrzennej. Me-
tody glebokiego uczenia wykazuja ogromny potencjat jako SISR. Niektore architektury
bazujace na sieciach splotowych, pomimo swojego zaawansowania oraz rozbudowanej
architektury, nie sprawdzaja si¢ do SISR zobrazowan satelitarnych, poniewaz pomimo
poprawy rozdzielczo$ci nie wzrastajg mozliwos$ci interpretacyjne. Ponadto w publikacji
P1 zwr6cono uwage na to, ze wiele prac badawczych skupiato si¢ do tej pory na poprawie
rozdzielczo$ci matych obrazow - niewiele jest rozwigzan dotyczacych zastosowania
SISR w teledetekcji, a szczegdlnie metod, ktore uwzgledniajg mozliwos$¢ poprawy roz-
dzielczos$ci calych scen satelitarnych o wymiarze znacznie wigkszym niz wymiar obra-
zO6w prezentowanych w publikacjach. W publikacji P1 przedstawiono przyszie kierunki
rozwoju w zakresie wyostrzania catych scen oraz optymalizacji parametrow i udoskona-
lenia architektur sieci neuronowych, a zwlaszcza GAN.

Przedstawiony przeglad literatury oraz wykonana analiza pozwolity na uzyskanie
odpowiedzi na wszystkie postawione na tym etapie pytania badawcze PB1.1 —PB1.5 oraz
umozliwity udzial w osiggnieciu celu szczegdtowego CS1, co bezposrednio przyczynito

si¢ do realizacji celu gtownego CG.

1 Blok rezydualny — ang. residual block, blok warstw sieci, w ktorym zastosowane zostato polaczenie
pomijajace. W blokach tych, sygnat przekazywany jest do kolejnej warstwy boku oraz do warstwy znajdu-
jacej si¢ nieco wyzej.
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4.2.Metoda wykorzystania okna czasowego do poprawy rozdzielczoSci przestrzennej

zobrazowan satelitarnych [publikacja P2]

Jak juz wspomniano, wigkszo$¢ naukowcoOw skupiata si¢ do tej pory na poprawie
rozdzielczo$ci matych obrazéw. Nie poruszano zagadnien dotyczacych zastosowania me-
tod SISR w teledetekcji, a szczegdlnie w poprawie rozdzielczosci calych scen satelitar-
nych, ktorych rozmiar jest znacznie wigkszy niz tych, ktore przyktadowo prezentowano
w publikacjach [46], [47], [48]. Ponadto analizujac parametry charakterystyczne istnieja-
cych modeli SISR wykorzystywanych w widzeniu komputerowym, wymiar parametru
wejscia do pierwszej warstwy jest znacznie mniejszy od wymiar6w obrazoéw, ktdre po-
zyskiwane sg przez satelity. Co wigcej, nawet niewielkie satelity wyposazone w matryce
o niewielkich rozmiarach, np. CMOS [4] czy CMOSIS CMV [5], charakteryzujace si¢
niska wydajnoscia kwantowa pozyskuja zobrazowania o rozmiarze znacznie wigkszym
od projektowanych wejs$¢ do sieci neuronowych.

Wiedzac, ze pomimo tak duzych mocy obliczeniowych procesoréow graficznych
oraz mozliwosci wykorzystania wirtualnych maszyn, bardzo trudne jest przetworzenie
tak duzych zobrazowan satelitarnych. W ramach badan staratam si¢ znalez¢ odpowiedz
na ponizsze pytania:

PB2.1. Czy mozliwa jest poprawa rozdzielczosci zobrazowan satelitarnych za pomocg
algorytméw sztucznej inteligencji?

PB2.2. Czy istnieja metody taczenia obrazéw po zastosowaniu algorytmow poprawy roz-
dzielczo$ci za pomocg metod glebokiego uczenia?

PB2.3. Jakanalezy przyja¢ metodyke podczas taczenia obrazoéw SR oszacowanych przez
generatywne sieci przeciwstawne?

PB2.4. Czy metoda ta moze by¢ réwniez wykorzystywana do tgczenia obrazow beda-
cych wynikiem dziatania algorytmoéw odpowiedzialnych za segmentacje?

Jedna z mozliwych odpowiedzi na pierwsze pytanie badawcze jest podzielenie
procesu poprawy rozdzielczo$ci przestrzennej zobrazowania satelitarnego na trzy etapy:
(1) podziat zobrazowania na mniejsze fragmenty (kafelki), o wymiarze rownym parame-
trowi rozmiaru wejscia do sieci neuronowej (NN) (ang. input size), (2) poprawie rozdziel-
czosci przestrzennej za pomoca NN, (3) ponownego polaczenia zrekonstruowanych ka-
felkow w jeden obraz. W ramach badan, ktérych wynikiem jest publikacja P2 zapropo-
nowatam wykorzystanie okien czasowych w celu wykonania mozaikowania (laczenia)

fragmentow zobrazowania. W proponowanej metodzie obrazy wynikowe taczone sa ze
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soba uwzgledniajac wagi pochodzace z dwuwymiarowych okien czasowych. Zastosowa-
nie okien czasowych polega na przygotowaniu odpowiedniej macierzy wag (symetrycz-
nej wzgledem $rodka obrazu), a nastepnie pomnozeniu jej przez obraz (SR), zrekonstruo-
wany przez NN. Wykorzystanie tego rozwigzania umozliwiajg wtasciwosci okien czaso-
wych: (1) niezerowa w skonczonym przedziale czasu, (2) osiaga maksimum w $rodku
przedziatu, (3) jest symetryczna wzgledem s$rodka przedziatu. Do analizy wybranych
okien czasowych sprawdzono cztery parametry: warto$¢ minimalng, maksymalna, §red-
nig sume¢ wag oraz sume wag dla obszaru wspolnego obrazoéw. Badania nad mozliwoscig
zastosowania okien czasowych na potrzeby taczenia obrazéw przeprowadzono dla obra-
zO6w o wymiarze 384 x 384 pikseli. Wymiar ten nie zostal wybrany przypadkowo. Sieci
SRGAN i1 ESRGAN (popularne modele SISR) jako wejscie najczesciej pobierajg obraz
o niskiej rozdzielczosci (LR) o wymiarze 96 x 96 pikseli, a zwracajg obraz SR o wymia-
rach 384 x 384. Prace nad badang tematyka zostaly podzielone na dwa etapy. W pierw-
szym etapie zostaly przeprowadzone badania wst¢pne, na podstawie ktorych wybrano
jedynie te okna czasowe, dla ktérych: (1) wl: suma wag w punkcie nalezy do przedzialu
[0.95, 1.05], (2) w2: suma wag dla obszaru pokrycia nalezy do przedziatu [190, 192],
przy zatozeniu, ze pokrycie taczonych obrazéw (obrazoéw sktadowych) wynosi 50%.
W badaniach sprawdzono mozliwo$¢ wykorzystania okien czasowych tj. Welch, Sine,
Hann, Bartlett-Hann, Triangular, Hann-Poisson, Gaussian, Lanchos, Blackmana, Black-
man-Nuttall, Blackman-Harris, Flat top, Poisson, Hamming (w zataczniku A publikacji

P2 znajduja si¢ funkcje wykorzystanych okien czasowych).
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Okno czasowe

Rys. 4.1. Zestawienie wartosci Srednich, minimalnych i maksymalnych wag badanych okien
czasowych. Zatozono pokrycie obrazow rowne 50%. Wartosci liczhowe wyznaczono dla ob-
szaru pokrycia obrazu. W celu lepszej interpretacji wynikow, niebieskq przerywang linig zazna-
czona zostata prosta pomocnicza yl = 1, zas zielong przerywang linig prosta
pomocnicza y2 = 192 (opracowano na podstawie [49])

Na rysunku 4.1 przedstawiono wizualizacj¢ otrzymanych wynikéw. Przedsta-
wiony wykres jednoznacznie pokazuje, ze zdefiniowane warunki wl i w2 spelniajg na-
stepujace okna czasowe: Hann, Bartlett-Hann, Triangular, Hann Poisson oraz Backmana.
W celu weryfikacji otrzymanych wynikoéw przeprowadzono oceng jako$ciowa obrazow.
Do analizy wykorzystane zostaly najczes$ciej wykorzystywane w srodowisku teledetekcji
1 widzenia komputerowego wskazniki oceny jakosciowej. Do przeprowadzenia analizy
wykorzystano jeden z obrazéw pochodzacych z sekwencji obrazoéw pozyskanych za po-
mocg minisatelity Jinlin-1. Przygotowany obraz podzielitam na obrazy sktadowe o wy-
miarach 384 x 384 pikseli z pokryciem migdzy nimi rownym 192 piksele (50%). Nastep-

nie, przygotowane obrazy potaczono ze soba z wagami obliczonymi za pomocg okien



33

czasowych: Hann, Bartlett-Hann, Triangular, Hann-Poisson, Gaussian, Lanchos, Black-
man. W analizie pomingtam okna czasowe, dla ktorych $rednia suma wag w punkcie nie

nalezy do przedziatu [0.9,1.1].

Tabela 4.1.

Ocena jakosci tgczenia obrazow za pomocq okien czasowych. Dla metod oznaczonych ,,*”, przed
oceng zastosowano dopasowanie histogramow (opracowano na podstawie [49])

wskaznik

MSE | RMSE | PSNR | UQI | SCC | SAM | SSIM | RASE | VIFP | NRMSE
funkcja [30] [30] [30] | [36] | [50] | [34] | [30] [31] [51] [30]
okna

Hann a,=0.5 0.42 0.64 51.89 | 1.00 | 1.00 | 0.01 1.00 0.35 1.00 0.01
Bartlett-Hann 3.66 1.91 4249 | 1.00 | 0.91 | 0.01 1.00 101.21 | 0.98 0.02

Triangular 3.84 1.95 42.29 | 1.00 | 0.90 | 0.01 1.00 104.21 | 0.98 0.02
Hann-Poisson 342 1.85 4278 | 099 | 0.92 | 0.01 1.00 96.91 0.98 0.02
Gaussian 92.79 9.63 2846 | 099 | 0.89 | 0.08 | 0.99 | 401.44 | 0.89 0.08
Gaussian* 75.74 8.70 29.34 | 1.00 | 0.88 | 0.07 | 0.99 | 354.06 | 0.87 0.07
Lanchos 1288.29 | 35.89 | 17.03 | 0.90 | 0.85 | 0.30 | 0.88 | 1658.52 | 0.72 0.32
Lanchos* 863.22 | 2938 | 1877 | 095 | 0.81 | 0.24 | 0.88 | 1294.12 | 0.59 0.24
Blackmana 16.68 4.08 3591 | 1.00 | 0.90 | 0.02 1.00 | 207.04 | 0.97 0.03

Blackmana* 3.23 1.80 43.03 | 1.00 | 0.89 | 0.01 1.00 87.88 0.97 0.01

W tabeli 4.1. przedstawiono oceng jakosci taczenia obrazéw za pomoca okien cza-
sowych. Analizujac otrzymane wyniki wyraznie wida¢, ze okna czasowe, ktérych suma
wag dla pojedynczego piksela jest rowna 1, prezentuja najlepsze wyniki metryk oceny.
Jednakze nalezy zwroci¢ uwage, ze zastosowanie okien czasowych nieznacznie pogarsza
jako$¢ obrazu, o czym $wiadczy niewielka warto$¢ btedu MSE oraz RASE. Jednoczesnie
szczytowy stosunek sygnatu do szumu (PSNR) przyjmuje wysokie wartosci np. dla okna
Hanna PSNR = 51.89 dB, co dowodzi o bardzo wysokim podobienstwie mi¢dzy obrazem
wynikowym, a referencyjnym.

Do przeprowadzenia badan zasadniczych wybrane zostaly jedynie cztery okna
czasowe (Hann, Hann-Poisson, Bartlett-Hann, Triangular), ktore spetniaty zdefiniowane
na poczatku badan warunki wl 1 w2. Okna te postuzyly do wyznaczenia stopnia pokrycia
pomiedzy kafelkami, dzigki ktéremu zrekonstruowane zobrazowania satelitarne beda
charakteryzowaly si¢ najlepsza jakos$cig.

Na potrzeby przeprowadzenia badan przygotowana zostata sie¢ ESRGAN, ktore;j
zadaniem byla poprawa rozdzielczosci kanatow 2, 3 1 5 zobrazowan wielospektralnych
pozyskanych za pomocg satelity World View 2 (WV2). Do treningu modelu wykorzysta-
tam wiasng bazg¢ danych sktadajaca si¢ z 29 500 obrazéw o niskiej rozdzielczosci (LR)
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(o wymiarach 96 x 96 pikseli) oraz ich odpowiednikéw o wysokiej rozdzielczosci (HR)
(o wymiarach 384 x 384 pikseli). Do przygotowania bazy danych obrazéw o niskiej roz-
dzielczos$ci wykorzystalam zobrazowania wielospektralne pozyskane przez WV2 przed-
stawiajace obszar Radomia, Gornoslasko-Zaglebiowskiej Metropolii oraz Pomorza.
W celu przygotowania zbioru obrazéw HR potaczylam wysoka rozdzielczosci prze-
strzenng obrazu panchromatycznego z wysoka rozdzielczoscia spektralng obrazu wielo-
spektralnego wykonujgc pansharpenig metoda Grama-Schmidta. Gtownym powodem
wyboru tej metody sg najmniejsze (w poroOwnaniu z innymi metodami pansharpeningu)
znieksztatcenia barw.

Jako parametry poczatkowe szkolenia sieci ESRGAN zainicjowano parametry za-
lecane przez autoréw rozwigzania [43]. Autorzy rozwigzania zalecajg, aby zmniejszac
szybko$¢ uczenia (1x10%) o potowe przy 50 tys., 100 tys., 200 tys. i 300 tys. iteracjach.
Niestety w przypadku tej bazy danych po wykonaniu ok. 35 000 iteracji mozna zauwazy¢
zjawisko znikajacych gradientow, ktore bardzo tatwo zidentyfikowac poprzez nagly

wzrost straty generatora L (rys. 4.2).
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Rys. 4.2. Zjawisko znikajgcych gradientow przedstawione na wykresie L (opracowano na pod-
stawie [49])

W zwiazku z powyzszym zjawiskiem, konieczne byto szybsze zmniejszenie pa-
rametru szybkos$ci uczenia. W badaniach tych zastosowalam zmiany tego parametru we-
dhug tabeli 3 znajdujacej si¢ w publikacji P2. Wartosci te zostaly dobrane do§wiadczalnie.
Operacja ta zapobiega przetrenowaniu sieci, ale jednocze$nie znaczaco wydtuza proces

szkolenia.
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Na etapie badan zasadniczych nad mozliwo$cia potaczenia obrazéw SR za po-
moc3a okien czasowych skupiono si¢ rowniez na okresleniu najlepszego stopnia pokrycia
miedzy taczonymi obrazami. W tym celu wybrano pi¢¢ fragmentow scen satelitarnych
o wymiarze nie mniejszym niz 900 x 900 pikseli (LR) (wybrane fragmenty nie braly
udzialu w treningu modelu ESRGAN). Obrazy te przedstawiaja obszary miejskie,
obrzeza miast, lasy, tereny rolne oraz fragment farmy wiatrowej. Do oceny, jako obrazy
referencyjne o wysokiej rozdzielczosci (HR) wykorzystano te same obrazy, ktorych roz-
dzielczo$¢ przestrzenng poprawiono za pomocg pansharpeningu - metoda Grama-
Schmidta.

Na potrzeby badan, obrazy LR zostaly podzielone na mniejsze obrazy o rozdziel-
czosci 96 x 96 pikseli. Przygotowano dziesi¢¢ zestawoéw obrazéw sktadowych (dla kaz-
dego z fragmentow zobrazowan), do ktorych przygotowania zastosowano roézne stopnie
pokrycia (od 50 do 5% z krokiem 5%). Przed przystapieniem do badan, poprawiono roz-
dzielczo$¢ przestrzenng kazdego obrazu czeSciowego za pomoca wytrenowanej sieci
ESRGAN. Tak przygotowane obrazy polaczono ze sobg za pomocg (wybranych w ra-
mach badan wstepnych) okien czasowych. Schemat zastosowanego postepowania przed-

stawiono na rysunku 4.3.
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Rys. 4.3. Schemat metodyki poprawy rozdzielczosci catych scen satelitarnych (opracowano na
podstawie [49])
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W wyniku wyzej opisanej operacji powstato 200 nowych fragmentéw zobrazo-
wan (5 fragmentow zobrazowan x 10 stopni pokrycia x 4 okna czasowe = 200 obrazow)
o poprawionej za pomocg sieci ESRGAN rozdzielczos$ci przestrzennej. Kazdy z oszaco-
wanych obrazéw poddany zostat ocenie za pomocg wskaznikéw przedstawionych i opi-
sanych w punkcie 3.2. publikacji P2. W celu lepszej wizualizacji wynikéw obliczono
srednig wartos¢ badanych wskaznikéw oceny dla kazdego obrazu, z uwzglednieniem po-
dziatu na metode taczenia obrazow. Otrzymane wyniki przedstawiono w zalaczniku B
publikacji P2. Na ich podstawie mozna zauwazy¢, ze jakos¢ obrazu wynikowego ro$nie
wraz z zmniejszeniem si¢ stopnia pokrycia mi¢dzy obrazami, a warto$¢ maksymalng
osigga dla pokrycia wynoszacego ok. 10%. Dla wartosci pokrycia mniejszej niz ta war-
tos¢ jakos¢ potaczonego obrazu zaczyna spada¢. Dodatkowo obrazy potaczone za po-
mocg okna czasowego Triangular charakteryzuja si¢ najlepsza jakoscig dla pokrycia mie-
dzy obrazami wigkszego od ok. 25%. W przypadku gdy pokrycie migdzy obrazami jest
mniejsze od tej wartosci, najlepsze wyniki oceny majg obrazy potaczone za pomoca okna
Hann-Poisson (ale nie jest wigksze niz 15%).

W celu dodatkowej weryfikacji przedstawionej metody przetwarzania catych scen
zobrazowan satelitarnych wykonatam badania, w ktérych wykorzystatam okna czasowe
do Iaczenia obrazéw bedacych wynikiem operacji automatycznej interpretacji obrazu np.
w wyniku zastosowania sieci U-Net, czy warunkowych generatywnych sieci przeciw-

stawnych (ang. conditional generative adversarial network — CGAN).
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Rys. 4.4. Przykiad wykorzystania okien czasowych do lgczenia masek cieni, ktore zostaly wy-
kryte za pomocq sieci U-Net, przedstawiono obrazy z pokryciem: a) 5%, b) 10%, c) 50% [49]

Na rysunku 4.4 przedstawiono dwa obrazy, ktorych porycie wynosi odpowiednio
5%, 10%, 50% oraz obraz wynikowy potaczenia tych obrazow za pomoca okna Hann-
Poisson. W przypadku zastosowania pokrycia migdzy obrazami réwnego 5% i 10% prze-
prowadzona analiza wizualna nie zidentyfikowata bledow wynikajacych z taczenia obra-
zow. Bledy wystepujace na powyzszym rysunku wynikajg z bledow modelu odpowiada-
jacego za segmentacje.

W ramach badan przedstawitam i zweryfikowalam metod¢ przetwarzania zobra-
zowan satelitarnych o dowolnych wymiarach za pomocg algorytmow giebokiego ucze-
nia. Zaproponowane rozwigzanie umozliwia przetworzenie zobrazowania satelitarnego
za pomocg modelu sieci neuronowej o dowolnym rozmiarze wejscia. Zastosowanie po-
krycia migdzy obrazami wynoszacego ok. 10% i potaczenie kafelkow za pomoca okna
Triangular lub Bartlett-Hann pozwolito na rekonstrukcje zobrazowan satelitarnych z naj-
wyzszg jako$cig. Jednoczes$nie biorgc pod uwage wyniki przedstawione w zataczniku B
publikacji P2, wedlug ktorych roznice jakosci obrazow potaczonych za pomoca okien
czasowych Hann, Hann-Poisson, Bartlett-Hann i1 Triangular sa niewielkie, kazde z wy-
mienionych okien czasowych moze by¢ wykorzystane do wykonania mozaikowania.

Przeprowadzone badania pokazuja, ze obrazy oszacowane przez wytrenowany

model ESRGAN zawieraja wiele btedoéw, co szczegodlnie widoczne jest podczas analizy
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wizualnej np. na dachach domoéw. Dodatkowo potwierdzaja to warto$ci metryk prezen-
towe w tabeli 2 publikacji P2 oraz na przyktadach obrazéw SR znajdujacych si¢ w za-
laczniku na rysunku 4 w tej samej publikacji.

Majac na uwadze powyzsze wyniki mozna wywnioskowa¢é ze, mozliwa jest
poprawa rozdzielczosci przestrzennej calych scen satelitarnych. Jednakze ko-
nieczna jest modyfikacja istniejacych modeli gl¢bokiego uczenia, badz opracowanie
nowych rozwiazan. Przeprowadzone analizy pozwolity mi na uzyskanie odpowiedzi do
wszystkich postawionych w tym etapie pytan badawczych PB2.1 — PB2.4 oraz umozli-
wily udzial w osiaggnieciu celow szczegotowych CS2 i1 CS6, co bezposrednio przyczynito

si¢ do realizacji celow gtownych CG.

4.3.Projekt modelu generatywnego do poprawy rozdzielczosci przestrzennej zobra-

zowan satelitarnych [publikacja P3]

Jak przedstawiono w publikacji P1 i P2, problem poprawy rozdzielczo$ci zobra-
zowan satelitarnych, ktore nie spetniajg wymagan do zastosowania pansharpeningu jest
wcigz aktualny. Jedocze$nie obrazy oszacowane przez popularne metody SISR wykorzy-
stujace glebokie sieci neuronowe posiadajg wiele artefaktow, nawet w przypadku krawe-
dzi obiektow (zatacznik 2 publikacji P2). W zwiazku z powyzszym, przeprowadzitam
badania majace na celu wykonanie modyfikacji architektury ESRGAN [43]. Zadaniem
wprowadzonych zmian byla poprawa jakosci generowanych obrazéw SR oraz przyspie-
szenie procesu treningu generatora. W trakcie prowadzonych badan staratam si¢ znalez¢
odpowiedzZ na nastgpujace pytania badawcze:

PB3.1. Czy zastosowanie wielogateziowego dyskryminatora pozwala na lepszg oceng
obrazéw SR generowanych przez generator?

PB3.2. Czy wykorzystanie starty Wassersteina do treningu sieci GAN umozliwia lepsze
rozroéznienie obrazoéw HR 1 SR przez dyskryminator?

PB3.3. Jakie mozna podja¢ dziatania, w celu ustabilizowania treningu sieci GAN (ogra-
niczenia wystepowania zjawiska znikajacych (lub eksplodujacych) gradientow)?

PB3.4. Jaka przyja¢ metodyke do oceny obrazéw SR? Jak przeprowadzi¢ ocene poten-
cjatu interpretacyjnego obrazow SR?

W zwigzku z tym, ze prace badawcze skupiajg si¢ nad opracowaniem nowej archi-

tektury sieci GAN przygotowane zostaty trzy bazy danych, na podstawie ktorych
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wykonany zostat trening 1 weryfikacja projektowanego modelu sieci GAN. Bazy te skia-
daja si¢ z tozsamych par obrazow o niskiej rozdzielczo$ci (o wymiarach 96 x 96 pikseli)
1 wysokiej rozdzielczosci (o wymiarach 384 x 384 pikseli).
Pierwsza z przygotowanych baz danych sktada si¢ z zdje¢ lotniczych. Baza danych
o wysokiej rozdzielczo$ci powstata w wyniku podziatlu ortofotomapy o wielkosci piksela
wynoszacej 0.25m. Obrazy o niskiej rozdzielczosci przygotowano poprzez przeprobko-
wanie obrazow HR do rozmiaru 96 x 96 pikseli. Do przygotowania drugiej bazy danych
wykorzystano baze danych Dataset for Object deTection in Aerial Images (DOTA) [52].
Do przygotowania zbioru obrazéw HR wybrano 18 000 losowych fragmentéw obrazow
o rozmiarze 384 x 384 pikseli. Obrazy LR, podobnie jak w przypadku pierwszej bazy
danych, przygotowano poprzez przeprobkowanie obrazéw HR. Jako trzecig baz¢ danych
wykorzystano baze¢ danych utworzong na potrzeby badan nad metoda wykorzystania okna
czasowego do poprawy rozdzielczo$ci przestrzennej zobrazowan satelitarnych.
Wprowadzone modyfikacje modelu ESRGAN obejmuja gléwnie model dyskry-
minatora, czyli cze$¢ modelu odpowiadajacg za ocen¢ obrazéw. Pierwsza z zastosowa-
nych zmian jest wprowadzenie dyskryminatora wielokolumnowego. Model ten sktada si¢
z dwoch gatezi, gdzie kazdg z nich jest klasyfikatorem wykorzystujacym warstwy splo-
towe. Pierwszy z klasyfikatorow posiada uktad warstw taki sam, jak dyskryminator sieci
SRGAN [41]. W przypadku drugiego krytyka dodano jedng warstwe splotowa, wykorzy-
stano metode aktywacji na ReLU oraz zmieniono rozmiar filtrow w warstwie konwolu-
cyjnej (ang. kernel size) (w warstwach parzystych parametr ten wynosi 5 pikseli) (rys.

4.5).
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Rys. 4.5. Model dyskryminatora (opracowano na podstawie [53])



40

Zastosowanie takiego dyskryminatora wielokolumnowego pozwolito na lepsza
oceng jakoS$ci pracy generatora, a w konsekwencji, przyspieszylto trening generatora od-
powiedzialnego za poprawe rozdzielczos$ci przestrzennej zobrazowan satelitarnych. Ko-
lejng wprowadzong modyfikacjg byta zmiana metody oceny modeli generatora i dyskry-
minatora. W oryginalnym rozwigzaniu ESRGAN uczenie modelu odbywa si¢ wedlug
strategii ,,gry o sumie zero”, generator szkolony jest tak, aby oszuka¢ dyskryminator (wz.

4.1):

min max Ex.p, [log(D(x))] + Ez-p, [log(1 — D(®))] (4.1)
gdzie:
P. —rozktad docelowy;

P, —rozkfad bazowy.

Natomiast straty generatora (wz. 4.2) i dyskryminatora (wz. 4.3) modelu

ESRGAN obliczane sg za pomoca nastepujacych wzorow:

L3 = —E ur[log(Dpa (IR, IS7))] — E,se[log(1 — Dpo (ISR, IMR))] (4.2)
1R = —Eur[log(1 — Dra (IR, I5R))| — E sr[log(Dge (ISR, I1R))] (4.3)

gdzie:

IHR — obraz HR;

ISR — obraz SR;

Dp, — dyskryminator relatywistyczny (Sredni).

W projektowanym modelu GAN podejscie to zostato zastgpione stratg Wasserste-
ina [54]. Zastosowanie tej funkcji straty pozwala na oszacowanie rozktadu danych obser-
wacyjnych wykorzystanych do uczenia. Zadaniem procesu uczenia jest minimalizacja
odlegtosci miedzy rozktadem danych obserwowanym w zbiorze treningowym (rozkta-
dem bazowym), a rozktadem danych oszacowanych przez generator (rozktadem docelo-
wym). W celu okreslenia odlegtosci miedzy rozktadami prawdopodobienstwa w prze-
strzeni metrycznej wykorzystywana jest odleglos¢ Wassersteina. Odleglos¢ Wassersteina
dla dwoéch miar probabilistycznych g 1 v obliczana jest wedlug ponizszego wzoru

(wz. 4.4).
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d

1
W(,9) = max |EfaCO] + B8O —y Y e (5 (al) +AG) - DG x))~1) | (44)

x,x'€{0,1}
gdzie:
D:XxX - R,, X ={0,1}%;
W - odleglo$¢ Wassersteina;
a, P — funkcje zbioru X;

y - rozktad prawdopodobienstwa.

Wykorzystanie odleglosci Wessersteina umozliwia okreslenie minimalnej ilosci
pracy, jaka jest potrzebna do przeksztatcenia rozktadu bazowego w rozktad docelowy.
W projektowanej sieci GAN do wyznaczenia odleglo$ci Wessersteina wykorzystana zo-
stata metryka Kantorovicha-Rubinsteina [55]. Metryka ta wykorzystuje warunek Lip-
schitza (szybko$¢ zmiany funkcji, dla ktérej obywa si¢ optymalizacja jest ograniczona
przez statg Lipschitza). Pozwala on na utrzymanie rownowagi miedzy wielko$cig na wej-
sciu do modelu, a wielko$cig zmian na jego wyjsciu. W wyniku wprowadzonych mody-
fikacji, uproszczony jest proces optymalizacji generatora, co ma korzystny wplyw na ja-
kos$¢ generowanych obrazow SR. Wprowadzone zmiany dotyczace metody oceny mo-
delu, zmieniajg strategi¢ uczenia sieci (wz. 4.1). W konsekwencji przyjmuje ona postac

(wz. 4.5):

min max E,._p, [D(x)] = Ex-p, [D(®)] (4.5)
gdzie:

D — zbidr funkcji 1-Lipschitz;

P. —rozktad docelowy;

P, —rozkfad bazowy.

W zwiazku z wprowadzonymi zmianami, dyskryminator zwraca dowolng liczbe
z przedziatu (—oo, +00). Z tego powodu nazywany on jest krytykiem. Zastosowanie straty
Wessersteina dodatkowo stabilizuje proces uczenia modelu, na wypadek zmian hiperpa-
rametréw uczenia [54]. Jednakze wadg implementacji warunku Lipschitza jest sktonnos¢
modelu do wystepowania zjawiska znikajacych (lub eksplodujacych) gradientow. Zjawi-
sko to jest wynikiem tego, ze krytyk moze zwraca¢ dowolng liczbe z przedziatu

(=00, +00), czyli moze osiggna¢ bardzo duze wartosci, ktdre nie sg pozadane w sieciach
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neuronowych. W zwigzku z tym konieczne jest wprowadzenie dodatkowych ograniczen
dla krytyka. W projektowanej sieci GAN uczenie modelu przeprowadzone zostato zgod-
nie z algorytmem opublikowanym przez zespot Ishaan Gulrajani [56]. Autorzy rozwia-
zania proponuja zastosowanie ograniczen dla funkcji Lipschitza. Zaktadaja, ze 1-Lipsch-
tiz jest rozniczkowana, wtedy i tylko wtedy gdy norma gradientu nie jest wigksza od 1.
W zwigzku z tym, wprowadzili ograniczenie normy gradientu stosujac ograniczenie
z karg dla losowych prébek nalezacych do rozktadu bazowego (X~ Py). Ostatecznie, strata

projektowanego modelu GAN przyjeta postac (wz. 4.6):
L =Ezp, [DX)] = Exep [DC] + AE¢p [(IVeD ()l — 1)?] (4.6)

W wyniku wyzej opisanych modyfikacji opracowatam nowy model GAN - Mul-
ticolumn Wasserstain ESRGAN (MCWESRGAN) - odpowiedzialny za poprawg¢ roz-
dzielczosci przestrzennej zobrazowan satelitarnych. W celu okreslenia wpltywu wprowa-
dzonych zmian na jako$¢ oszacowanych obrazéw SR oraz czas potrzebny na uczenie mo-
delu generatora, opracowanych i wytrenowanych zostato pie¢ modeli GAN, dla kazdej
z przygotowanych zbiorow danych:

e M1 —sie¢ ESRGAN,

e M2 — generator ESRGAN, dyskryminator multikolumnowy (do optymalizacji
wykorzystana zostala wigksza z wartosci strat obliczonych dla gat¢zi dyskrymi-
natorow),

e M3 — M2 (ale do optymalizacji wykorzystana zostata Srednia warto$¢ strat obli-
czonych dla gatezi dyskryminatorow),

e M4 — M2 (ale do optymalizacji wykorzystana zostata §rednia warto$¢ strat Wes-
sersteina),

e M5 — model M4 uwzgledniajacy zjawisko znikajacych gradientow (model
MCWESRGAN).

W tabeli 4.2 przedstawiono wyniki wskaznikow oceny jakosciowej przeprowa-
dzonej dla kazdej z przygotowanych baz danych. Ocenie poddano zbiér danych testo-
wych, ktory nie bral udziatu w treningu modeli. Analizujac otrzymane wyniki widoczny
jest znaczny spadek czasu potrzebnego na uczenie poszczegdlnych modeli SISR. Zaim-
plementowanie wielokolumnowego dyskryminatora pozwala na ok. 7-krotne skrdocenie

czasu treningu modelu, a wykorzystanie straty Wassersteina skraca ten czas ponad 20
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razy. W przypadku modelu M4, w ktorym wykorzystana zostala strata Wassersteina, do§¢
szybko (juz po 4 godzinach dla bazy danych WorldView-2) pojawito si¢ zjawisko znika-
jacych gradientow. W tym przypadku, nawet zmiana szybko$ci uczenia nie ograniczyta
tego zjawiska. Jednakze zastosowanie ograniczenia Lipschitza nie tylko umozliwito wy-
dhuzenie procesu uczenia, ale takze znacznie poprawito jako$¢ oszacowanych obrazow
SR zwlaszcza w przypadku fragmentéw zobrazowan satelitarnych (pomi¢dzy M4, a M5

srednia warto$¢ SSIM wzrosta o0 0.07).

Tabela 4.2.

Srednie wartosci metryk oceny jakosciowej danych testowych dla bazy WorldView-2, zdje¢ lotni-
czych i DOTA (* - czas treningu z wykorzystaniem karty graficznej Nvidia TITAN RTX 24 GB)
(opracowano na podstawie [53])

model
M5
R Ml M2 M3 M4 MCWESRGAN
wskaznik
Crasucze- | oc101/83 12/14/14 12/14/14 4/6/9 6/8/11
nia [godz.]*
SSIM | 0.83/0.15/0.60 | 0.82/0.54/0.68 | 0.84/0.56/0.69 | 0.85/0.61/0.69 | 0.92/0.62/0.70
2874/ 29.68/ 28.48/ 28.97/ 32.10/
PSNR [dB] 11.52/ 21.74/ 2223/ 28.43/ 22.45/
22.76 24.60 24.70 2478 25.05
SAM | 0.14/0.19/0.19 | 0.12/0.19/0.15 | 0.13/0.18/0.15 | 0.12/0.17/0.15 | 0.09/0.17/0.14
Nele 0.18/0.06/0.13 | 0.26/0.07/0.29 | 0.24/0.11/0.29 | 0.26/0.13/0.30 | 0.37/0.13/0.32
uQl 0.95/0.70/98 | 0.96/0.93/0.98 | 0.95/0.94/0.98 | 0.96/0.97/0.99 | 0.98/0.97/0.99

* - czas treningu z wykorzystaniem karty graficznej Nvidia TITAN RTX 24 GB

W przypadku obrazow pozyskanych z putapu satelitarnego, na ktérych moga wy-
stepowac obszary o réznej charakterystyce (obszary zurbanizowane, lesne, taki, pola) ich
oszacowanie na obrazach SR moze r6zni¢ si¢ pod wzgledem jakosci. Wobec tego, wyzej
przedstawiona analiza przedstawia wartosci usrednione dla calego obrazu, a warto$ci te
moga by¢ zawyzone przez bardzo wysoka jako$¢ oszacowania powierzchni jednorodnych
np. zbiornikdw wodnych, 3k, terenéw pokrytych trawa. W zwiazku z tym, na potrzeby
lepszej oceny obrazow SR wykonatam lokalng ocen¢ jako$ciowa obrazéw. W metodzie
tej obraz referencyjny (HR) 1 oszacowany (SR) dzielony jest na mniejsze obszary o wy-
miarach okre§lonych przez parametr p. Nastepnie, dla wyznaczonych obszaréw wykony-
wana jest ocena jakosciowa (rys. 4.6). Dzi¢ki tej metodzie mozliwe jest okreslenie obsza-
réw, ktore zostaly ,,gorzej” oszacowane przez algorytm poprawy rozdzielczos$ci prze-

strzennej. Na podstawie tych informacji, mozna okres§li¢ jakie nalezy wykonac
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modyfikacje (np. jak zmodyfikowa¢ baz¢ danych treningowych), aby zwigkszy¢ jakos¢

oszacowanych obrazow SR.

SSIM, area = 50 pix * 50 pix
< ¥

Wybor wskaznika:
- PSNR,
-ual,
Wybor wymiar okna, - SAM
np. 50 pikseli - SSIM
- NRMSE
- MSE

- RMSE

Rys. 4.6. Schemat dziatania algorytmu oceny lokalnej obrazow
(opracowano na podstawie [53])

Przedstawione powyzej metody oceny globalnej i lokalnej pozwalaja okresli¢ ja-
ko$¢ oszacowania obrazéw SR. Jednakze nie umozliwiajg one oceny wzrostu potencjatu
interpretacyjnego miedzy obrazami LR i SR. Dlatego konieczne jest zastosowanie dodat-
kowej metody, ktora pozwoli okresli¢, czy zwigkszenie liczby pikseli przektada si¢ na
wzrost zdolno$ci rozrdzniania obiektow na obrazie SR. W tym celu przeprowadzitam
analiz¢ widma gesto$ci mocy obrazu w dziedzinie czgstotliwosci (PSD), ktora, mimo ze
nie jest powszechnie stosowana w teledetekcji, dostarcza cennych informacji na temat
ocenianego obrazu. Umozliwia ona okreslenie nie tylko zmiany rozdzielczosci prze-
strzennej (GSD), ale rowniez terenowej zdolno$ci rozdzielczej (GRD) (rys. 4.7), gdzie
parametr GRD okresla najmniejsza wielkos¢, jaka moze zosta¢ rozrézniona na zobrazo-
waniu. Warto$¢ tego parametru zalezy od kontrastu miedzy obiektem, a ttem. Dla obiek-
tow charakteryzujacych si¢ wysokim kontrastem z ttem GRD przyjmuje dwukrotng war-

tos¢ parametru GSD, natomiast w przypadku wystapienia niskiego kontrastu

GRD = 2+/2GSD.
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PSD dla kierunku x

— Obraz HR
— Obraz LR
7 Obraz SR

:' | \‘J/\L
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Czestotliwos¢ przestrzenna [1/100m]

Rys. 4.7. Przyklad wykresu widma gestosci mocy, do czestosSci przestrzennej dla obrazu HR
0 GSD = 0.5m, na kierunku x (opracowano na podstawie [53])

Przedstawione wyniki pokazuja, ze obraz SR (z6tta krzywa na wykresie), posiada
takg samg warto$¢ parametru GSD, jak obraz HR (rozdzielczo$¢ przestrzenna wzrosta
czterokrotnie, w pordwnaniu do obrazu LR). Dodatkowo, analizujac stosunek widma ge-
stosci mocy do czgstosci przestrzennej obrazu HR 1 SR, jednoznacznie widaé, ze poprawa
rozdzielczo$ci obrazu miata miejsce, tylko w obszarze zaznaczonym niebieskim prosto-
katem, czyli do gestosci przestrzennej rownej ok. 105 [1/100m] (rys. 4.7). W przedziale
tym, ma miejsce najlepsze odwzorowanie widmowej gestosci mocy. A co za tym idzie,
warto$¢ parametru GRD wynosi ok. 1.8-2.1 GSD.

Analizujgc otrzymane wyniki (gldéwnie na podstawie oceny lokalnej obrazow),
mozna stwierdzi¢, ze obiekty pochodzenia antropogenicznego sg lepiej odwzorowywane
na obrazach SR niz obiekty pochodzenia naturalnego (np. korony drzew). Wyjatkiem sa
polany i taki, ktorych jako$¢ oszacowania ro$nie, wraz ze spadkiem rozdzielczosci prze-
strzennej obrazéw LR.

Potaczenie powyzej przedstawionych metod oceny obrazu pozwala na jedno-
znaczne okreslenie jako$ci oszacowanych obrazow SR. Ich ocena powinna si¢ sktadaé
z trzech etapow: (1) oceny globalnej, (2) oceny lokalnej w celu identyfikacji obszarow
zawierajacych bledy, (3) analizy zmienno$ci widma gestosci mocy.

W celu dalszej oceny zaprojektowanego modelu MCWESRGAN, wykonano po-
réwnanie oszacowanych obrazoéw SR z obrazami oszacowanymi przez inne modele SISR

oparte na glebokich sieciach neuronowych. Na potrzeby poréwnania, wykonano oceng
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globalng obrazéw nalezacych do zbioréw testowych przygotowanych baz danych. Wy-

niki analizy przedstawione sg w ponizszej tabeli 4.3.

Tabela 4.3.

Porownanie MCWESRGAN z innymi modelami SISR dla baz danych (BD): 1. DOTA, 1I. zdjecia
lotnicze, IIl. WorldView-2. Kolorem zielonym zaznaczono najlepsze wyniki oceny jakosciowej,
kolorem zottym te, ktore byly drugie, zas kolorem czerwonym najgorsze

wskaz- EDSR | ESPCN | FSRCNN | RDN | SRONN | -2 | SRGAN | ESRGAN | MCWE-
e [40] [39] [38] [58] [37] T:;t [41] [43] SRGAN
I 0.69 0.67 067 | 061 0.68 0.60 0.60 0.70
SSIM | 1II 0.60 0.56 0.60 | 0.56 0.61 0.54 -I
I 0.91 0.90 091 | 082 0.89 0.83 0.83 0.92
I 24.11 2458 | 2361 | 2287 | 2449 | 2148 22.76 25.05
PSNR | 1I 20.95 2197 | 2141 ] 2105 | 2201 | 2044 -E
I 27.15 3127 | 3201 | 254 30.12 | 29.18 28.74 32.10
I 0.15 0.15 0.16 | 0.8 0.15 0.17 0.19 0.14
SAM | 1I 0.19 0.14 018 | 020 0.19 0.21 0.19 0.17
111 0.14 0.10 011 | 0.14 0.12 0.15 0.14 0.09
I 0.29 0.17 025 | 0.14 0.23 0.13 0.13 0.32
scc | 1 0.11 0.13 012 | 008 0.11 0.08 0.06 0.13
m | 022 | 031 0.20 034 | 0.16 0.31 0.14 0.37
I | 09 | 099 0.98 098 | 097 0.98 0.99
UQr | m | 093 | 096 0.95 09 | 0.96 0.96
1l ! 0.98 0.97 098 | 093 0.97

Na podstawie analizy wizualnej (zatacznik 4 publikacji P3) oraz wynikow jako-
sciowej oceny obrazu (tabela 4.3) jednoznacznie wida¢, ze opracowany model MCWE-
SRGAN umozliwia najdoktadniejszg rekonstrukcje¢ obrazu, szczegdlnie dla elementow
1 powierzchni liniowych. Model MCWESRGAN osiagnat najlepsze wyniki w kazde;j
z ocenianych metryk - SSIM, PSNR, SAM, SCC 1 UQI. Dodatkowo mozna zauwazy¢, ze
obrazy SR z fragmentéw zobrazowan satelitarnych daja lepsze wyniki w poréwnaniu do
obrazow SR z bazy DOTA. Zjawisko to jest wynikiem znacznie nizszej rozdzielczo$ci
przestrzennej zobrazowan satelitarnych w porownaniu z obrazami w bazie DOTA, co
skutkuje mniejszg iloscig szczegotow jakie muszg zosta¢ zrekonstruowane. Ponadto na
uwage zastuguje model SRDenseNet. Obrazy SR oszacowane tym modelem osiagaja
rownie dobre wyniki w ocenie jako$ciowej. Jednakze na podstawie analizy wizualnej
mozna zauwazy¢, ze obrazy SR sprawiajg wrazenie namalowanych pedzlem, co odréznia

je od obrazéw HR. Najgorsze wyniki uzyskata sie¢ EDSR (wartos¢ SSIM ponizej 0.80
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dla bazy zobrazowan satelitarnych, podczas gdy dla MCWESRGAN SSIM = 0.92). Pro-
wadzac analiz¢ wizualng (przyktady obrazéw mozna znalez¢ w zataczniku 4 publikacji
P3), widoczna jest degradacja potencjatu interpretacyjnego.

Przeprowadzone badania pokazuja, ze zastosowanie wielokolumnowego dyskry-
minatora pozwala na znaczne przyspieszenie procesu treningu sieci. Dodatkowo proces
ten mozna przyspieszy¢ poprzez wykorzystanie funkcji kosztu, zdefiniowanej jako starta
Wassersteina (ang. Wasserstein loss), ktora uwzglednia odleglos¢ Wassersteina. Pomimo
tego, ze strata Wassersteina zwigksza podatnos¢ modelu na przetrenowanie (zwlaszcza
w przypadku obrazoéw pozyskanych z putapu lotniczego i kosmicznego), wytrenowane
modele charakteryzuja si¢ wigksza jakoscia w zadaniu poprawy rozdzielczosci prze-
strzennej. Analiza uzyskanych wynikow (w gldéwnej mierze oparta na lokalnej ocenie ob-
razow) pozwala stwierdzi¢, ze obiekty antropogeniczne sg lepiej reprezentowane na zdje-
ciach SR niz obiekty pochodzenia naturalnego (np. korony drzew). Wyjatek stanowia
polany i taki, ktorych jako$¢ oceny wzrasta wraz ze spadkiem rozdzielczosci przestrzen-
nej obrazow LR.

Na podstawie otrzymanych wynikow, mozna stwierdzi¢, ze jako$¢ obrazéw SR
spada wraz ze wzrostem rozdzielczosci przestrzennej obrazow LR (tabela II1 1 IV publi-
kacji P3). W przypadku obrazéw pozyskanych z putapu lotniczego (gdzie warto$¢ para-
metru GSD wynosi ponizej 0.3 m) wartosci badanych wskaznikow odbiegajg od pozosta-
tych baz danych. Zjawisko to jest wynikiem licznych nieprawidlowosci, bedacych skut-
kiem blednego oszacowania szczegotow obiektéw znajdujacych sie na zobrazowaniu.
Dodatkowo w toku przeprowadzonych badan zauwazono, ze w przypadku stosowania
jednorodnych baz danych (wykorzystane obrazy pochodza z tego samego zobrazowania
satelitarnego badz nalotu fotogrametrycznego), gdzie warunki sg zblizone, prawdopodo-
bienstwo wystgpienia zjawiska znikajacych gradientow wzrasta. W przypadku zastoso-
wania baz niejednorodnych (np. DOTA, gdzie znajdujg si¢ zobrazowania satelitarne, lot-
nicze i pozyskane przez BSP) zjawiska znikajacych gradientow nie wystgpuja z uwagi na
,pobudzanie” optymalizatorow przez obrazy o innej rozdzielczosci przestrzenne;.

Przeprowadzone analizy pozwolity na uzyskanie odpowiedzi do wszystkich po-
stawionych w tym etapie pytan badawczych PB3.1 — PB3.4 oraz umozliwity udziat
w osiagnieciu celow szczegdtowych CS3 1 CS4, a takze osiaggnigcie celu szczegdtowego

C5, co bezposrednio przyczynito si¢ do realizacji celu gtownego CG.
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4.4.Metoda poprawy rozdzielczosci przestrzennej sekwencji obrazow pozyskanych

przez male satelity [publikacja P4]

Rozwdj matych satelitow nie dotyczy jedynie rejestrowania scen satelitarnych, ale
takze sekwencji obrazow. Wiele z nich, wykorzystuje technikg obrazowania dynamicz-
nego, ktora znajduje wiele zastosowan w zakresie teledetekcji. Rozwigzanie to, pomimo
mozliwos$ci detekcji celow dynamicznych posiada rowniez ograniczenia. Ze wzgledu na
obrazowanie w trybie wideo oraz stosowanie kompresji stratnej, ma miejsce degradacja
rozdzielczo$ci przestrzennej pozyskiwanych sekwencji. Jednym z mozliwych rozwigzan
tego problemu jest zastosowanie najnowszych osiagni¢¢ uczenia glebokiego opartych
o techniki single image super-resolution (SISR).

Problem jakosci interpretacji kontekstu obrazu jest bardzo istotny w przypadku
danych wideo, gdzie wystepuja rozlegte, skomplikowane wzorce, ktore zmieniajg swoje
potozenie na kolejnych obrazach sekwencji. Zmiana potozenia obiektow na kolejnych
obrazach sekwencji jest wynikiem ruchu obiektow na obrazie, jak i1 ruchu satelity pozy-
skujacej dane. Ponadto jako$¢ odwzorowania obiektow infrastruktury budowlanej (w tym
krytycznej) oraz drogowej jest kluczowe w zadaniach detekcji mniejszych obiektow
np. pojazdow, samolotow.

Model MCWESRGAN opracowany i przetestowany w ramach publikacji P3 po-
siada jedna dos¢ istotng (pod wzgledem interpretacyjnym) wade. Oszacowane obrazy SR
posiadajg dos¢ charakterystyczng (trudno zauwazalng) teksturg. Powodem jej powstania
jest niska warto$¢ parametru odpowiedzialnego za szybkos$¢ uczenia, jednakze jest ona
konieczna w celu ograniczenia (lub op6znienia) wystapienia zjawiska znikajacych gra-
dientow. Z tego powodu, konieczne jest opracowanie metody umozliwiajacej usuniecie
btedne;j tekstury.

W zwigzku z powyzszym, w ramach badan wykonano adaptacj¢ zaprojektowa-
nego w poprzednich badaniach modelu siecit MCWESRGAN. W trakcie prowadzonych
badan staratam si¢ znalez¢ odpowiedZ na nastgpujace pytania:

PB4.1. Jaka przyja¢ metodyke do poprawy rozdzielczosci przestrzennej sekwencji ob-
razu?

PB4.2. Czy mozliwe jest przetworzenie sekwencji o dowolnej rozdzielczosci czasowej?

PB4.3. Jak ograniczy¢ wystepowanie charakterystycznej tekstury na obrazach SR?

PB4.4. Jak oceni¢ jakos$¢ sekwencji obrazow po zastosowaniu algorytmoéw SISR?
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W ramach prowadzonych badan (szczegdétowo opisanych w P4) zaproponowano
nowg metodyke poprawy rozdzielczosci sekwencji obrazow. Rozwigzanie to pozwala na
poprawe rozdzielczosci przestrzennej danych wideo, ktore moga sktadac si¢ z dowolnej
liczby klatek o rozmiarze, ktéry nie jest $cisle okreslony. Sktada si¢ ona z pieciu etapow:
(1) wezytanie pojedynczej klatki wideo, (2) podzial klatki na mniejsze kafelki (wymiar
jest zdeterminowany parametrem wejscia do sieci GAN, ktora zostanie wykorzystana do
poprawy rozdzielczo$ci przestrzennej) z pokryciem 10% (warto$¢ ta zostata okreslona
podczas badan opisanych w publikacji P2), (3) poprawa rozdzielczosci przestrzennej za
pomocg algorytmu SISR, (4) poprawa jakoS$ci interpretacyjnej obrazéw SR1, w wyniku
ktorej powstang obrazy SR2, (5) ponowne potaczenie obrazéw oszacowanych (SR2)

w jedng klatke. Schemat wyzej przedstawionej metodyki zostat pokazany na rysunku 4.7.

o e e e e s e S S e s s

I Krok wykonywany dla kazdego obrazu LR |

Obrazy SR1

}

Pofaczenie obrazéw SR1 w jeden
obraz SR za pomocg
funkcji okna Bartletta-Hanna

Podziat sekwencji

obrazu na obrazy

L

Podziat klatek na kafelki o wymiarze
96 x96 pikseli z pokryciem 10%

obrazy LR

|
|
|
|
|
|
|
|
L‘!EF'\I‘I :
|
|
|
|
|
|
|
|

taczenie obrazow
w sekwencje

Rys. 4.7. Schemat dziatania algorytmu (opracowano na podstawie [60])

Dotychczas przeprowadzone badania pozwalajg na wykonanie wszystkich wyzej
opisanych etapéw, poza poprawa jakosci interpretacyjnej obrazéw SR1 (zakladajac,
ze etap 1 1 5 to podstawowe operacje na danych wideo i nie wymagaja szerszych badan).

W zwigzku z tym, przed przystapieniem do testowania metodyki poprawy rozdzielczosci
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sekwencji obrazow, przystapiono do badan nad poprawa jako$ci obrazéow zrekonstruo-
wanych przez model MCWESRGAN. W pierwszej kolejnosci zweryfikowano klasyczne
metody przetwarzania obrazéw cyfrowych, oraz nieco bardziej zaawansowane metody
usuwania rozmycia - algorytm Lucy-Richardsona [61] oraz dekonwolucje¢ Wienera [62].
Jednakze metody te nie pozwolity na poprawe jakosci obrazéw SR. W zwiazku z tym,
konieczne bylo zastosowanie innego rozwigzania. Wykonujac przeglad prac badawczych
dotyczacych usunigcia szuméw oraz rozmycia na obrazach, na uwage zastuguje model
Uformer [63] zaproponowany przez zespot Zhendong Wang.

Model Uformer ma charakter klasycznej sieci koder-dekoder w ksztatcie litery
,»U”. Dodatkowo pomigdzy koderem i dekoderem wykorzystane zostaty potaczenia po-
mijalne, dzigki ktorym mozliwe jest dodanie wykrytych przez algorytm cech do obrazu
wejsciowego. Zadaniem modelu jest pozyskanie informacji o konteks$cie lokalnym pik-
seli ,,zanieczyszczonych”, na potrzeby przywrocenia ich ,,czystej” wersji. W tym celu
wykorzystywane sg bloki transformatora (ang. transformer block) wyposazone w mecha-
nizm samouwagi, dzieki ktoremu mozliwe jest przechwytywanie dlugo-zasiggowych za-
lezno$ci. Ponadto mapy cech, ktore trafiaja do blokow LeWin (ang. locally enhanced
window, zaznaczone zielonym kolorem na rysunku 4.8) napotykaja warstwe normalizacji
(LN), a nastgpnie Window-based Multi-head Self-Attention (W-MSA) korzystajace
z mechanizmu samouwagi wewnatrz niezachodzacych na siebie okienek lokalnych.
W kolejnym kroku, za pomocg potaczen pomijalnych, tensor ten dodawany jest do wej-
sciowych map cech i przekazywany do kolejnej warstwy normalizacyjnej. Znormalizo-
wany tensor przekazywany jest do Locally-enhanced Feed-Forward Network (LeFF),
a tensor wynikowy ponownie (za pomocg skip connection) dodawany jest do map jakie
przekazywane byty do blokéw LeWin. Dodatkowo dekoder sieci wyposazony jest w mo-
dulatory, ktorych zadaniem jest poprawa jakosci cech. W wyniku tej operacji mozliwe
jest odzyskanie wigkszej liczby szczegotow (dzigki uwzglednieniu charakterystyk wzor-
cOw zaburzajacych).

W zwiazku z tym, ze prezentowane przez autorow wyniki oceny jakosciowej byty
bardzo obiecujace, do dalszych badan przyjeto generator modelu MCWESRGAN rozbu-
dowany o model Uformer. Na ponizszym rysunku (rys. 4.8) przedstawiono finalng posta¢
generatora odpowiedzialnego za poprawg rozdzielczosci przestrzennej sekwencji obra-

ZOW.
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Rys. 4.8. Schemat poprawy rozdzielczosci pojedynczej klatki wideo (opracowano na podstawie

[60])

Podczas badan nad siecig MCWESRGAN (publikacja P3) zauwazono, ze uczenie
modeli z wykorzystaniem baz danych zlozonych z obrazéw o réznej rozdzielczosci prze-
strzennej jest mniej podane na zjawisko znikajacych gradientow. W zwigzku z tym, przy-
gotowana zostala nowa baza danych zawierajaca zdjecia pozyskane przez BSP, sensory
optyczne zamieszczone na samolotach oraz satelity obserwacyjne (w tym, mate satelity).
W wyniku przeprowadzonych prac, powstala baza danych ztozona z obrazow o rozdziel-
czos$ci przestrzennej od 0.15 m do 20 m sktadajaca si¢ z 100 000 obrazéw. Tak rézno-
rodna baza danych zostata utworzona w wyniku potaczenia bazy danych DOTA, frag-
mentéw zdje¢ lotniczych, zobrazowan pozyskanych przez satelit¢ WorldView-2, baze
danych Jilin-1 [64] oraz inne dane pozyskane przez nanosatelity SkySat-1 i Jilin-1.

Do treningu modeli odpowiedzialnych za poprawe rozdzielczosci konieczne jest
przygotowanie danych o wysokiej rozdzielczosci (HR) oraz o niskiej rozdzielczosci (LR).
Do przygotowania naszej bazy danych, w wigkszosci przypadkow obrazy HR przygoto-
wano poprzez podziat obrazow na kafelki o wymiarach 384 x 384 pikseli, za$ ich odpo-
wiedniki LR powstaty w wyniki przeprobkowania obrazéw HR do rozmiaru 96 x 96 pik-
seli. Wyjatkiem sg sceny satelitarne pozyskane przez satelit¢ WV2. W przypadku tych
danych, postgpiono tak samo jak w poprzednich badaniach (publikacja P2 i P3).

W celu lepszej oceny oszacowanego obrazu zastosowano lokalng oceng obrazu
dla klatek wynikowych (po potaczeniu kafelkéw za pomoca okien czasowych). Z uwagi
na rozmiar ocenianych klatek wynikowych rownych 640 x 640 pikseli, zatozono,

ze ocena lokalna wykonana zostanie na fragmentach obrazu o powierzchni 20 x 20
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pikseli. Na ponizszych rysunkach (rys. 4.9, 4.10) przedstawiono wyniki oceny lokalnej
za pomocg metryk jakosciowych SSIM i PSNR. W przypadku metryki SSIM wigkszos$¢
badanych obszaréw zaznaczonych zostata na kolor z6tty, czyli warto$¢ metryki wyniosta
wiecej niz 0.97. Istniejg jedynie pojedyncze obszary o niskiej jakosci oszacowania. Na-
tomiast ocena lokalna za pomocg PSNR jest znacznie r6znorodna (réznica wartosci
PSNR pomiedzy sasiednimi obszarami jest wigksza, niz w przypadku SSIM), co umozli-
wia bardziej doktadng analize obrazu. W oparciu o ocen¢ lokalng z wykorzystaniem
PSNR mozna wywnioskowa¢, ze obiekty poruszajace si¢ (np. samolot na pasie), badz

obiekty niewielkie o nieregularnych ksztattach oszacowane zostaly z wysoka jakoscia,

cho¢ niewiele nizszg niz ptaszczyzny postojowe, pas startowy i drogi kotowania.

PSNR [dB]

Rys. 4.10. Ocena lokalna- metryka PSNR (dla pola oceny wynoszgcego: 20 x 20 pikseli) [60]

Kolejng metoda wykorzystang na potrzeby okreslenia jakosci obrazow SR jest
wykonanie PSD, ktora opisuje rozktad czestotliwosci energii sygnatu. Jak juz wspo-

mniano wczesniej, ocena ta pozwala na okreslenie terenowej zdolnosci rozdzielcze;.
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Rys. 4.11. Wykres PSD na kierunku x i y dla przyktadowego obrazu
(opracowano na podstawie [60])

Na rysunku 4.11 przedstawiono analiz¢ PSD dla kierunku x i y. Wykonujac ana-
lize PSD mozna zauwazy¢ wysokie podobienstwo rozktadu czgstotliwosci energii sy-
gnalu pomiedzy obrazem HR (z6tta krzywa), a obrazem SR (zielona krzywa) zwlaszcza
na kierunku wertykalnym obrazu (kierunek y). Na kierunku horyzontalnym poprawa roz-
dzielczosci widoczna jest dla gestosci przestrzennej wynoszacej ok. 100 [1/100m], nato-
miast na kierunku wertykalnym ok. 120 [1/100m]. W zwiazku z tym warto$¢ parametru
GRD na kierunku x wynosi GRDx = 2.1 X GSD, a na kierunku y GRDy = 2.5 x GSD.
Otrzymane wartosci potwierdzaja, ze warto$¢ parametru GRD dla obiektow o wysokim
kontrascie przyjmuje warto$¢ nie mniejsza niz dwukrotno$¢ GSD.

Proponowana metodyka poprawy rozdzielczosci sekwencji obrazow sktada sie
z trzech zasadniczych etapow: przygotowania obrazdéw, poprawy rozdzielczosci prze-
strzennej oraz potaczenia oszacowanych obrazéw w sekwencje obrazu. Konstrukcja roz-
wigzania pozwala na wykorzystanie innych algorytméw SISR wykorzystujacych sieci
neuronowe. W zwiazku z tym, w ramach badan wykonano poréwnanie jakosci poprawy
rozdzielczo$ci przestrzennej obrazow za pomocg réznych metod wykorzystujacych sieci
splotowe. Dodatkowo kazdy z badanych modeli SISR rozbudowany zostat o model Ufor-
mer, co pozwolilo na lepsza ocene wptywu modelu Uformer na jako$¢ wynikowych ob-
razow SR. Wyniki globalnej oceny jako$ci zestawu testowego przedstawiono w tabeli
4.4. Ponadto w tabeli 4.5 przedstawiono przyklady obrazéw SR oszacowanych przez
rozne modele SISR. Wigcej probek znajduje si¢ w zatgczniku A publikacji P4. W zalacz-
niku tym, znajdujg si¢ rowniez obrazy, ktore zostaly oszacowane przez inne modele SISR
rozbudowane o warstwy sieci Uformer. Globalna ocena jako$ciowa tych obrazow znaj-

duje si¢ w zatgczniku B publikacji P4.
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Tabela 4.4.
Porownanie MCWESRGAN z innymi modelami SISR. Kolorem zielonym zaznaczono najlepsze
wyniki oceny jakoSciowej, kolorem zottym te, ktory byly drugie, zas kolorem czerwonym najgor-
sze. “*” zaznaczono modele SISR rozbudowane o warstwy sieci Uformer (opracowano na pod-
stawie [60])

Metryka

SSIM| PSNR | SAM | SCC UQI
Model SISR

LR 0.92 | 31.37 0.07 0.15 0.991
EDSR 0.87 | 25.36 0.11 0.20 | 0.889
EDSR* 0.90 | 25.62 0.11 0.26 | 0.955
ESPCN 0.95 | 27.63 0.08 0.26 | 0.939
ESPCN* 0.94 | 27.16 0.08 0.25 0.970
FSRCNN 0.90 | 27.23 0.08 0.18 | 0.775
FSRCNN* 0.93 | 27.23 0.08 0.24 | 0.904
RDN 0.94 | 27.59 0.08 0.26 | 0.958
RDN* 0.94 | 27.45 0.08 0.25 | 0.967
SRCNN 0.93 | 32.40 0.06 0.19 | 0.964
SRCNN* 0.94 | 33.06 0.06 0.25 0.987
SRDenseNet 0.94 | 27.56 0.08 0.24 | 0.970
SRDenseNet* 0.94 | 27.46 0.08 0.25 0.973
SRGAN* 0.67 | 2091 | 0.209 | 0.17 | 0.760
ESRGAN 0.78 | 29.35 | 0.086 | 0.14 | 0.788
ESRGAN* 0.83 | 30.04 | 0.080 | 0.21 0.793
MCWESRGAN 0.96 | 36.21 0.03 0.26 | 0.993
MCWESRGAN* 0.98 | 38.32 0.02 0.27 | 0.996
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Tabela 4.5.
Przykiady fragmentow obrazu SR oszacowanych za pomocq roznych modeli sieci neuronowych
[60]

LR HR EDSR ESPCN

MCWESRGAN
z modelem Uformer

Analizujgc zestawienie obrazow SR wygenerowanych przez rdézne rozwigzania
SISR wykorzystujace sieci splotowe (CNN) mozemy zauwazy¢ duze roznice, zwlaszcza
w odwzorowaniu krawedzi obiektow antropogenicznych (stworzonych przez cztowieka).
Przyktad takiego obiektu zostat zaznaczony z6tta ramka (tabela 4.5), a jego powigkszenie
znajduje si¢ w prawym dolnym rogu rysunku. Wiele z badanych modeli np. EDSR,
FSRCNN, SRCNN, SRGAN, ESRGAN popelnia btedy podczas odwzorowania obrazow
HR. W przypadku obrazéw oszacowanych przez te metody, krawedzie obiektow (nawet
tych posiadajacych duzy kontrast z ttem) s3 rozmyte, a narozniki zaokraglone. Oceng
wizualng potwierdzita analiza jako$ciowa (tabela 4.5). Zaprojektowany model MCWE-
SRGAN rozszerzony o warstwy Uformer pozwala na poprawe rozdzielczo$ci przestrzen-
nej z najwyzsza jakoscig (SSIM = 0.98, PSNR = 38.32 dB). W przypadku wigkszosci
innych modeli SISR, ktore zostaty rozbudowane o warstwy Uformer widoczna jest po-

prawa jakosci obrazéw SR. W przypadku modeli ESPCN, RDN i SRDenseNet
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zaobserwowano nieznaczny spadek jakosci obrazow SR (np. w przypadku sieci RDN
spadek PSNR wynosit 0.14 dB).

Zaprojektowana metoda poprawy rozdzielczosci sekwencji obrazoéw sktada si¢
z kilku etapoéw dzialajacych niezaleznie. Dzigki dziataniu etapowemu proponowane roz-
wigzanie nie wymaga wysokich mocy obliczeniowych. Moc obliczeniowa stacji roboczej
determinuje jedynie czas przetwarzania sekwencji obrazu. W tabeli 4.6 przedstawiono
poréwnanie czasoOw pracy modulu poprawy rozdzielczosci przestrzennej danych wideo
sktadajacych si¢ z 100 klatek o wymiarach 120 x 120 pikseli. Zestawienie to pokazuje,
ze proponowany algorytm moze zosta¢ zaimplementowany nawet na urzadzeniach nie-
wyposazonych w procesor graficzny. Chociaz wykorzystanie karty graficznej znacznie

skraca proces przetworzenia sekwencji obrazow.

Tabela 4.6.

Porownanie czasu potrzebnego na przetworzenie pojedynczego filmu na roznych jednostkach ob-
liczeniowych (wymagany czas na przetworzenie: * jednego kafelka, ** jednego obrazu sekwencji)
(opracowano na podstawie [60])

Czas
stacjarobocza | Intel Xeon Silver Intel Xeon Si- Intel Intel Corei3-
42162 GPUTE 0 1016 | Coreis-1235 | 7100U
etap TAN RTX 24 GB
Przygotowanie da- 0.004 0.04 0.2 0.4
nych (0.00004*%*) (0.0004**) (0.002%%*) (0.004**)
Poprawa rozdziel- 76.80 988 4316 8861
czosci (0.19%) (2.47%) (10.79%) (22.15%)
Potaczenie w dane 0.07 0.9 4 8
wideo (0.0007*%*) (0.009%**) (0.04%*%) (0.08%%*)
Calkownydcz.als po- 76.87 988.94 4320.2 8869.4
IS,’:WY rozdzielezo- | 10 178) | (~16min29s) | (~72mimy | 147 min
. przestrzennej (0.77%%) (9.9%%) (43.2%%) 49s)
jednego filmu (88.7*%%)

Otrzymane wyniki potwierdzaja zasadno$¢ rozbudowania modelu MCWE-
SRGAN o warstwy modelu Uformer. Modyfikacja ta znaczaco poprawia jako$¢ obrazéw
SR, a w konsekwencji poprawe mozliwosci interpretacyjnych. Wada tego rozwigzania
jest wydtuzenie pracy modutu odpowiedzialnego za poprawe rozdzielczoSci przestrzen-
nej obrazu sekwencji. Poprawa rozdzielczos$ci przestrzennej pojedynczego kafelka przez

model MCWESRGAN (nierozbudowany o warstwy Uformer) trwa 0.03s (przy
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korzystaniu z Intel Xeon Silver 4216 z TITAN RTX 24 GB), czyli proces ten trwa ponad
6 razy krocej, niz w przypadku modelu MCWESRGAN rozbudowanego o model Ufor-
mer.

W ramach niniejszych badan zaproponowana zostala nowa metodyka poprawy
rozdzielczo$ci przestrzennej sekwencji obrazéw. Otrzymane wyniki pokazujg cztero-
krotng poprawe rozdzielczo$ci przestrzennej obrazéw o niskiej rozdzielczo$ci, jednocze-
$nie mozliwosci interpretacyjne wzrosty ponad dwukrotnie. Ponadto rozbudowanie ge-
neratora odpowiedzialnego za poprawe rozdzielczosci przestrzennej pozwolito na po-
prawe podobienstwa strukturalnego (SSIM) pomigdzy obrazami HR i1 SR o ok. 0.02, za$
szczytowy stosunek sygnatu do szumu wzrost o ponad 2dB. Zaproponowana metodyka
moze znalez¢ zastosowanie w problemach poprawy rozdzielczosci przestrzennej obrazow
1 wideo pozyskanych przez male satelity, w ktorych konieczne jest zastosowanie metod
single image super resolution (SISR). Ponadto poprawa rozdzielczosci przestrzennej za
pomoca wyzej opisanej metodyki nie wymaga duzych mocy obliczeniowych (te wyma-
gane sg jedynie na etapie treningu modelu), przez co moze by¢ obslugiwana przez jed-
nostki robocze niewyposazone w procesory graficzne. Przeprowadzone analizy pozwo-
lity mi na uzyskanie odpowiedzi do wszystkich postawionych w tym etapie pytan badaw-
czych PB4.1 — PB4.4 oraz umozliwily udzial w osiagnigciu celow szczegdétowych CS3,

CS4 1 CS6, co bezposrednio przyczynito si¢ do realizacji celu gtéwnego CG.
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5. Posumowanie i wnioski

Niniejsza rozprawe¢ doktorska pt. Opracowanie metodyki podwyzszenia rozdziel-
czosci przestrzennej zobrazowan z matych satelitow z zastosowaniem algorytmow sztucz-
nej inteligencji stanowi spojny tematycznie cykl czterech publikacji, ktorego celem byto
zaproponowanie nowego podejscia do poprawy rozdzielczosci przestrzennej zobrazowan
satelitarnych. Przedstawiona metodyka umozliwia czterokrotng poprawe rozdzielczosci
przestrzennej oraz co najmniej dwukrotny wzrost mozliwos$ci interpretacyjnych zobrazo-
wan satelitarnych lub sekwencji obrazéw o dowolnym rozmiarze.

W niniejszej rozprawie doktorskiej zweryfikowatam postawiong hipoteze gtowna:
zastosowanie odpowiednio dobranych i wytrenowanych generatywnych sieci prze-
ciwstawnych (GAN) pozwoli na opracowanie metodyki podwyzszania rozdzielczos$ci
przestrzennej zobrazowan z malych satelitow. W ramach prowadzonych badan opra-
cowatam metodyke poprawy rozdzielczo$ci przestrzennej zobrazowan i1 sekwencji obra-
zOW pozyskanych przez mate satelity. Rdzeniem metodyki jest generatywna sie¢ prze-
ciwstawna, do ktorej szkolenia zastosowatam wielokolumnowy dyskryminator oraz funk-
cj¢ straty Wasserseina. Jako$¢ obrazéw zrekonstruowanych wedlug opisanej metodyki
przewyzsza popularne rozwigzania SISR, co zostato wykazane na podstawie analizy ja-
kosciowej w publikacjach P3 1 P4.

Pierwszym etapem badan byt szczegdtowy przeglad metod poprawy rozdzielczo-
$ci przestrzennej zobrazowan satelitarnych, ze szczegdlnym uwzglednieniem metod ba-
zujacych wylacznie na obrazach o niskiej rozdzielczosci (publikacja P1). Na podstawie
tego przegladu zauwazytam, ze: (1) wiele metod SISR nie prowadzi do zwiekszenia
mozliwosci interpretacyjnych obrazow SR, (2) badacze czesto prezentujq efektyw-
nos¢ metod SISR na obrazach znacznie mniejszych od zobrazowan satelitarnych,
(3) wskazniki wykorzystywane do oceny obrazow SR nie zawsze pozwalaja na jed-
noznaczng ocene wzrostu mozliwosci interpretacyjnych. Wnioski te umozliwity mi
udowodnienie pierwszej hipotezy pomocniczej (H1) oraz osiggnigcie pierwszego celu
szczegotowego (CS1).

Celem kolejnego etapu badan byto opracowanie metodyki przetwarzania catych
zobrazowan satelitarnych w konteks$cie automatycznej interpretacji zobrazowan (publi-
kacja P2). Proponowana metoda sktada si¢ z trzech etapéw: (1) podziat zobrazowania na

mniejsze fragmenty (kafelki) o rozmiarze odpowiadajacym parametrowi wejsciowemu



59

sieci neuronowej (SN), (2) poprawa rozdzielczo$ci przestrzennej za pomocg SN, (3) po-
nowne polaczenie zrekonstruowanych kafelkow w jeden spojny obraz. Do scalania ka-
felkow zastosowatam okna czasowe, wykazujac, ze uzycie okien Hann, Hann-Poisson,
Bartlett-Hann lub Triangular pozwala na uzyskanie obrazu o poréwnywalnej jako-
sci. Kluczowym czynnikiem wplywajacym na jakos¢ koncowego obrazu jest stopien
pokrycia miedzy kafelkami. Na podstawie przeprowadzonych eksperymentow ustali-
fam, Ze najlepsze rezultaty osiaga si¢ przy pokryciu wynoszacym okolo 10%. Zaletg
tej metody jest fakt, ze poprawa rozdzielczosci przestrzennej zobrazowan o dowol-
nym rozmiarze nie wymaga wiekszych mocy obliczeniowych, niz wyostrzenie poje-
dynczego kafelka. Opracowana metodyka pozwolita mi na udowodnienie drugiej hipo-
tezy pomocniczej (H2) oraz osiggni¢cie drugiego celu szczegotowego (CS2).

Kluczowym etapem moich badan byto opracowanie metodyki poprawy rozdziel-
czosci przestrzennej obrazow satelitarnych pozyskanych przez mate satelity, ktora wyko-
rzystuje sieci GAN (publikacja P3). W ramach badan udowodnilam, ze zastosowanie
dyskryminatora wielokolumnowego pozwala na znaczne przyspieszenie procesu tre-
ningu sieci. Co wi¢cej, zaimplementowanie straty Wassersteina dodatkowo przyspie-
sza ten proces. Chociaz strata Wassersteina zwigksza podatno$¢ modelu na przetreno-
wanie, zwlaszcza w przypadku obrazéw pozyskanych z putapu kosmicznego, wytreno-
wane modele cechujg si¢ wyzszg jakoscig. Ponadto zaproponowatam tréjetapowy pro-
ces oceny jakos$ci obrazéw oszacowanych (SR): (1) ocena globalna, powszechnie sto-
sowana przez badaczy, w ktorej wskazniki sg czgsto zawyzane przez wysokie odwzoro-
wanie powierzchni jednorodnych, (2) ocena lokalna, umozliwiajaca identyfikacj¢ obsza-
roOw o nizszej lub wyzszej jakosci oszacowania SR, (3) analiza rozktadu czestotliwosci
energii sygnatu (PSD), pozwalajaca na okreslenie wzrostu mozliwos$ci interpretacyjnych
danych obrazowych. Podczas realizacji badan zauwazytam, ze zastosowanie baz niejed-
norodnych, zlozonych z obrazéw o réznej rozdzielczosci przestrzennej, sprawia, ze mo-
del jest bardziej odporny na pojawienie si¢ zjawiska znikajacych gradientéw. Opraco-
wana metodyka pozwolita mi na udowodnienie dwoch hipotez pomocniczych: H3, H4
oraz osiagnigcie trzech celow szczegdtowych CS3, CS4 oraz CSS.

Podsumowaniem moich prac badawczych byto opracowanie metodyki poprawy
rozdzielczo$ci przestrzennej sekwencji obrazéw pozyskanych przez male satelity. W toku
tych badan zweryfikowatam dotychczasowe metody wyostrzania danych uzyskanych
technikg obrazowania dynamicznego. Analizujac wyniki eksperymentow, postanowitam

dodatkowo rozbudowaé generator zaprojektowanej sieci GAN, poniewaz generowane
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przez niego obrazy mialy charakterystyczng tekstur¢ spowodowang niska szybkoscia
uczenia modelu. W tym celu rozszerzylam model generatora o sie¢ koder-dekoder
w ksztalcie litery ""U". Wprowadzona modyfikacja pozwolila na poprawe podobien-
stwa strukturalnego mi¢dzy obrazami HR i SR o okotlo 0.02, a szczytowy stosunek
sygnalu do szumu wzrést o ponad 2dB. Rozbudowany model generatora moze by¢ wy-
korzystywany do poprawy rozdzielczosci przestrzennej zaréwno zobrazowan satelitar-
nych, jak i sekwencji obrazow. Opracowana metodyka pozwolita mi na udowodnienie
dwoch hipotez pomocniczych: H3, HS oraz osiggnigcie trzech celow szczegdétowych CS3
oraz CS6.

Wszystkie opracowane w ramach badan metody przyczynily si¢ do osiagnigcia
celu gtownego (CG) jakim byto opracowanie metodyki wykorzystujacej algorytmy
sztucznej inteligencji na potrzeby podwyzszenia rozdzielczoSci przestrzennej oraz
poprawy potencjalu interpretacyjnego zobrazowan z malych satelitéw. Jednocze-
$nie, przeprowadzone prace badawcze pozwolity na potwierdzenie hipotezy gtoéwnej: Za-
stosowanie odpowiednio dobranych i wytrenowanych generatywnych sieci przeciw-
stawnych (GAN) pozwoli na opracowanie metodyki podwyzszania rozdzielczoSci
przestrzennej zobrazowan z malych satelitow.

Opracowana metodyka stanowi rozwigzanie probleméw, ktore moga si¢ pojawic,
gdy Polska stanie si¢ posiadaczem wiasnych operacyjnych systemow obserwacyjnych,
w sktad ktorych beda wchodzi¢ mate satelity. Projektujac t¢ metodyke, zwrdcitam uwage
na niskie wymagania obliczeniowe, co pozwala na jej wykorzystanie na powszechnie
uzywanych stacjach roboczych.

Uwazam, ze zaprezentowane rozwigzania i wyniki prac badawczych stanowia
,hovum” w literaturze przedmiotu badan, co zostato potwierdzone publikacjami w cza-

sopismach wyroznionych przez Journal Citation Reports.
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Using Super-Resolution Algorithms for Small
Satellite Imagery: A Systematic Review

Kinga Karwowska

Abstract—In recent years, we have witnessed significant
development in the space sector, in particular regarding Earth
imaging. Small satellites, whose size and construction make their
production much cheaper, are becoming increasingly popular. As
a result, a larger number of satellites may be placed in space, and
thus, they may perform more frequent observations of selected
spots on Earth. Unfortunately, the construction of these satellites
also affects their observation capacity as they have a weaker
spatial resolution. Scientists have been dealing with the problem of
improving the spatial resolution of satellite imaging for many years.
Numerous methods were developed that allow for the best possible
representation of high-resolution images based on low-resolution
images. However, the application of traditional solutions to
improve the resolution of digital images requires an additional
high-resolution image. As far as images obtained by small satellites
(e.g., nano, micro, or mini) are concerned, the difference between
the spatial resolution of panchromatic and multispectral images
is small (e.g., for SkySat-3 — SkySat-15 satellites, it is only 0.16
m). The need to increase the spatial resolution of an image that
does not have a corresponding higher resolution image (e.g., a
panchromatic image or a sequence of images) causes additional
problems. This article presents a review of the methods to improve
the spatial resolution of small-satellite imaging. The authors
analyze the interpolation, pansharpening, and digital image
processing methods. Additionally, the article focuses on presenting
solutions based on deep learning that enables the enhancement of
the spatial resolution of images obtained from small satellites. The
methodology of creating databases used for network training is
described. Finally, the authors present the main limitations of the
analyzed solutions and future development trends that will enable
to improve the spatial resolution with the use of a single image.

Index Terms—Convolutional neural networks, deep learning,
neural networks, single image super-resolution (SISR), super-
resolution.

I. INTRODUCTION

N RECENT years, we have witnessed dynamic progress in
I technology, which, in turn, has contributed to a significant
development of the space sector. According to the data provided
by the Union of Concerned Scientists, as of the 1st of January
2021, over 3000 operational satellites were orbiting the Earth.
Every sixth of them performs operational tasks [1]. Over the past
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five years, over 380 new imaging satellites have been placed in
orbit (of which approx. 300 weighed less than 500 kg). This
number is more than 4.5x higher than in 2011-2015. High-
resolution (HR) satellite imaging may be applied in numerous
fields of research, such as land-use and landcover mapping [2],
[3], urban mapping [4], detection and tracking of objects [5], [6],
maritime monitoring [7], and automatic building classification
(8], [9].

Contemporary satellites of very HR can record images with a
spatial resolution that may reach, in nadir, even 0.30 m. However,
nano-, micro-, and minisatellite systems are becoming increas-
ingly popular [10]. Although they are both easier to manufacture
and cheaper than large satellites, they have one major disadvan-
tage (as far as the possibility of Earth observation is concerned):
their resolution is significantly lower due to their construction.
Their small size and weight (nanosatellites: 1-10 kg, microsatel-
lites: 10—-100 kg, and minisatellites: 100-500 kg) result in equip-
ment limitations. The main element of an imaging satellite is its
optic system, which, in the case of nano- or microsatellites, dif-
fers significantly from those installed in large observation satel-
lites, such as WorldView-3 or QuickBird. Nano- and microsatel-
lites are equipped with small matrices, e.g., complementary
metal-oxide—semiconductor [11] or CMOSIS CMYV [12], which
are characterized by low quantum efficiency. Another limitation
of small satellites is the inadequacy of the telescope caused by
the much smaller number of applied lenses, which leads to a de-
teriorated quality of the obtained images, e.g., through blurring.
The resolution obtained with the use of low-efficiency matrices
and imperfect telescopes is significantly lower, even if low earth
orbit satellites are employed. An example may be nSight-1,
a nanosatellite designed and manufactured by the privately
owned South African company SCS Space. The nanosatellite
was placed in a 400 km orbit in 2017. It is equipped with the
SCS Gecko imager that consists of the sensor unit (SU), control
unit, optics, and mechanical support structure. The 2-Mega Pixel
SU and Bayer filter allow it to take RGB images of a bandwidth
of 64 km and a spatial resolution of 32 m [13] (see Fig. 1).

Scientists have been attempting to improve the spatial reso-
lution of satellite imaging for many years. Numerous methods
were developed that allow for the best possible representation
of HR images based on low-resolution (LR) images. These
methods may be divided into groups based on the number of
images necessary to estimate an HR image. This allows us to
distinguish between methods that use information obtained from
several images and those that require only one image. Another
classification is based on the operation of algorithms. These

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/
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Fig. 1.

Sample photo taken by nSight-1, GSD= 32 m [13].

TABLE I
SUMMARY OF THE NUMBER OF PUBLICATIONS ON THE ISSUE OF IMPROVING
THE RESOLUTION OF DIGITAL IMAGES (INCLUDING SATELLITE IMAGERY) WITH
THE USE OF SELECTED INTERPOLATION, PANSHARPENING, AND DEEP

LEARNING ALGORITHMS
METHOD Scopus ‘Web of Science
INTERPOLATION  Nearest Neighbour 1395 1113
Bilinear 2710 1911
Cubic 7995 5052
PANSHARPENING lntensiFy—hue— 135 141
saturation (IHS)
Principal
component analysis 128 138
(PCA)
Brovey 73 53
Ehlers 28 33
Gramm-Schmidt 49 30
Multiplicative 53 60
CNN SRGAN 185 106
SRResNet 21 13
EDSR 63 107
ESRGAN 46 35
FSRCNN 43 20
SRCNN 195 129
SAN 204 330
ESPCN 26 13
EnhanceNet 8 7

methods are based on interpolation, pansharpening, and deep
learning algorithms. The problem of the breadth of increasing
digital image resolution has often been discussed in the litera-
ture. The most popular and oldest ones are the image interpo-
lation methods (see Table I). Additionally, attention should be
paid to the methods based on deep learning algorithms, which
were described in a greater number of publications than the
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most popular and most frequently used (in the case of satellite
imagery) pansharpening methods.

The least demanding group of solutions are interpolation
methods. They only require one image and employ simple
mathematical operations to calculate a new pixel value. Un-
fortunately, the simplicity of calculations significantly affects
the interpretation possibilities of the generated images. Despite
the increased spatial resolution, the improvement in interpola-
tion possibilities is low. In the 1970s, space imagery became
more common, which led to the necessity to improve satellite
imagery resolution. Scientists saw the possibility of combining
HR panchromatic (PAN) images with spectral information of
multispectral images (MS) with a lower resolution very quickly.
This method was called pansharpening. Over the years, many
solutions based on this dependence have been developed. The
great possibilities of these methods are best evidenced by the
fact that they are widely used today. On the other hand, their
main limitation is the need to have both HR images and the
corresponding LR images.

However, as far as images obtained by small satellites (e.g.,
nano, micro, or mini) are concerned, the difference between
the spatial resolution of PAN and multispectral images is small
(e.g., for SkySat-3 — SkySat-15 satellites, it is only 0.16 m).
The need to increase the spatial resolution of an image when a
corresponding higher resolution image (e.g., a PAN image or a
sequence of images) is unavailable causes additional problems.
Research on improving spatial resolution based on a single
image has been conducted for many years, initially without
any noteworthy effects. Finally, a breakthrough was driven by
the increased computing power of workstations that enabled
deep neural networks to process digital images. They allowed
for automatic classification of images [14]-[16], detection and
tracking of objects [17]-[20], detection of changes [21]-[23],
and segmentation [24]-[28]. They were also used to create
algorithms to increase the resolution, e.g., SRCNN [29]. Taking
the values of the peak signal-to-noise ratio (PSNR) and structural
similarity index measure (SSIM) metrics into consideration, it
may be concluded that the use of convolutional neural networks
may help improve the resolution of digital images significantly.
Another milestone in processing digital images was generative
adversarial nets (GAN) [30]—as described in the presentation
by Goodfellow. The characteristic feature of this solution is
network training. During this training, the generator’s results
(convolutional network) are assessed by another convolutional
network (discriminator). This solution provides many possibil-
ities, including generating new (false images) [30] or perform-
ing image translation [32]-[34]. Having these results in mind,
scientists used GAN to develop new methods to improve the
resolution of digital images based on a single LR image. At
the same time, considering the construction of satellite images,
which may be treated as classic digital images, all solutions using
GAN may improve the spatial resolution of satellite images
because it is the structure of the image that is important, not
what is shown in it. In 2016, the team led by Ledig et al. [35]
in the publication photorealistic single image super-resolution
(SISR) using a generative adversarial network presented the
super-resolution generative adversarial networks (SRGAN)
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model—the super-resolution using a generative adversarial net-
work that improves the spatial resolution of images, which
received great acclaim. Several other authors introduced vari-
ous modifications to this solution, including enhanced super-
resolution generative adversarial networks (ESRGAN) [36].
However, they do not fully solve the problem of improving the
resolution of satellite imaging.

This article reviews the methods to improve spatial resolution,
starting from commonly used solutions based on interpolation.
Then, the pansharpening methods are discussed, which are some
of the most widely used solutions. The subsequent sections
discuss digital image processing methods that are used, among
others, in the SPOT and Pleiades satellites. Finally, the authors
focus on solutions based on deep learning, which, as research
has demonstrated, offers a variety of new possibilities. They will
improve the spatial resolution of images obtained from nano- and
microsatellite systems.

The article provides the answers to the following research
questions.

1) What are the main problems related to improving the

resolution of satellite imaging?

2) How are resolution improvement algorithms developed?

3) What is the difference between resolution improvement
methods of small-satellite imaging?

4) What methodology should be applied to build training and
validation data to improve the resolution of imaging from
mini and nanosatellites using deep learning algorithms?

5) What methods should be utilized to assess the correctness
of the operation of the algorithms that are responsible for
the enhancement of spatial resolution?

To evaluate individual methods, quantitative analyses were
performed in terms of spectral and spatial quality using tradi-
tional quality assessment metrics and visual analysis.

The rest of this article is organized as follows. Section II con-
tains a review of the methods to improve the spatial resolution of
satellite imaging and a description of the metrics used to assess
the correctness of the operation of the analyzed algorithms.
Section III includes results and discussion. Finally, Section IV
concludes this article.

II. RELATED WORKS

The issue of improving the resolution of images has been
known for many years, and the dynamic development of the
space sector revealed the urgency of this problem in the context
of improving the resolution of satellite imaging. This section
presents a review of the methods to improve spatial resolution,
starting from the most traditional ones, i.e., those based on
interpolation, to the dynamically developing SISR methods that
employ deep learning.

A. Interpolation

The most popular methods that enable to assign values to
newly created elements of the image matrix are image interpola-
tion algorithms. Thanks to its simplicity and computation speed,
interpolation is often used to solve the problem of improving
image resolution. It is applied in the SISR methods that use only
asingle LR image to render a super-resolution image (SR). There
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TABLE II
COMPARISON OF SAMPLE INTERPOLATION METHODS THAT ARE USED TO
ENHANCE THE SPATIAL RESOLUTION OF SATELLITE IMAGES

Method Advantages Disadvantages

Nearest Neighbor ,
Bilinear, cubic
interpolation

- They do not require
large computing
power

- Smooth, visible
edges, other methods

- They do not improve
the interpretation
ability

- Lack of clearly
visible edges —
Nearest Neighbor
interpolation

- Visual enhancement
of Satellite Video

Super-Resolution
Reconstruction of

- No significant
improvement in

Satellite Video Images  Images interpretation ability
Based - Smooth, visible
on Interpolation edges

Method [45]

- Significant visual
enhancement of the
image, smoothened
edges

- They do not require
large computing
power

- Possibility of modifing
the weight at which
interpolation results
are combined

- No significant
improvement in
interpretation ability

Integration of the
bilinear and the bi-
cubic interpolation
methods [46]

- The method does not
require large
computing power. It is
faster than traditional
interpolation methods
- Significant visual
enhancement of the
image, smoothened
edges

Splines interpolation
[47]

- No significant
improvement in
interpretation ability

are numerous methods of interpolation that allow for creating
a new super-resolution image with a higher resolution. Table II
presents examples of some popular methods along with their
advantages and disadvantages.

The objective of linear interpolation methods is to find u
function that will meet the condition specified in the following
and will then be used for sampling the input image 12 of the
dimensions n x m, being integers [37]

Iﬁfn =u(m,n) Am,n €Z ()

where I'X is the input image with n x m size and u denotes the

image resampling function.

The main methods include, among others, the nearest neigh-
bor, bilinear, and bicubic interpolation. The most used one is the
nearest neighbor method (also called pixel duplication), where
the pixel of the resulting image takes the value of the pixel of
the original image that is situated nearest to the analyzed point.
The u function is presented in (2), and the kernel of the nearest
neighbor interpolation is shown as follows:

u (z, y) = Iy, 2)
K (z,y) = K1 (z) K1 (y), K1 (t)

B {1f0r—0,5<t<0,5

0 for others 3)
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where I,Lfm is the input image with n x m size, u denotes the

image resampling function, K(x,y) is the kernel, K (x)K(y)
denotes the tensor product kernel K(x,y), and ¢ is the processed
pixel.

A slightly more elaborate method is the bilinear interpolation,
where the pixel of the resulting image takes the average value
of four neighboring pixels of the original image. Formula (4)
presents u function of the bilinear method, where (x) means the
fraction part equal to « — [z], while [-] implies the function of
rounding real numbers down to integers. Finally, (5) presents
the interpolation kernel, where (-)+ means the positive part

u(z, y)= (1= (2)(1— IR,
+z—(1- (y) I[l"?-&-l,[y]

+y (U= @) I e + @) W) I
@

K (z,y) = Ki(2) K1 (y), Ki(t)=(1—[t)" (5)

where u (x,y) denotes the image resampling function, () denotes
the fractional part equal to = — [z], [x] and [y] denote the real
numbers that were rounded down to integers function, K (x,y)
denotes the kernel, K;(z)K;(y) denotes the tensor product
kernel K(x,y), t denotes the processed pixel, and ()+ denotes
the positive part of a real or extended real-valued function.

Bilinear Interpolation creates affine functions, and it is the
simplest method that delivers a continuous function. Thanks to
its efficiency and simplicity, it is commonly used in numerous
algorithms.

Another method is a bicubic interpolation, where the value is
calculated based on the values of all pixels that are adjacent to
the analyzed pixel. The interpolation kernel formula (6) contains
an additional parameter «v, which generates an additional degree
of freedom of the system

(@+2) [t = (a+3) [t +1if <1
alt]® = 5alt|? + 8alt| —daif 1 < [t| <2 (6)
0 dla pozostatych wartosci

Ky (t) =

where « denotes the parameter creating an additional degree of
freedom of the system, K (x,y) is the kernel, and ¢ denotes the
processed pixel.

The methods presented above enable to assign a brightness
value to the newly emerging pixels, but this increases only the
size of the image instead of the amount of information that may
be read. Interpolation methods are used by numerous algorithms
that improve the spatial resolution of images. Apart from the
interpolation stage, these algorithms also remove blurring and
minimize noise, which allows changing the size of the matrix
that represents the output image and improves its quality.

One of such methods is partial volume diffusion, developed
by Salvado er al. [38]. It enables image interpolation while at the
same time recovering the blurred edges. Another solution is the
curvature-based technique that is based on bilinear interpolation
[39], [40] or the new edge detection interpolation algorithm
that uses the concept of self-similarity and provides satisfactory
super-resolution quality. Still another solution is the projection
onto convex sets (POCS) [41] that is used for interpolation in
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the fusion process. In this method, pixel values of the SR image
are determined as the points of intersection of closed convex
sets. The most crucial property of POCS consists in the fact that
the values of the newly generated image may be included in
the model to enable finding the searched point. Another popular
method is iteration backprojection (IBP). In this approach, the
SR image is estimated by representing the difference between
simulated LR images and observed LR images by blurring
the image. The literature on remote sensing features the IBP
algorithm, modified by Li et al. [42], where different blur kernels
are applied for each sensor. Additional elements that allow
enhancing the resolution of the estimated image with the use of
the discussed methods are blurring and noise reduction. Gilman
et al. [43] found that optimal kernels are similar for different
images, so it is possible to use one kernel for multiple images,
and the obtained results are satisfactory. The authors developed
two image models that enable capturing the important properties
of the image and using them to develop the optimum kernels. The
introduction of optimal interpolators allowed combining linear
and cubic interpolation. Certain other methods use more than one
image to enhance resolution. An example of such a solution is the
combination of interpolation and gradient methods. It consists in
combining LR images with the target HR image. In this solution,
the gradient method iterations are performed in a HR grid of
spectral and spatial coordinates [44].

Authors of numerous studies have attempted to use these
relations to enhance the spatial resolution of satellite imaging.
An example is an approach that uses a series of LR images to
generate a single HR image by using the information from mov-
ing pixels representing the same object [45]. Another solution
consists in integrating the bilinear and the bicubic interpolation
methods, where the results of the application of interpolation are
combined, being assigned the relevant weights [46]. On the other
hand, Malpica [47] presents splines interpolation. This method
enhances the radiometric resolution of satellite images using less
computational power than classic interpolation methods, such
as the nearest neighbor, linear, and cubic interpolation, which
makes this method faster, and its results are comparable to those
of linear interpolation (see Fig. 2).

B. Pansharpening

The optic systems installed on Earth-imaging satellites en-
able them to take photographs of various spatial and spectral
resolutions. PAN images are characterized by very HR that may
reach even up to 0.31 m (civilian satellites). In contrast, multi-
spectral images provide plenty of valuable information, thanks
to imaging in multiple spectral bands, but their spatial resolution
is approximately four times lower. Fortunately, a method exists
that enables to combine HR PAN images with the HR of a
multispectral (or hyperspectral) image [48]-[51]. It is referred
to as pansharpening. This operation results in generating an HR
multispectral image. The main pansharpening methods include
intensity-hue-saturation (IHS) [52], [53], principal component
analysis (PCA), Brovey color standardization, Ehlers fusion,
image multiplication, and Gram—Schmidt orthogonalization, but
there are also numerous algorithms [54]-[56] (see Table III).
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Fig. 2. Detail of Ikonos image scene from Alcala University Campus. From
top left, in clockwise direction, Pan image (GSD = 1 m), nearest-neighbour,
splines, linear interpolation [47].

The IHS method uses three selected LR spectral bands to
generate a color composition. It consists of four stages: The
first one is the transformation of the selected MS bands (M) to
the THS space [(7) and (8)], where N is the number of selected
bands [57]-[59]. Then the color composite image is sampled
to the resolution of the PAN image. At this stage, each image
band is also normalized to the [0, 1] range, and the histogram
of the HR image is adjusted. The correctness of this operation
is verified by observation of the mean and standard deviation
values of the PAN image and the multispectral image (9). In the
third phase, the intensity component is replaced with the PAN
image (10). The final fourth stage is returning to the RGB color
scheme [60]

N
i=1

o= ®)
ol

P:U—P(P—/LP)JruI )

F,=M, +(P-1) (10)

where N represents the number of channels, M; represents
the selected multispectral Image channels, F; represents pan-
sharpened image, P represents the histogram-matched high-
spatial-resolution PAN data, P represents PAN data, I represents
up-sampled intensity component, o represents deviation, and p
represents mean.

However, some authors noticed that the resulting image con-
tains several spectral distortions despite excellent efficiency
and high spatial resolution [61]-[63]. These findings inspired
numerous modifications to the algorithm. One of them is the
adaptive IHS method. Rehmani et al. [64] noted that spectral
distortions were smaller and the intensity component was more
similar to the PAN image. Another solution to the problem of

TABLE III

COMPARISON OF SAMPLE INTERPOLATION METHODS THAT ARE USED TO
ENHANCE THE SPATIAL RESOLUTION OF SATELLITE IMAGES

Method

Advantages

Disadvantages

Intensity-hue-
saturation

Principal Component
Analysis

Brovey color
standardization

Ehlers fusion

Image multiplication

Gram-Schmidt
orthogonalisation

- Enhanced spatial
resolution

- Improved
interpretation ability
- Excellent
performance

- Any number of
spectral ranges are
used

- Enhanced spatial
resolution

- Improved
interpretation ability
- Excellent
performance

- Enhanced spatial
resolution

- Improved
interpretation ability
- Excellent
performance

- Limited spectral
distortions in
comparison to the
other methods

- Enhanced spatial
resolution

- Improved
interpretation ability

- Slight color
distortions

- Enhanced spatial
resolution

- Improved
interpretation ability
- Slight colour
distortions

- Excellent
performance

- The resolution is
enhanced only in three
selected LR bands

- Presence of
spectral distortions

- Presence of
spectral distortions

- The resolution is
enhanced only in three
selected LR bands

- Presence of
spectral distortions

- The resolution is
enhanced only in three
selected LR bands

- Presence of
spectral distortions
(transformation to
IHS color space)

spectral distortions was the edge-adaptive IHS. In this method,
first, the edges are detected in the PAN image, and then the IHS
method is applied to the location of the edges. The other pixels
of the newly generated image (F) (those that do not belong to
edges) are represented by the multispectral image (formula 11),
where h(x) is the edge detection function that takes the value of
1 if an edge occurs, and O in other cases

F; = M; +h(z) (P~ 1) (11)
where F; denotes the pan-sharpened image, Py denotes the
histogram-matched high-spatial-resolution PAN data, M; de-
notes the selected multispectral image channels, and h(z) de-
notes the edge detection function.
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Another method that enables the reduction of spectral dis-
tortions is the use of discrete ripple transform and compressed
sensing [65]. In this solution, the transform is implemented for
the intensity component and the PAN image to obtain large-scale
subimages. The resulting HR subimages are subjected to local
variance, and compressed sensing is applied to LR subimages
to reconstruct the intensity component. This enables the integra-
tion of local information from the intensity component and the
PAN image. The final stage consists in applying inverse ripplet
transform and reverse IHS transform.

A similar principle is employed in the Brovey color standard-
ization method that uses any three MS bands. In this method,
the selected bands are normalized by dividing these values
by the sum of the triplet of bands. The next stage consists in
multiplying the obtained results by the PAN image containing
spatial information, which may be presented in the form of the
following equation, where i denotes the three selected bands
[66]-[68]:

DN (i) = [M] - DNpan
>_DN (i)
where DN(7) represents the digital number, -3 are the selected
channels, and DN, is the digital number of PAN images.

This method may also be modified in certain ways. One of
them is the combination of the Brovey method with high-pass
filters, such as the Laplacian filter [68], [69]. This operation
enhances the contract between the edges that are present in the
image and the background, which significantly improves the
visibility of details.

Another solution is the PCA pansharpening method. It uses
any number of spectral ranges, transforming generally corre-
lated bands into a new set of noncorrelated image data. The
transformation matrix (V) (13) consists of the eigenvectors of the
matrix of covariance or the matrix of correlation of the dataset
for the nonstandardized PCA and normalized PCA, respectively.
The new HR image is generated with the use of the three first
spectral ranges of the PCA, and the PC1 component (which
mainly contains spatial information) is replaced with the PAN
image (PANY) after the histogram is adjusted to PC1. The final
stage consists in performing a reverse transformation of the PCA,
which creates a new HR multispectral image (F) [70]

(12)

F! ol 2 pln PAN?® PAN?

F? _ vl w22 L PC? v PC?

Fm L L pPCn PC™
(13)

where PAN denotes the panchromatic image, PC™ denotes the
principal component, " denotes n component of the F image,
where F = [F', F? ..., F"]T, and V denotes the transfor-
mation matrix.

The PCA pansharpening method may be modified in several
ways [71]-[73]. One of them is the additive wavelet principal
component (AWPC). In this method, the PAN image’s histogram
is adjusted to the histogram of the first principal component PC1,
and then the “a trous” algorithm is applied to distinguish wavelet
planes. The last stage before applying the reverse transformation
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dy (e) (f)

Fig. 3.  Subsets from the study area in true color combination of (a) LMS
image (GSDyis= 1.24 m), (b) PAN image (GSDpan= 0.31 m), (c) PCA fused
image, (d) AWPC fused image, (e) IPCA fused image (one iteration), and (f)
IPCA fused image (four iterations) [75].

of the PCA consists in adding wavelet planes to the principal
component [74]. This method was improved by Ghadjati et al.
In their publication; these authors presented an approach where
the spatial information content obtained from the PAN image
is automatically adjusted until the highest quality is obtained.
This dependence is presented in the following equation, where
the HPF is the high-pass filtration of the PAN image (see Fig. 3)
[75]:

F} PC} + HPF [PAN]

2 2
F§| _ PC3 (14)
Ey PCy

where F{j* represents the n component of the F image, where
F =[F3, F3,..., F}T, Vis the transformation matrix, PC"
is the principal component, PAN is the panchromatic image, and
HPF is the high-pass filtering of a PAN image.

Another method that uses the selected bands and the trans-
formation to the IHS color space is the Ehler method. In this
solution, the PAN image and the intensity component (/) are
transformed to the frequency level with the fast Fourier trans-
form. After that, details of the image are separated from the PAN
image with the use of high-pass filtering, and component / is
subjected to low-pass filtering in order to blur the image. Images
prepared in this way are adjusted to the original histogram based
on intensity and transformed into an HR RGB image with the
use of the reverse Fourier transform. This method utilizes several
iterations for the combinations of all available bands [76], [77].
The application of this method was discussed in numerous
publications on the enhancement of the spatial resolution of
multispectral satellite images [78], [79], hyperspectral images
(HSI) [80], and radar images [81].

The method with the smallest degree of color distortion,
as a result of the presence of the intensity component, is the
multiplicative method. The new pixel value is the product of
the multiplication of the DN value of the PAN image pixel and
the pixel of each of the multispectral image bands [82]. This
solution is frequently used [78], [83]-[86].
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TABLE IV
QUANTITATIVE EVALUATION WITH REFERENCE IMAGES: QUALITY METRICS RESULTS FOR DIFFERENT PANSHARPENING METHODS USING DIFFERENT SATELLITE
IMAGES (MEAN VALUES)

Tost Moetrics cC ERGAS RASE RMSE SAM SID scC UIQI SSIM
Images Method
Deimos-2 _ GIHS [62] 0.0285 5.6958 22.5444 30.1408 1.7161 0.0311 |NOSSIGEN  0.9280 0.8886
images AIHS [92] OO0 5.7104 22.4819 29.7967 2.1875 0.0443 0.9903 0.9315 0.8961
AWLP[92]  0.0213 4.3249 17.4812 23.4077 0.9509 0.9627 0.9581
PCA [93] 0.9471
g}‘?cs 0.0204 42847 174401 231224 12166 0.9688 0.9643 0.9483
FRSQ [95] 0.0317 4.7057 18.9366 25.3195 1.1819 0.9560 0.9128
Wady et al.
?gf;h"d 0.0132 0.7302 0.0082 0.9832
WV-2 GIHS 0 0089 4.5698 17.2795 50.7240 1.4450 0.0076 0.9555 0.8103
images AIHS 43303 16.7635 49.1225 1.2774 0.0133 0.9896 0.9635 0.8301
AWLP 0 0086 4.5449 18.2989 53.7066 0.9481 0.9579 0.8338
PCA 0.0329 0.9168
PRACS 0.0056 44537 18.1805 53.2766 1.0780 0.0032 0.9820 0.9638 0.8391
FRSQ 0.0119 5.5075 21.1254 61.8930 1.4337 0.9495 0.7992
Wady et al.
fgﬁh"d 0.0055 0.8565 0.0110 0.9874
WV-3 GIHS 0.0406 5.7943 18.8313 60.6717 2.2267 0.0512 0.9818 0.9309 0.5300
1mages AIHS 0.0111 6.0724 19.7170 63.4380 2.0189 0.0478 0.9246 0.5421
AWLP 0.0514 4.4063 17.0148 54.9083 0.0721 0.9373 0.9534 0.7377
PCA 0.0487 0.9416
PRACS 0.0171 3.7532 12.8878 414724 1.3918 0.9293 0.9721
FRSQ 0.0151 5.1888 15.1875 48.9939 23728 0.9531 0.6688
Wady et al
Method 12723 0.0397 0.9676 0.7017

[61] _

The best values of the analyzed metrics are highlighted in green and the worst ones in red [61].

Gram-Schmidt orthogonalization is another method that re-
places the intensity component with the PAN band. In this
solution, the algorithm takes nonorthogonal vectors and then
rotates them so that they become orthogonal. For images, each
band is treated like a multidimensional vector [77], [87]. This
method is very popular and brings very good results, which was
proven by a number of publications that emphasized the high
quality of the obtained images [63], [88]-[91].

Table IV presents an example of testing the correctness of the
method proposed by the authors, and Fig. 4 shows a visual com-
parison of the application of several methods to an exemplary
image. Based on the metrics, it can be concluded that the method
proposed by the Wada team [61] gives the best results, which is
confirmed by visual assessment [see Fig. 4(i)]. For this method,
the relative dimensionless global error in synthesis (ERGAS),
relative average spectral error (RASE), and root-mean-squared
error (RMSE) metrics take the lowest values among the com-
pared methods, while universal image quality index (UIQI) and
SSIM take the highest values (close to +1). The AWLP method
[92] presents slightly weaker values of the assessment metrics,
although they do not differ significantly from the winners of this
comparison in the visual assessment. The values of the examined
metrics confirm the small differences: ERGAS, RASE, and
RMSE are much lower than other compared methods, whereas

the value of spectral angle mapper (SAM) takes a value close to
zero, which means the high quality of mapping of the spectral
components. Due to the highest spectral distortions, the worst
results were achieved by the PCA method, which is confirmed by
the tested metrics, e.g., very high RMSE value (for WV-2 images
RMSE = 97.1180) or low SSIM value (for WV-3 images SSIM
=0.44) [93]. In Table IV, the best values of the analyzed metrics
are highlighted in green, while the worst ones are in red.

C. Other Digital Image Processing Methods to Improve Image
Resolution

Other solutions are methods that utilize numerous LR images
in order to estimate an HR image. One of them is the algo-
rithm that enhances the resolution of the PAN SPOTS scene, a
quincunx sampling mode named Tres Haute Résolution (THR),
proposed by the CNES company. This innovative model of
acquiring and processing images allows obtaining PAN images
with a resolution of approx. 2.5 m is based on two images of the
resolution of 5 m that are taken simultaneously. This is enabled
by the fact that the images are obtained with the use of two CCD
detector matrices that are shifted in the focal plane so that they
meet the Shannon requirement at first order [96] (see Fig. 5). This
means that the acquisition system is well optimized, thanks to



KARWOWSKA AND WIERZBICKI: USING SUPER-RESOLUTION ALGORITHMS FOR SMALL SATELLITE IMAGERY

Fig. 4. Fusion results of the second Deimos-2 image. (a) PAN image
(GSDpaNn= 1 m). (b) Up-sampled MS image (GSDpg= 4 m). (c) GIHS.
(d) AIHS. (e) AWLP. (f) PCA. (g) PRACS. (h) FPSQ. (i) Wady ez al. Method [61].
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Fig. 5. SPOTS5 THR quincunx sampling grid. A double CCD linear array
generates two classical square sampling grids, shifted by half a sampling interval
in both row and column directions. Interleaving the two shifted grids yields a
quincunx sampling [98].

the correct match of the sampling and the modulation transfer
function (MTF).

The THR process consists of three stages: interpolation, de-
convolution, and noise reduction. In the first stage, the obtained
LR images are interleaved, creating an image of a radiometric
resolution of 2.5 m. However, only half of the pixels originate
from the images obtained by the sensor (22;3—2?’7; = % , where x
and y denote the number of rows and columns of the image,
respectively). As a result, the values of the newly created pixels
are interpolated based on the values of the adjacent pixels. A
characteristic blur is visible in the generated image, which is
caused by low MTF values for high frequencies. Due to that, the
second stage involves removing the blur by applying a filter that
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represents the instrument’s inverse transfer function. This oper-
ation results not only in removing the blur but also in enhancing
high-frequency noise, which is then removed at the last stage of
the algorithm’s operation. This phase utilizes the fixed chosen
noise restoration algorithm [97], whose task is to remove noise
in a controlled way in the most sensitive places. This is enabled
by a nonlinear reduction of the wavelet packet coefficients,
employing joint-adaptive space and frequency wavelet packet
decomposition. This means that the noise removal process con-
sists of thresholding noisy wavelet coefficients in the image at
different image restoration levels [98], [99]. The application
of this algorithm enables to enhance the spatial resolution of
the image, which, in turn, improves the level of detail, and, as
a consequence, the interpretation ability of the image, which
was ultimately reflected in numerous studies on monitoring the
environment [100]-[102], detecting changes [103]-[105], and
mapping [106]-[108].

Another solution to estimate the value of pixels of HR images
based on LR ones is the super-resolution variable-pixel linear
reconstruction (SRVPLR) algorithm. It is based on the VPLR
algorithm (also referred to as the Drizzle algorithm) [109], which
combines astronomical dithered undersampled images. In this
algorithm, pixels in LR images are represented in the newly
created HR image, taking into account the shift, rotation, and
distortion of the imaging sensor. Atthe same time, the transferred
pixel’s size is decreased to limit the number of artifacts in the
image. Such decreased pixel i, of the weight w, is then added
to the pixel of image /., with the weight W, and a fraction,
overlaying pixel 0 < a., < 1. As aresult, the new values of the
image I}, and weight W equal

W, =

OpyWay + Way (15)

Ay ly Wy + Loy Wy

!
Wiy

I, = (16)
where x, y denote pixel position, i, denotes the DN value of the
reduced pixel, i, denotes the reduced pixel weight value, W;y
is the final pixel weight value, I, is the DN value of pixel before
modification, I, is the DN value of pixel after modification, a,,
denotes the fractional pixel overlap parameter, where a, €(0,
1), and DN(7) is the digital number.

However, satellite images, as opposed to astronomical images
that present stars, asteroids, nebulae, or galaxies, contain multi-
ple elements that differ in terms of shape, structure, or texture.
Due to that, the SRVPLR algorithms adjust the histogram of
LR images, taking into account the selected values of pixels
of the original LR image as reference values (i.e., their value
should remain unchanged after changing the resolution) and
using tools to mask the areas that are not subject to the resolution
enhancement process.

Other authors have also used the multiframe super-resolution
technique to enhance the resolution of electro-optic images [110]
and radar images. Ito [111] proposed an algorithm to enhance
the resolution of SAR images by performing local arithmetic
operations [112] that take into account the orbit deviations of a
satellite and temporal changes. The presented solution enables
us to estimate a HR image based on n-frames of LR images.
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TABLE V

COMPARISON OF SAMPLE DEEP LEARNING METHODS

Method Advantages Disadvantages
Classic - improved interpretation ability of SR images - access to large databases is required, as they are the basis for
solutions - only a LR image is required to enhance resolution network training
- correct functioning only for specific image parameters
- high computational capacity of the workstation is required,
particularly at the network training stage
Networks - improved interpretation ability of SR images - access to large databases is required, as they are the basis for
using - only a LR image is required to enhance resolution network training
residual - solution for the problem of gradient fading and representation - correct functioning only for specific image parameters

connections

CNN

bottlenecks
- accelerated network training process
- improved interpretation ability of SR images

- high computational capacity of the workstation is required,
particularly at the network training stage

Multi- - the algorithm may accept images of various spatial resolutions - access to large databases is required, as they are the basis for
column Additionally, for solutions that utilize residual connections: network training
generator - solution for the problem of gradient fading and representation - high computational capacity of the workstation is required,
bottlenecks particularly at the network training stage
- accelerated network training process
- improved interpretation ability of SR images
Classic - significant improvement in the interpretation ability of SR - unstable training
solutions images compared to SR images obtained with use of algorithms - modifications of network training parameters have a strong
that employ classic deep convolutional networks influence on the generated HR images
- at the training stage, LR images are required, along
with corresponding images of high (target) resolution
- high computational capacity of the workstation is required,
<ZC particularly at the network training stage
O  Classic - significant improvement in the interpretation ability of SR - unstable training
solutions images compared to SR images obtained with use of algorithms - modifications of network training parameters have a strong

that employ classic deep convolutional networks

- solution for the problem of gradient fading and representation

bottlenecks
- accelerated network training process

influence on the generated HR images

- at the training stage, LR images are required, along

with corresponding images of high (target) resolution

- high computational capacity of the workstation is required,
particularly at the network training stage

As far as HSI are concerned, tensor-based methods are be-
coming increasingly popular. An example of the application of
such amethod is the coupled tensor factorization approach [113],
which utilizes the multidimensional structure of the HSI and a
multispectral image (MSI) based on the coupled tensor factoriza-
tion framework. This solution enables solving the problem of the
loss of structural information of the HSI and MSI data “cubes,”
and allows the identifiability of the super-resolution image (SRI)
under realistic assumptions. Another solution combines the LR
HSI with an HR multispectral image to obtain an HR HSI[114].
This method utilizes nonlocal similar patches to form a nonlocal
patch tensor, which is modeled with the use of the method based
on the tensor-tensor product (t-product). Another approach to
solving this problem exploits ideas from the field of tensor
completion to directly impose a low-rank property spatially and
spectrally while avoiding the computationally complex patch
clustering and dictionary learning common to competing for
fusion techniques [115].

D. Deep Learning

Apart from the interpolation methods that utilize HR PAN
images or digital image processing, there is also a group of
methods that employ deep learning algorithms. These solutions
recreate a HR image based on the knowledge about the links
between LR images and the corresponding HR ones, which were
obtained during model learning. Over the last decade, we have
been witnessing a significant improvement in the efficiency of
deep learning algorithms that enhance spatial resolution. Even
more, they now enable a much more accurate recreation of HR

images based on LR ones. Another advantage of this group of
solutions over the pansharpening methods, which are a very
popular means of enhancing satellite images’ spatial resolution,
is the fact that deep learning solutions do not require another
corresponding HR image. As a result, the interpretation ability
of digital images is improved, provided that the neural network
has been prepared correctly.

The methods presented in the literature may be divided into
two groups: solutions that utilize convolutional neural networks
[116]-[121] and methods based on generative adversarial net-
works [122]-[128]. However, these solutions are used in a
slightly different way than those presented above. It may be
divided into two stages: training of the network on which the
algorithm is based and using the algorithm (see Table V). At
the same time, one should bear in mind that the method’s
capability depends on the training stage. Apart from the ad-
equate architecture and network parameters, network training
requires a database. The most common method of creating
databases dedicated to improving spatial resolution is reduc-
ing the resolution of an HR image to the resolution of the
LR image and then conducting training based on LR images
that are compared to the actual HR images. As a result, any
digital image or any database of digital images (e.g., ImageNet
[129], LSUN [130], MC COCO [131]) may be used to train the
network. Still, a database dedicated to the issue of improving
resolution exists. It contains LR images and the correspond-
ing HR images [132]. However, to use an existing database
for network training, it should be selected so that the image
parameters are similar to those the algorithm will work on in the
future.
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TABLE VI
COMPARISON OF THE PSNR [DB]/SSIM METRICS OF THE MOST POPULAR MODELS OF ENHANCING THE RESOLUTION OF DIGITAL IMAGES BASED ON DATABASES:
SET5-4X, SET14-4x, BSD100- 4X, URBAN100- 4X, FFHQ 256X256- 4X, FFHQ 512X512- 4X, AND FFHQ 1024x1024- 4X

Model Set5-4x [139] Setl4-4x [140] BSDI100- 4x URBANI00- FFHQ FFHQ FFHQ
[141] 4x [142] 256x256- 4x 512x512- 4x 1024x1024- 4x
[143] [143] [143]

SRGAN [35] 29.40/0.8472 26.02/0.7397 25.16/0.6688 - 17.57/0.415 27.494/0.735 21.49/0515
SRResNet [35] 32.05/0.9019 28.49/0.8184 27.58/0.7620 - - -
Bicubic [35] 28.43/0.8211 25.99/0.7486 - - - -
EDSR [144] 32.46/0.8968 28.80/0.7876 27.71/0.7420 26.64/0.8033 22.47/0.706 28.34/0.827
ESRGAN [36] _ 28.99/0.7917 27.85/0.7455 27.03/0.8153
i 25 26.98/0,7398
FSRCNN [138] 30.70/0.8657 27.5%/0.7535 (BSD200) - - - -
5 : Rapnrety 23.12/0.688 P
SRCNN [29] 30.49/0.8628 27.5040.7513 26.90/0.7101 - 27.40/0.801
SAN [145] 32.70/0.9013 - - -
HAN+[146] 32.75/09016 28.99/0.7907 27.85/0.7454 27.02/0.8131 - - -
WSRGAN ; ;
1147]‘ 11481 28.24/0.8779 25.08/0,7396 - - i i =
EnhanceNet ;
[149)-[151] 31.74/0 8869 28.42/0.7774 27.50/0.7326 25.66/0.7703 _ - _
SRFBN [152] 32.47/0.8983 2R 81/0.7868 27.72/0.7409 26.60/0.8015 21.96/0.693 29.58/0.8270 27.90/0.822

For several years now, participants in many image processing
and machine learning competitions have attempted to solve
the problem of improving the resolution of digital images.
One of them is the NTIRE Challenge organized as part of the
Conference on Computer Vision and Pattern Recognition. The
NTIRE Challenge deals with numerous issues related to digital
image processing, including the improvement of digital image
resolution [133]-[136] and video [137].

Most of the research on improving resolution is based
on classic digital images (Set5-4x, Setl4-4x, BSD100- 4x,
URBAN100- 4x, FFHQ 256x256- 4x, FFHQ 512x512- 4x,
FFHQ 1024x1024- 4x). These images are characterized by HR
and, thus, a great level of detail. In the case of improving the
resolution of vertical images acquired from the aerial level,
especially for satellite images, the same objects are character-
ized by different features, and the image resolution is much
lower. Therefore, to use the solutions proposed by scientists
to improve the resolution of digital images (obtained mainly
from the Earth’s ceiling), it is necessary to train models whose
weights have been estimated based on the images mentioned
above (or conduct training from the beginning—which is more
time-consuming and requires Big Data).

The application of deep learning neural networks to enhance
the spatial resolution of satellite images was inspired by the
results of works on improving the resolution of digital images.
The authors used the PSNR and the SSIM to assess the correct
operation of the applied algorithms (see Table VI). The first indi-
cator carries information about the ratio between the maximum
signal strength and the power of noise interfering with the signal,
while the other one takes into account distortions of luminance,
contrast, and structure. One of the most popular solutions is

the SRCNN, which consists of three parts: patch extraction
and representation, nonlinear mapping, and reconstruction. Its
modification that enables slightly improve the PSNR coefficient
(by 0.21 dB for the Set5-4x dataset) is the FSRCNN, where the
deconvolution layer was introduced at the end of the network,
so the mapping is learned directly from the original LR image
(without interpolation) to the HR one, and the mapping layer
was modified by changing the dimensions of the element before
and after mapping. Additionally, the size of filters was reduced
while at the same time increasing the number of mapping layers
(see Fig. 6).

Another solution is the ESPCNN, which is a convolutional
neural network that allows playing a video recording in real-
time, at the resolution of 1080 p, with the use of the K2 graphic
processor. The property maps are separated in the LR space in the
proposed model architecture. Additionally, the subpixel convo-
lution layer was introduced to enable improved reconstruction of
the HR image. An example of a solution that employs generative
adversarial networks is WSRGAN, which was created based on
the analysis of MSE and VGG losses of the SRGAN model.
The authors modified the range of weight values from 0 to 1
and the sampling interval to 0.1, which improved the PSNR
and SSIM values of the generated images. However, numerous
solutions present higher values of the coefficients. An example is
the EDSR model, where the redundant modules of convolutional
neural networks (Conv + ReLU + Conv) were removed, and the
model’s size was increased (32 residual blocks for EDSR and 80
residual blocks for MDSR). Another solution is a second-order
attention network (SAN) that focuses on improved learning
of correlations between properties, which, as a consequence,
results in a better representation of the image. The authors
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Fig. 6. Comparison of the structures of SRCNN and FSRCNN [138].

have developed an innovative second-order channel attention
module to adaptively rescale the channelwise features by using
second-order feature statistics for more discriminative represen-
tations. The super-resolution feedback network (SRFBN) that
utilizes feedback also brings very good results. On the other
hand, the authors of the EnhanceNet model focused on the
correct representation of the textures of generated images. They
proposed the application of automated texture synthesis in com-
bination with perceptual loss. The application of feed-forward
fully convolutional neural networks in the discriminator model
resulted in an improved quality of the generated SR images.
The model that presents the best PSNR and SSIM results for
the Set5-4x dataset is the holistic attention network (HAN+)
which consists of a layer attention module and a channel-spatial
attention module that enables holistic modeling of the correla-
tions between layers, channels, and positions. The comparison
of the PSNR and SSIM metrics of the most commonly used
resolution enhancement methods revealed that the ESRGAN
method [36] brought the best results for the Set-4x database,
whereas the best solution for the Set14-4x, BSD100- 4x, and
URBAN100-4x was SAN, developed by Dai et al. [145]. On
the other hand, the worst results were obtained with the use of
the ESPCNN algorithm [149]. What is interesting, this solution
was characterized by poorer metrics than bicubic interpolation
for the Set5-4x and Setl14-4x databases (no data were available
for the other analyzed databases).

1) Solutions Based on Classic Deep Neural Networks: An
example of the application of deep neural networks is the VDSR
network [153] which enables the enhancement of the spatial
resolution of multispectral images. This solution utilizes blocks
that consist of the convolutional layer and an activation unit
(ReLU). At the last stage of operation of this model, the input
image is added to the obtained results. This combination results
in an SR image [154]. Several solutions that also use residual
connections have been introduced in recent years.

An example is an algorithm used to enhance the resolution
of space photographs presented by Feng er al. [155], whose
task is to remove noise from the image and then enhance its

Mapping

Expanding Deconvolution

resolution. The proposed network architecture consists of nine
residual blocks containing two convolutional layers separated
by the activation unit.

Some of the other solutions presented in the literature are
methods that utilize multicolumn networks. In these solutions,
each branch is dedicated to one of the resolutions of the input
image [156], [157]. As aresult of the use of many branches, input
data may take different dimensions, which allows adjusting the
size of the image to the dimensions of the object whose resolu-
tion is to be enhanced. The authors of these publications assume
that observing the given object in various spatial resolutions
allows us to see more. This translates into practical applications,
asisshowninFig. 7. New SR images are characterized by a much
better representation of the shape of the contours of objects in the
image, which is additionally confirmed by the PSNR coefficient.

The methods presented in the previous sections allow for
enhancing the resolution of images that consist of several bands.
However, deep learning solutions also enable enhancing the res-
olution of HSI. This task is much more difficult than improving
the resolution of multispectral images. The reason is the problem
with obtaining HR images that are necessary at the training stage
of convolutional neural networks.

However, numerous teams have attempted to solve this issue
[158]-[163]. One of them was Li et al. [164]. The authors
presented a new network consisting of two streams: spatial and
spectral. The 1-D spectral convolution encodes minor changes
in the spectrum, while the 2-D convolution, combined with the
attention mechanism, encodes spatial information. Additionally,
hierarchical lateral connections are used to enable combining
spectral and spatial information. Moreover, attention blocks
have been applied. They are implemented between blocks in the
spatial network and enable considering the relations between
nonlocal regions.

2) GAN-Based Solutions: The second group of solutions
that utilize deep learning methods is those based on generative
adversarial networks. The original GAN model consists of the
generator G and discriminator D. The task of the G generator
is to accept a random vector on the input and decode it in
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Fig.7. Comparison of the results of the operation of the multicolumn network
MRNN with Bicubic, SelfExSR, SRCNN, LapSRN, VISR, SRResnet, and the
original image [157].

order to generate a synthetic image, while the discriminator
is responsible for distinguishing between actual and decoded
data. The generator network is trained so as to enable it to
“cheat” discriminator D. Thus, with the progress in training,
it will generate more and more realistic images, which enables,
among others, to enhance their resolution. The original GAN
model may be expressed as [165]

mCi;n mng (D, G) = Eppypu(z) log D ()]

+ Eepuun() [log (1 = D (G (2)))]
7)

where x denotes the input image x ~ pgata(x), z represents the
random noise from a probability distribution of the a priori
distribution z ~ pz(z), and E is the empirical approximation of the
expected probability. The above formula means that the process
is iterative in a way that allows it to maximize the probability
that the discriminator will correctly distinguish between real and
synthetic images. At the same time, the generator learns how to
minimize the probability of detection.

Based on this dependence, Ledig et al. [35] proposed the
SRGAN algorithm (see Fig. 8). In this solution, LR images are
generated based on HR ones. This is achieved by blurring the
image with the use of the Gaussian filter, followed by decimation
of the image at the sampling coefficient r. The training of the
generator network is conducted in the form of feedback, while
the weights and bias of the /-layer deep neural network may be
calculated as

GG = {WltL; bl:L}

N
o1
= argmin— Z PR (Gog, (ISR), 1) (18)

n=1
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where 0 = {W1.1; bi..} denotes the weights and biases of
an L layer deep network and is obtained by optimizing an SR
specific loss function ISR, N denotes the number of HR images
in the database IM'R and the corresponding LR images 'R, and
Gy, is the generator model (feed-forward CNN).

The network training takes place with the use of the method of
maximizing the minimum gain, which is based on a theoretical
game scenario, where images estimated by the generator com-
pete with original HR images in the discriminator model. The
training of generative adversarial networks utilizes a zero-sum
game, where the reward of the generating network is determined
(19). This solution motivates the discriminator to classify the
received images (samples) correctly as true or false. At the same
time, the generator is trying to cheat the adversary by saying that
the provided samples are true

rfglci;n r%gx Epmr p (1) [log Dy, (I HR)]

+ Enrpg () [log (1= Doy, (Gog ("))

where E is the empirical approximation of the expected proba-
bility, Dy, is the discriminator network, IR is the HR image,
Gl,.is the generator network, and IR is the LR image.

The authors of SRGAN noted that for images with high PSNR,
calculating the content loss based on the MSE of pixels results
in the emergence of smooth textures (which is caused by the
absence of high frequencies). As a result, VGG loss was applied
based on the ReL.U activation layers of the pretrained VGG19
network

(19)

ZSR = ;
VGG/ i,j WL jHi,j
Wi Hi, 2
X Z Z (q&i,j(IHR)I’y_ ¢i,j(G9G (ILR))w,y) :
r=1y=1

(20)

In this formula, ¢; ; denotes a map of properties of the
dimensions W; ; and H; ;, obtained by the jth convolution
(after activation) before the ith max-pooling layer of the VGG19
network. Then, the VGG loss is defined as the Euclidean distance
between the representations of properties of the recreated image
Gy, (I'?) and the reference image I'R.

The SRGAN model inspired numerous modifications [166],
[167], including HSI [168]. However, the most popular modifi-
cation of this model is ESRGAN [36]. The batch normalization
(BN) layers were removed from its generator (BN), and the
basic block was replaced with a residual-in-residual dense block
(RRDB), being a combination of a multilevel residual block and
dense connections.

The removal of the BN layers resulted in stable training
and improved network capacity (the time required for training
became significantly shorter), which resulted from reduced com-
putational complexity. The authors of ESRGAN also modified
the discriminator by replacing it with a relativistic discriminator.
As opposed to the standard discriminator used in SRGAN (21),
which estimates the probability of whether the assessed image
belongs to the set of HR images, the relativistic discriminator
attempts to predict the probability that the real image I™® is
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Fig. 8.  Architecture of the SRGAN network [35].

relatively more realistic than the fake image ISR (22)
D(z) =0 (C(x))
Dpa (I8, I) = 0 (C (I'"%) = By, [C(I)])

2
(22)

where o denotes the sigmoid function, C(x) represents the
output data of the generator before the application of the final
activation function, and E[-] is the average of all fake data in
the minibatch.

Another modification of the SRGAN model is the fact that
perceptual loss is applied before the activation layers (not after
them). This allows for increasing the number of features taken
for calculating I3, ; ;» Which improves network efficiency.
Additionally, it enables significantly better reconstruction of the
brightness of the SR images. The ESRGAN network is trained
based on network interpolation, which removes the noise on
the estimated SR images. It consists in training the network
Gpsnr focused on PSNR, and then the network is adjusted to
obtain the Ggan network. As it was in the previous case, this
solution is also used to enhance the resolution of satellite images
[169]-[171]. Two datasets, a satellite video sequence, were used
to verify the possibilities and differences between the methods
mentioned above. The first set of data contains video sequences
collected by SkySat-1 on March 25, 2014 from Las Vegas in
the USA, on April 9, 2014 from Burj Khalifa in Dubai, and on
February 1, 2019 from Burj al-Arab in Dubai. The resolution
was approximately 1.5 m, and the frame size was 1280 x 720
pixels at 30 frames per second [172].

The second dataset included video sequences from the Jilin-1
mission video collected on October 6, 2017 from Beirut in
Lebanon and on September 10, 2018 from Florence in Italy.
For the Beirut (Lebanon) set, the resolution was approximately
1.3 (or 1.12 m), and the frame size was 1920 x 1080 pixels
at 25 frames per second with a video duration of 32 s. For

k3n256s1

E
k3n256s2 k3n512s2

k3n512s1

Dense (1

the Florence (Italy) set, the resolution was approximately 0.9
m, and the frame size was 3840 x 2160 pixels at ten frames
per second with a video duration of 31 s [Chang Guang Satel-
lite Technology, Company, Ltd.]. First, the authors used the
pretrained generator G of ESRGAN, originally referenced on
ImageNet and distributed as RRDB_ESRGAN_x4.pth. Then
the networks (SRGAN and ESRGAN) were trained based on
the above-described datasets, where the LR image was obtained
by downsampling the HR image. Fig. 11 shows examples of
improvement of spatial resolution of video frame fragments
obtained by Jilin-1 Smart Video Satellite using SRGAN and
ESRGAN.

Based on the visual analysis, it may be noticed that the
introduced modification, i.e., the ESRGAN network, reproduces
the structure and texture of the image much better. Moreover, by
sharpening small objects, the image interpretation possibilities
increase.

The application of residual connections allowed for a signif-
icant improvement of results while at the same time shortening
the time required for network training [156], [157], [164], [169],
[173]-[176] (see Figs. 9 and 10). This solution is used in numer-
ous algorithms. One of them is the solution proposed by Courtrai
et al. [177], who developed a method to improve the spatial
resolution of small objects in both aerial and satellite images
(see Fig. 11). The generator model utilizes residual connections
and integration with the cycle model. Additionally, the authors
used the Wasserstein GAN version [178] with the addition of a
gradient penalty, which is the last component of the following
loss function of the discriminator (or critic). Such a structure of
the model resulted in significant improvement.

The possibilities and reliability of images recreated using
deep learning methods are proven by the fact that they are uti-
lized for the improvement of the resolution of medical imaging
[179]-[181]. An example is a solution proposed by Zamzmi
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Fig. 9.
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Fig. 10. Possibilities of enhancing the resolution of small objects. (a) Super-
resolved images compared to LR (GSD = 1 m) and HR images (GSD = 12.5
cm). (b) Zoom on two vehicles [177].

SR-CWGAN-Yolo

~

<
.

et al. [182] that enables to enhance the resolution of X-ray
images. The first stage of this algorithm consists in performing
bicubic interpolation. Then the image is sent to the BN layer.
The subsequent element of the architecture is a system of blocks
consisting of three layers each (convolutional, zero padding, and
activation (ReLU) layers). These blocks differ in terms of the
number of convolutional layer filters. The image after bicubic
interpolation is added to the resulting image at the last stage.
The network analyses conducted by the authors demonstrated
that it is characterized by much fewer training parameters than
the VDSR [153] so that the training duration is significantly
shortened with a simultaneous improvement of results.
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Visual effects of the application of residual connections on the improved interpretation ability of PAN satellite images (PROBA-V, GSD= 1 km) [174].

As the above examples demonstrate, methods of enhancing
the resolution of digital images with the use of deep neural
networks are widely applied in issues related to the enhancement
of satellite imaging resolution and for all digital images from
space photography to medical imaging.

E. Evaluation Metrics

In order to assess the correctness of the operation of the
methods, several metrics are used. One of them is the very
popular RMSE, defined as

1 m n o o
> m.n;jgl S(i, j) ~PS(i.)*  (23)

where MS and PS are original multispectral images and fused
multispectral images, and m x n represents the size of the image.

RMSE error is the basis of RASE [183], which is used to
evaluate the average performance of image fusion methods for
each spectral band and is calculated using

100 1
RASE = — || =
N

I

N
Z RMSE? (B;) (24)

i =1

where 1 is the mean, N is the number of bands, and B; represents
an ith band of the input MS image [184]. Also, ERGAS [185]
determines the number of spectral distortions of the image

z: (—RMSE (@) > T )

i (4)
where 7 is the ratio of pixel sizes of the input PAN and MS
images, 11(4) is the mean of the ith band, while N is the number
of bands [184].

Another solution for assessing the correctness of the method
is the correlation coefficient (CC) [186], which determines the
correlation measure between the PAN and multispectral (MS)
images determined according to (26) shown at the bottom of
this page. Additionally, modification of the spatial correlation

h |1
ERGAS = 100 —,| —
I\| N

h
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(a)

Fig. 11.
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(d)

Comparison of the results of spatial resolution enhancement with the use of SRGAN and ESRGAN on fragments of a video frame captured by

microsatellite (95 kg) Jilin-1 Smart Video Satellite. (a) ESRGAN. (b) SRGAN. (c¢) HR (GSD = 1.3 m). (d) LR (GSD = 5.2 m).

coefficient (SCC) metric [187] can be used, (26) shown at the
bottom of this page where PAN represents the panchromatic
image, MS the multispectral image, MS the mean value of the
MS images, PAN the mean value of the PAN images, and n,m
the image dimension [184].

Another example of a metric is the SAM [188], which defines
the average change of all angles in the spectral component

ZiL:;l ViW;
L L
\/Zizl vi \/Zi:l w}

where L represents the number of layers and v, w the test
spectrum and reference spectrum (each has L components).

The spectral information divergence (SID) [189] method com-
putes spectral similarity based on the divergence between the
probability distributions of the two spectra as

SAM (v,w) = cos™ ! (27)

L L
SID (,y) = > p; log <&> + Y gilog (&> (28)
i=1 4 i=1 pi
Ti
4% = =N (29)

doim1 T

t;
N
Zi:l ti

where r represents the reference spectrum, ¢ the test spectrum,
and L the band number of multispectral images.

Another group of solutions for assessing the correctness of
the resolution improvement methods are metrics that take into
account three types of distortions: luminance, contrast, and im-
age structure after pansharpening (y) in relation to the reference
image (x): UIQI [190] (31) and SSIM (32). Their numerical
values are determined based on the following formulas:

pi = (30)

Atz oy fay
UIQI (x,y) = Y 31)
(13 + 1) (03 + 07)

(12 + 12 + C1) (02 + 02 + Cy)

where ji,, fiy, 04, 0y, 04, are the local means, standard devia-
tions, and cross covariance for images x and y, x is the reference
image, and y is the pansharpening image.

Another metric to evaluate the processed image is PSNR. It
defines the ratio of the maximum signal power (the maximum
image value) to the power disturbing this signal, i.e., mean square

ZZM: 1 Z;v: 1 (MSz’j - M_S) (PANij - m)

CC (MS, PAN) = =

(26)

\/(Zz]\il Z;V: 1 (MSM - I\TS)2> (Ziw: 1 Zjv: 1 (PANM - mf)
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error (33). PSNR values are expressed in decibels

[max (HR (n,m))]?
MSE

where MSE represents the mean square error and max(HR(r,m))
represents the maximum reference image value with n x m size.
The evaluation metrics presented above are commonly used in
remote sensing tasks. The application of those metrics enables to
compare the correctness of the operation of various algorithms,
which is given in Tables IV and V. Tasks related to the enhance-
ment of the spatial resolution of digital images involve attempts
to achieve the lowest possible values of the CC, ERGAS, RASE,
RMSE, SAM, and SID errors and the highest possible values of
the PSNR, SCC, UIQI, and SSIM metrics. As far as the last
three methods of assessment are concerned, the values of errors
approach 1 if the SR images are represented with high quality.

III. DISCUSSION
A. Review of the Methods

This article presents a review of the methods to enhance the
spatial resolution of satellite images with the use of classic image
sharpening methods, i.e., interpolation and pansharpening, and
new solutions that employ deep learning: CNN and GAN. Until
now, no such detailed review of the solutions for sharpening
satellite images from the point of view of remote sensing has
been performed.

Tables II and III present the advantages and disadvantages of
classic solutions. The main limitation of the interpolation meth-
ods is the lack of a significant increase in interpretative abilities
despite reducing the pixel size or the visual improvement of the
image quality. At the same time, these solutions do not require
the high computing power of working units and use only one
image. On the other hand, the use of a PAN image to improve the
resolution of multispectral images (MS) with lower resolution
allows for a significant improvement in the interpretability of MS
images, which provides a significant advantage over solutions
that use interpolation. Unfortunately, this method does not prove
effective in enhancing the resolution of images that depict mov-
ing objects. In such cases, SR images contain artifacts, which
emerge as a consequence of the shift between the position of the
moving object in the HR PAN image and its position in the mul-
tispectral image. This is one of the reasons why these algorithms
cannot be applied to enhance the resolution of image sequences.
Additionally, considering the methodology of operation of these
solutions, they can only be used after improving the resolution
of multispectral images that have their HR counterpart.

Table VI presents a summary and comparison of various
neural network methods to enhance the resolution of digital
images based on the same datasets. The comparison was based
on the PSNR and SSIM quality indicators. The highest values
of these indicators were obtained for ESRGAN [36] and SR-
ResNet [35]. This method is characterized by significantly more
stable training, higher efficiency, and improved reconstruction
of details in the image. The obtained results confirm that this
architecture may be applied to enhance the resolution of images
from nanosatellite systems even up to four times. Besides, the
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ESRGAN method offers an excellent ability to represent detail,
which is confirmed by a vast number of studies in the field of
computer vision [36], [191].

In comparison to other methods, architectures based on GANs
enable to obtain better results of resolution enhancement than
classic methods. Due to the great potential and wide scope of
applications of GAN, scientists are developing their applications
in remote sensing analysis. However, the problems related to the
application of GAN to sharpen whole satellite scenes, not only
their fragments, still remain valid. Some other issues connected
to the use of deep learning methods include the instability of
data training or the vanishing gradient issue. Moreover, the
conducted literature review allows us to state that GAN networks
have a problem with nonconvergence and with the sensitivity
to the selection of hyperparameters. Numerous methods, such
as SRCNN (presented in Table VI), cannot be employed to
enhance the spatial resolution of satellite images due to relatively
poor representation of the texture, which may lead to misin-
terpretation of the images. The best architecture models were
proposed by Wang [161] and Courtrai [177]. These methods
use residual blocks, which is particularly important in the event
of the application of generative adversarial networks, as they
stabilize and significantly accelerate network training. Other
important aspects that have been discussed in this literature
review are the PSNR, SSIM, and other quality indicators that
allow for an objective assessment of the usefulness of the given
method for the sharpening of satellite images.

B. Future Possibilities of SISR Architecture

Currently used resolution enhancement methods that em-
ploy deep neural networks, including GAN, require very large
datasets and high computational capacity of the equipment that
is used to train the networks. This is caused by a very high
number of layers, which, in turn, results in a large number of
parameters that have to be adjusted. They are still based on large
volumes of training data so that the trained models are universal.
However, the model may become overtrained if the database is
too small. In such an event, even if the model achieves good
results during network training, it does not function correctly
for other data. Although creating databases is not a problem
for tasks that enhance the resolution of LR images generated
based on HR images, it may become a major limitation in
the enhancement of images from nanosatellite systems, where
no corresponding HR images are available. Due to that, the
SISR methods require further improvement, particularly with
sharpening nanosatellite images. The success of deep neural
networks is attributed precisely to the vast databases that enable
training on powerful representations. Unfortunately, scientists
are still unable to recreate the learning process, so deep neural
networks are considered a “black box.” Another challenge in
the enhancement of the resolution of nanosatellite images is the
need to define unambiguous evaluation metrics. Currently, the
used MSE, SSIM, or PSNR metrics may often take excellent
values, although the interpretation ability of the SR image does
not improve, e.g., due to blurring. In addition, in publications,
the results of image resolution improvement algorithms using
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DL are presented in small images. Often, LR images consist
of less than 10 000 pixels (e.g., Set5-4x, Setl4-4x, BSD100-
4x, URBANT100- 4x, FFHQ 256x256- 4x, FFHQ 512x512- 4x,
FFHQ 1024x1024- 4x). This results, to a large extent, from the
computational requirements of the algorithms that use GAN.

IV. CONCLUSION

This literature review presents state of the art. SISR has the
potential to be applied to small satellite images. Apart from
presenting the advantages and limitations of classic methods,
the authors conducted an extensive review of contemporary
super-resolution methods based on deep learning, particularly on
generative adversarial networks. Deep learning methods show
great potential in super-resolution satellite imagery. Despite their
advanced sophisticated structure, some types of architecture
based on convolutional networks cannot be successfully applied
in SISR satellite imaging because they do not improve the
interpretation abilities despite the enhanced resolution.

The authors have also demonstrated that numerous research
projects so far have focused on enhancing the resolution of small
images and the issues of applying SiSR methods in remote sens-
ing, particularly in satellite imagery, to whole satellite scenes,
whose dimensions are bigger than the dimension of images
presented in publications. Furthermore, the authors presented
future development directions with respect to sharpening whole
scenes, optimizing parameters, and improving the architecture
based on GAN to make them resistant to training instability.
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Abstract: Dynamic technological progress has contributed to the development of systems imaging
of the Earth’s surface as well as data mining methods. One such example is super-resolution (SR)
techniques that allow for the improvement of the spatial resolution of satellite imagery on the basis
of a low-resolution image (LR) and an algorithm using deep neural networks. The limitation of
these solutions is the input size parameter, which defines the image size that is adopted by a given
neural network. Unfortunately, the value of this parameter is often much smaller than the size of the
images obtained by Earth Observation satellites. In this article, we presented a new methodology
for improving the resolution of an entire satellite image, using a window function. In addition, we
conducted research to improve the resolution of satellite images acquired with the World View 2
satellite using the ESRGAN network, we determined the number of buffer pixels that will make
it possible to obtain the best image quality. The best reconstruction of the entire satellite imagery
using generative neural networks was obtained using a Triangular window (for 10% coverage). The
Hann-Poisson window worked best when more overlap between images was used.

Keywords: remote sensing; satellites; neural network application; image processing; image resolution

1. Introduction

In recent years, we have been witnessing a growing interest in imagery obtained from
space altitudes. According to the Union of Concerned Scientists (UCS) Satellite Database,
(as of 1 January 2022) 1031 Earth Observation satellites have been launched since 1994,
and 68% of them were launched in the last 5 years. At least 55% of Earth Observation
satellites enable the acquisition of the following types of images: optical (e.g., Pleiades
Neo, SkySat, Gaofen, Worldview), optical stereo (e.g., Gaofen 14), multispectral (e.g., Dove
4p-1-5,7,10-11, CSO-1,2), hyperspectral (e.g., NuSat-4, 5, Spark- 1,2, OHS), infrared (e.g.,
Tianjin Daxue 1, HOPSAT-TD, TTU100), radar (e.g., Yaogan, COSMO-Skymed, SAR-Lupe,
Capella, ICEYE), as well as video materials (Jilin-1, UVS). As Earth Observation systems
are evolving, small satellites are becoming increasingly popular, including nanosatellites
(weight 1-10 kg, e.g., Dove, NAPA- 1, 2, and Jin Zijing 2 constellations), microsatellites
(weight 10-100 kg, e.g., Jilin, BlackSky Global, ICEYE, OHS, and GRUS constellations), and
minisatellites (weight 100-500 kg, e.g., Capella, SkySat, and Kanopus-V-IK constellations).
These small satellites, with weights that do not exceed 500 kg, enable the acquisition of
images of a spatial resolution lower than 1 m. Their potential is also emphasized by their
number: according to data provided in the UCS Satellite Database, they account for 71% of
all imagery acquiring satellites.

Satellite imagery is commonly applied in numerous areas. It is frequently used in
environmental protection, spatial planning, monitoring changes, or in military applications.
However, in order to improve the interpretational capacity of the acquired satellite imagery,
it is necessary to perform certain operations on the images. The traditional and most
popular of which include digital image processing methods, such as segmentation or
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detection of changes. However, new methods that employ machine learning and especially
deep learning have been becoming increasingly popular in recent years. Multiple solutions
that enable the detection and recognition of objects have been developed [1-4], as well as
those that allow for the segmentation of scenes [5-7] or improvement of the resolution of
satellite images [8,9] and using linear regression [10,11].

Unlike classification, the task of linear regression is to predict numeric variables,
not discrete (categorical) variables. In the literature, there are solutions in which clas-
sification tasks are solved by regression. This is possible by using the appropriate loss
function—mean squared error (MSE), root mean squared error (L2), mean absolute error (L1)
or Huber loss. This method is used in tasks related to ice concentration estimation [12-14],
vegetation index estimation [15], motion parameters estimation of moving targets [16] and
ship orientation angle estimation [17].

Methods that use deep neural networks make it possible to process large datasets
quickly and to extract information that would be impossible to extract with the use of
digital image processing methods. In order to use the designed architectures for other
purposes than those for which they were dedicated, it is necessary to prepare a database of
training data in such a way that the data will meet the input parameters of the network
(height, width, and number of channels). Unfortunately, this operation leads to changing
the values of pixels in the image, which may, in turn, result in the loss of information from
the image. A review of the size of the parameters that define the entry to the network
reveals that they are significantly smaller than the dimensions of images that are acquired
by optoelectronic sensors installed on UAVs, Reconnaissance aircrafts or EO satellites.
Moreover, even nanosatellite systems that are equipped with small arrays, e.g., CMOS [18]
or CMOSIS CMV [19], characterized by a low quantum yield have a much higher resolution
than that of the designed input to the neural networks. In order to apply the solutions that
use deep neural networks, it is thus necessary to divide the imagery into smaller images
of specific dimensions, and the training process should be performed according to the
diagram below (Figure 1). The result of this procedure is a set of resulting images, yet not
the whole image. This gives rise to the question: how to combine the obtained results?
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Figure 1. Diagram illustrating the process of improving the resolution of satellite imagery.

Moreover, as far as image to image [20] algorithms are concerned, as in the example of
improving the spatial resolution of satellite imagery with the use of generative adversarial
networks, the problem is additionally complicated as each of the pixels in the image is re-
evaluated. Additionally, in order to use Al algorithms to improve the resolution of images
that depict urban areas and contain a large number of details, it is necessary to minimize
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the phenomenon where the same object that is present in several images is represented in
different ways.

It is well known that in spite of the very high computational power of graphic pro-
cessors and the possibility to use virtual machines, it is very difficult to process such large
satellite images. As a result, the following research questions arise:

1.  Are there any methods to combine images after the application of algorithms to
improve spatial resolution with the use of deep learning methods?

2. What methodology should be adopted to combine images evaluated by generative
adversarial networks?

3. What is the number of buffer pixels that will result in the best quality of the resulting
image?

4. Can this method also be used to combine images that are the outcome of segmentation
algorithms?

The paper consists of the following sections: Section 2 discusses the methods of
improving the resolution of satellite imagery. The proposed methodology is presented in
Section 3. Section 4 contains the Discussion, while the final conclusions are presented in
Section 5.

2. Related Works

Considering the review of the solutions used to improve the resolution of satellite
images [21,22], the methods may be divided into two groups. The first group contains
methods that enable the processing of whole images. These include interpolation, solutions
using signal processing (e.g., MUItiple SIgnal Classification (MUSIC) algorithm [23]) and
pansharpening methods. The second group are the methods that allow for the improvement
of the resolution only for images of specific dimensions. Examples of this are all solutions
that employ convolutional neural networks (CNN). They enable the learning of local
patterns of the image, which are the basis for image classification. Classification is applied
both to groups of pixels (object classification) and single pixels (image segmentation). One
of the elements that characterize each convolutional neural network is the dimension of
input to the first hidden layer. This parameter defines the dimensions of square images that
will be processed by the network. This value is determined mainly by the computational
power of workstations, as the number of searched parameters increases with the growing
size of the image. Table 1 presents examples of the input dimensions to the first hidden layer
in sample networks that solve the problems of the classification, detection, segmentation,
and translation of digital images. Based on the presented information, one may notice that
the size of the processed images usually does not exceed one million pixels.

Table 1. Sample dimensions of the input layers used in processing satellite data.

Method Input Size

classification 224 x 224 [24-26], 299 x 299 [27]

object detection 400 x 400 [28], 668 x 668 [29], 1024 x 1024 [30]
segmentation 32 x 32[31],128 x 128 [32], 512 x 512 [33], 513 x 513 [34]

256 x 256 [35,36], 500 x 500 [37,38], 64 x 64 [39], 96 x 96 [40,41],

image-to-image translation 128 x 128 [41], 192 x 192 [41]

Apart from that, it is noticeable that the results presented by other authors have the
form of small resultant samples [42-44]. Unfortunately, researchers do not address the
issue of improving the resolution of whole satellite images or developing the methodology
to improve entire satellite images.

The problem of combining images most often appears in the literature, in the context
of creating panoramas or stitching several photos [45,46]. An example is the work of the
Mingyuan Lin team. They drew attention to the problem of combining images by disparity-
guided multi-plane alignment. In this solution, the researchers used the algorithm guided
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by the disparity map, which allowed for limiting the occurrence of parallax artifacts [47].
However, the use of this solution for a large number of images (which we deal with when
improving spatial resolution with solutions using neural networks) would require the
use of large image coverage, which would significantly extend the work of the algorithm.
Meanwhile, the problem of processing large images using deep neural networks has been
noticed by scientists involved in the processing of biological and medical images, where
samples containing several gigapixels are used. They found that the use of the Hann
window to combine images significantly reduces the number of unwanted artifacts (e.g.,
edge effects) [48]. Unfortunately, in the case of satellite imagery, where the number of
details in the photos is very large, the problem of combining photos is more complicated.

3. Experiments and Results
3.1. The Proposed Method

The aim of the experiment is to combine super resolution (SR) images estimated
with the use of a GAN network based on low resolution (LR) images. In the proposed
methodology, the fragments of the scene are combined with the use of two-dimensional
window functions. The application of the window function consists of preparing the
adequate matrix of weights (which is symmetrical in relation to the center of the image)
and then multiplying it by the super resolution (SR) image, estimated by the generative
adversarial network. The specific stages of the process are presented in Figure 2.

50% 25% 5%

dML UL ]
S0E J0C L
nlilabminie [

L
]

Figure 2. Diagram of the methodology to improve the resolution of whole satellite scenes. Step 1:
divided of image, step 2: upload images to the network, step 3: use a method of improving spatial
resolution using neural networks, step 4: select a window function to combine images, step 5:
combine images.

This solution may be applied thanks to the properties of the window function: (1) non-
zero on a finite interval, (2) reaches a maximum at the center of the interval, (3) is sym-
metrical relative to the center of the interval. Additionally, for combining images, another
condition should be checked: (4) the sum of weights for each of the pixels equals 1. If the
sum of weights is lower (or higher) than 1, the image after combining has a characteristic
grid that consists of pixels of lower (or higher) DN values. For the purpose of the analysis
of selected windows, four parameters were tested: minimum and maximum value, the
average sum of weights and the sum of weights for the shared area of the images. The
tests of the possibility to apply windows for the purpose of combining images were con-
ducted for images with the dimensions 384 x 384 pixels. The combination of two images
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of the size 384 x 384 pixels was simulated. This dimension was not selected at random.
The SRGAN and ESRGAN networks usually collect low resolution (LR) images with the
dimensions of 96 x 96 pixels as input, and return an SR image with the dimensions of
384 x 384 pixels. The works on the analyzed issue were divided into two stages. At the
first stage, preliminary tests were conducted, which were the basis for selecting only those
windows for which: (1) the sum of weights at a point belonged to the range 0.95 to 1.05],
and (2) the sum of weights for the overlap area belonged to the range 190 to 192, based on
the assumption that the overlap of the combined images (component images) was 50%.
Based on the set of metrics proposed in the subsequent sections of this paper, the quality of
the image after combining (the resultant image) was assessed. Additionally, it was assumed
that the analyzed image would not be subjected to any digital image processing operations.
Thus, the image would be divided into component images and then combined, with the
use of windows, to create one resulting image. At the main stage tests, the influence of the
size of overlap of component images on the quality of the resulting image was analyzed.
Only four windows that brought the best results in the preliminary research phase were
used.

3.2. Equations

The quality of the SR images estimated by the ESRGAN network was determined
with the use of some of the most popular metrics used in the fields of remote sensing and
computer vision.

3.2.1. Peak Signal-to-Noise Ratio

Peak signal-to-noise ratio (PSNR) [49] (Equation (1)) is the ratio of the maximum signal
power (maximum value of the image) to the power that interferes with his signal, i.e., the
mean square error. PSNR values are expressed in decibels.

[max(HR(n,m))]?
MSE !

PSNR = 10:logy 1)
where MSE—mean square error, max(HR(n,m))—maximum value of the image.

For images that have been recreated in high quality, i.e., when the MSE approaches
zero, the value of PSNR tends towards infinity. This means that the higher the PSNR value,
the better the images had been combined.

3.2.2. Universal Quality Measure

Universal Quality Measure (UQI) [50,51] is another metric that compares the reference
image (HR) and the image after processing (HR’). The value of the UQI metric is determined
based on the values of the image pixels, but also their average and variance. UQI is
calculated from equation (Equation (2)):

_ U;{RHR ) 2-HR-HR' ) ZO’HRU’;{R
/ 2, 2 2 7
UHRIHR ((HR)) ((HR’))2 THRr + TR

@

where HR—reference image, HR'—image after processing.

3.2.3. Spatial Correlation Coefficient

The Spatial Correlation Coefficient (SCC) [49] is a method of assessing image process-
ing based on CC. In this method, maps of the properties of high frequency images which
emerge after the application of edge detection filters are assessed.
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3.2.4. Spectral Angle Mapper

Spectral Angle Mapper (SAM) [49,52] is a metric that defines the average change of all
angles in the spectral component (Equation (3)).

YN, HR';HR;

SAM(v,w) = cos™ !
\/2511 HR'} \/Zf\il HR?

®)

where N—number of channels, HR’, HR, respectively: test spectrum and reference spectrum
(each has n components).

3.2.5. Spectral Angle Mapper

Structural similarity index measure (SSIM) [49] (Equation (4)) is a measure of the
structural similarity in the image domain, additionally taking into account the changes
in brightness and contrast. The measure of brightness changeability is defined by the
difference in the value of average brightness in the image, while the change in contrast is
defined by the standard deviation. SSIM takes the values from the range <—1, 1>, where if
SSIM = 1, the reference image is the same as the processed image.

(2pxpy +C1) (203 +Co)

SSIM(x,y) = (B+m+c)(F+g+)

4)

where p,—average brightness in the X window, y,—average brightness in the Y window
o2—variance in the X window, Uyz—variance in the Y window, ,—covariance of pixels
in the X and Y windows, C; and C,—permanent coefficients.

3.2.6. VIFP

The VIFP metrics is also known under the name VIFE. It is the quantification of two
mutual information quantities: the mutual information between the input and the output
of the HVS channel when no distortion channel is present (this is referred to as the reference
image information) and the mutual information between the input of the distortion channel
and the output of the HVS channel for the test image [53].

3.2.7. Normalized Root Mean-Squared Error

Another modification of the mean square error MSE is the Normalized root mean-
squared error (NRMSE) [49] (Equation (5)). Literature does not provide a standard normal-
ization method. Depending on the chosen method, this error is calculated as the quotient
of the square root of the MSE (i.e., the RMSE) and the mean (in subject literature, the mean
value is sometimes replaced with standard deviation, difference between maximum and
minimum or the interquartile range). A sample equation is represented as.

RMSE

SNRMSE = R ®)

where RMSE is the Root mean square error, HR—reference image.

3.2.8. Mean Square Error

The Mean square error (MSE) [49] between images is based on calculating the square
error between the estimator (the HR image) and the estimated value (the HR' image) (6). It
is the main measure to assess the quality of the generated image. As a result, lower values
of the MSE correspond to a better recreation of the image. This error is calculated with the
equation:

1 N M , 5
MSE = N Y Y [HR(n,m)—HR'(n,m)]", (6)

n=1m=1
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where N, M—image resolution, n,m—coordinates of the analyzed pixel, HR—high-resolution
image, HR'—image combined with the use of the window function.

3.2.9. Root Mean Square Error

The Root mean square error (RMSE) [49] is another measure used to assess the quality
of the generated image. RMSE is the square root of the mean square error (Equation (7)):

1 N M , )
RMSE = \| 5737 Y Y [HR(n,m) — HR'(n,m)]", @)

n=1m=1

where N, M image resolution, n,m—coordinates of the analyzed pixel, HR—high-resolution
image, HR'—image combined with the use of the window function.

3.3. Preliminary Tests

The tests verified the possibility to use the chosen windows (i.e., Welch, Sine, Hann,
Bartlett-Hann, Triangular, Hann-Poisson, Gaussian, Lanchos, Blackman, Blackman-Nuttall,
Blackman-Harris window, Flat top window, Poisson, and Hamming [53]). For the simu-
lated image combination, the sum of weights at a point, the sum of all weights, and the
average value in the image overlap area were calculated. Appendix A presents the obtained
results and the window formula that was used for the calculations. Considering the prop-
erties of windows (2) reaches a maximum at the center of the interval, (3) is symmetrical
relative to the center of the interval], for the purposes of tests it was assumed that the
windows are one-dimensional.

Considering the obtained results, which are additionally visualized in Figure 3, one
may notice that the properties defined above are met only by the following windows: Hann,
Bartlett-Hann, Triangular, and Hann Poisson. Additionally, it is worth noting the Backman
window, which does not meet only the condition that refers to the sum of weights of the
windows. As far as the Backman window is concerned, the sum of all weights equals
190.08, which is 1.92 lower than the target. Additionally, at the further stages of research,
the Gaussian, Lanchos, and Blackman window functions will be tested. They do not meet
the condition introduced by the authors at all, but, at the same time, the sums of weights
do not diverge significantly from the target.

Additionally, Appendix A presents the functions that describe the manner of collecting
samples of the image, i.e., calculating the weights that will be used while combining the
images. Some of the presented window function formulas (Hann-Poisson) use (constant)
parameters that were determined by the authors of the relevant solutions. However, in
order to meet the condition of the sum of weights of image pixels, new values of these
parameters were defined. As a result of this operation, the sum of weights of the pixels for
those solutions is close to 1.

Table 2 and Figure 4 present the results of the final stage of preliminary research.
The tests were conducted on one of the images from the sequence of images acquired
by the Jinlin minisatellite. The prepared image was divided into component images of
the dimensions 384 x 384 pixels with an overlap of 192 pixels (50%). Then, the prepared
images were combined with the weights calculated with the use of the Hann, Bartlett-
Hann, Triangular, Hann-Poisson, Gaussian, Lanchos, and Blackman window functions.
The quality of the obtained resultant image was analyzed based on the evaluation metrics
described in point A. The obtained results clearly reveal that those windows, where the
sum of weights for a single pixel equals 1, present the best results of the evaluation metrics.
Apart from that, combining images based on weights determined with the use of window
functions leads to a slight deterioration in image quality, which is proven by the low value
of MSE and RASE errors. At the same time, the Peak signal-to-noise ratio (PSNR) takes
high values, e.g., for the Hann window PSNR = 51.89 dB, which means very high similarity
between the resulting image and the reference image. As for the windows, for which the
sum of weights in a point in the overlap area is different from 1, horizontal and vertical
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stripes are visible in the resulting images. If the value of the sum of weights is lower than
one, the DN values for those pixels are lower than the target value, which, in consequence,
leads to the emergence of a dark grid. On the other hand, if the sum of weights is higher
than 1, the DN value of the pixel is higher than the target value, which results in the
emergence of lighter stripes (Figure 5).
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Figure 3. Presentation of the values of the average, minimum, and maximum values of the weights
of the analyzed windows. It was assumed that the images overlapped in 50%. Numerical values
were determined for the overlap area.

Table 2. Assessment of the quality of combining images with the use of windows. For methods
marked with “*”, histogram adjustment was applied before assessment.

Window — \/qp RMSE  PSNR uQI SCC SAM SSIM RASE  VIFP NRMSE
Function\Metrics

Overlap 0.00 0.00 - 1.00 1.00 0.00 1.00 0.00 1.00 0.00
Hann ag = 0.5 0.42 0.64 51.89 1.00 1.00 0.01 1.00 0.35 1.00 0.01
Bartlett-Hann 3.66 1.91 42.49 1.00 091 0.01 1.00 101.21 0.98 0.02
Triangular 3.84 1.95 4229 1.00 0.90 0.01 1.00 104.21 0.98 0.02
Hann-Poisson 3.42 1.85 4278 0.99 0.92 0.01 1.00 96.91 0.98 0.02
Gaussian 92.79 9.63 28.46 0.99 0.89 0.08 0.99 401.44 0.89 0.08
Gaussian * 75.74 8.70 29.34 1.00 0.88 0.07 0.99 354.06 0.87 0.07
Lanchos 128829  35.89 17.03 0.90 0.85 0.30 088 165852  0.72 0.32
Lanchos * 863.22 29.38 18.77 0.95 0.81 0.24 0.88 129412 059 0.24
Blackman 16.68 408 3591 1.00 0.90 0.02 1.00 207.04 0.97 0.03

Blackman * 3.23 1.80 43.03 1.00 0.89 0.01 1.00 87.88 0.97 0.01
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Gaussian

Figure 4. Sample image generated as a result of combining images with the use of selected windows.
For methods marked with “*”, histogram adjustment was applied before combining images after
adjusting the histogram to the reference image.

Figure 5. Fragment of the resulting image that was generated with the use of the Lanchos window.
The lighter stripe of pixels that shows that the sum of weights is higher than 1 and is marked with
the yellow arrow, while the red arrow indicates the stripe of darker pixels, where the sum of weights
is lower than 1.

Considering the results presented above, the main tests will be conducted for the
Hann, Bartlett-Hann, Triangular, and Hann Poisson windows.

3.4. Results

The aim of the main tests was to verify the windows determined in the preliminary
phase of research and to determine the best level of overlap between component images.
For the purposes of tests, a GAN model was prepared that makes it possible to increase
the spatial resolution of the input images four times. To achieve it, the ESRGAN network
was trained with the use of an own database consisting of low-resolution (LR) images and
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corresponding high-resolution (HR) images. The quality of the combination of component
images was assessed for images, whose spatial resolution was improved with the use of
the trained network.

3.4.1. Database

For the purposes of these tests, a database was prepared that consisted of low-
resolution (LR) images and corresponding high-resolution (HR) images. The task of the
ESRGAN network was to improve the resolution of channels 2, 3, and 4 of multispectral
images obtained by the World View 2 (WV2) satellite. This satellite captures panchro-
matic images with a spatial resolution of 0.5 m and multispectral (8-band) images with
a resolution of 2 m. The database of low-resolution images was created with the use of
multi-spectral images presenting the areas located in south-eastern, southern, and northern
parts of Poland. The corresponding high-resolution images were prepared based on colored
satellite images after traditional pansharpening.

The spatial resolution of the images was improved with the use of the Gram—-Schmidt
method [54-56]. The main reason for choosing this method was the fact that the color
distortions are the lowest (in comparison to other methods). Figure 6 presents sample pairs
of LR and HR images.

@ |

Figure 6. Sample pairs of (A) LR and (B) HR images that were used to train the ESRGAN network.

As a result of the operations described above, a database containing 29,500 LR images
with the dimensions of 96 x 96 pixels and corresponding HR images with the dimensions
of 384 x 384 pixels was created.

3.4.2. The ESRGAN Network

The Enhanced Super-Resolution Generative Adversarial Networks (ESRGAN) [41]
are the most popular modification of the SRGAN networks. Their task is to estimate a
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high-resolution image based on a low-resolution one. The ESRGAN model uses the low-
resolution image and a deep convolutional network that contains residual blocks to estimate
high-resolution images. It consists of two models: the generator and the discriminator.
The task of the generator network is to improve the resolution of the input image, while
the discriminator model evaluates the generated image and is used only during network
training.

As it was mentioned before, the ESRGAN model is a modification of the SRGAN
network. The batch normalization (BN) layers have been removed from its generator, and
the basic block was replaced with a Residual-in-Residual Dense Block (RRDB), being a
combination of a multi-level residual network and dense connections (Figure 7). The re-
moval of the BN layers resulted in stable training and improved network capacity (the time
required for training became much shorter), which is a result of the reduced computational
complexity. In cases when the statistical data of the training and testing processes differ
significantly, the BN layers tend to generate artefacts in the SR image. This phenomenon
comes from the difference between the datasets that are used to calculate the average and
the variance. During network training, they are calculated based on a certain batch of
images, while at the stage of testing information from the whole dataset is used. Another
modification of the generator network can be found in the implementation of RRDB blocks
that have a residual structure. This solution makes it possible to increase the network
capacity, which, in turn, improves its performance.

1 1] | E
| & € ST E
' ] ¥ v < 2 B8 O
1 {+) {+ + - {iB -+ . e
Co k3
| J
____________ 23 x RRDP _ " ¥
= ! (% ‘
E 1 o
1

SKIP CONNECTION

Figure 7. Model of the ESRGAN network generator (base on [41]).

The authors of ESRGAN also modified the discriminator, by replacing it with a rela-
tivistic discriminator. As opposed to the standard discriminator used in SRGAN, which
estimates the probability that the evaluated image belongs to the set of HR images, the
relativistic discriminator attempts to predict the probability that the true image IHR is
relatively more realistic than the false image ISR (Equations (8)—(9)).

N M
Y Y [HR(n,m) — HR'(n,m))?, (8)

n=1m=1

1
RMSE = NM
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D_Ra (THR, ISR) = o (C(1"%) — By, [c(1°})] ) )

where oc—sigmoid function, C(x)—output data of the generator, before applying the last
activation function, E[-]—the average of all false data in the mini-batch.

The losses of the generator (Equation (10)) and discriminator (Equation (11)) may be
formulated as follows:

LR = _E, [log(DRa (IHR, ISR))] —Es, [log(l — Dra (ISR, IHR)H, (10)

L = -t o1 (7% )] - (o (% )]

where [°"—Perceptual loss function.

Another modification of the SRGAN model is the application of the perceptual loss
before activation layers (instead of after them). This allows for an increase in the number
of properties used to calculate l?/%(;i, i which makes it possible to improve network perfor-

ZSR

mance. Additionally, it enables much better reconstruction of the brightness of SR images.
As a result, the total loss of the generator may be presented in form of Equation (12).

LG = Lpercep + ALE" + 1Ex | G(x;) — ylly, (12)

where Lyercq—perceptual loss, A, 7—coefficients compensating various losses, Ey, ||G(x;) — y||;—(also
denoted as L), distance between the SR and HR images.

The ESRGAN network is trained based on network interpolation, whose task is to
remove the noise from the estimated SR images. It consists of the training of the G_PSNR
network that is oriented on the PSNR and then the G_GAN. The network is obtained as a
result of adjustments. The generator model is obtained as the interpolation of other models
according to the equation below (Equation (13)).

GéNTERP _ (1 o DC)GIC);SNR + OCGSAN, (13)
where: a—interpolation parameter, a = [0, 1], GéN TERP GESN R GSAN
GINTERP, GPsNR, Ggan networks.

This modification enables the generating of results for any value of the « coefficient,
reducing the presence of artefacts in the image. Secondly, it is possible to modify SR images
without the need to re-train the model.

—parameters of the

3.4.3. Network Training

The network was trained on an Nvidia TITAN RTX 24 GB graphics card, Intel Xeon
Silver 4216 processor, and an Ubuntu 18.04 operating system. The initial parameters for
the ESRGAN network training were those recommended by the authors of the solution:
learning rate is initialized as 2 x 10~%, decayed by a factor of 2 every 2 x 10° of mini-
batch updates. The generator is trained using the loss function in (12) with A = 5-1073
and ;7 = 1072. For optimization, we use Adam with g1 = 0.9, B2 = 0.999. The learning
rate is set to 1 x 10~* and halved at [50 k, 100 k, 200 k, 300 k] iterations [41]. The aim of
introducing a change to the learning rate during network training is to improve the model’s
resistance to overtraining.

The application of the above approach resulted in the observed phenomenon of
disappearing gradients after performing approximately 35,000 iterations, which are very
easy to identify through a rapid increase of the LG loss (Figure 8).

As aresult, it is necessary to reduce the learning values earlier in the network training
process. Based on the conducted experiments, a modification of the learning rate parameter
(Table 3) was proposed, in order to improve the resistance of the neural network to the
unstable gradient syndrome. As a consequence of this operation, the training process
becomes significantly longer.
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loss

Figure 8. Sample pairs of LR and HR images that were used to train the ESRGAN network.

Table 3. Learning rate values used in network training.

Iterations Learning Rate
35,000 2 x107%
80,000 1x 1074
80,000 5x 1072
100,000 2 x 1073

3.4.4. Combining Images

At the main stage of the research on the possibility to combine SR images with the use
of window functions, the authors also focused on determining the best degree of overlap
between the combined images. For this purpose, five fragments of multi-spectral satellite
scenes with dimensions not smaller than 900 x 900 pixels (LR) were selected. These images
show urban areas and outskirts of cities, forests, agricultural areas, and a fragment of a
wind farm. The reference high-resolution (HR) images selected for evaluation were the
same images, whose spatial resolution was improved with the use of pansharpening with
the Gram-Schmidt method (Figure 9).

(A) (B)

Figure 9. Sample test image—fragment of a multi-spectral image captured by the World View-2
satellite, depicting the suburbs of the town of Radom: (A) low-resolution (LR) image (dimensions:
917 x 921 pixels), (B) high-resolution (reference) image obtained as a result of pansharpening with
the Gram—Schmidt method (dimensions: 3667 x 3684 pixels).

For test purposes, the LR images were divided into smaller images with a resolution
of 96 x 96 pixels. Ten sets of component images were prepared (for each of the scene
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fragments), using various degrees of overlap (from 50% to 5% at 5% intervals). Before
starting the tests, the spatial resolution of every component image was improved with the
use of the trained ESRGAN network. Images prepared in this way were then combined
with the use of the window functions selected in the preliminary research phase (Figure 2).

The operation described above resulted in creating 200 new image fragments (5 scene
fragments x 10 degrees of overlap x 4 window functions = 200 images) of a spatial
resolution improved with the use of the ESRGAN network. Each of the estimated images
was then evaluated based on the metrics presented and described in Section IILA. The
average value of the analyzed metrics for each image was calculated taking into account the
classification based on the image combining method. The obtained results are presented
in Appendix B. They reveal that the quality of the resulting image improves with the
decreasing degree of overlap between images, and the maximum value is achieved for
the overlap of 10%. For lower values of overlap, the quality of the combined image
deteriorated. Additionally, one may notice that the images combined with the use of the
triangular window achieve the best quality results for the overlap between images that is
higher than 25%.

For an overlap lower than this threshold, the best evaluation results were achieved by
images combined with the use of the Hann-Poisson window, although this method works
best when the overlap between images does not exceed 15%. For further verification, the
values of the SSIM and PSNR metrics were analyzed for the image presented in Figure 10.

PSNR [dB)
(A) SSim (B) 30.262

0.88839
.

Hann \ "\‘ Hann
Hann-Poisson \ Hann-Poisson
Bartlett-Hann Bartlett-Hann

0.88675
Triangular Triangular

%0 a5 50 [ 10 15 20 23 30 S a0 as

15 D D 3
Image coverage [%]

20 25 30 s
Image coverage [%]

Figure 10. The values of the (A) SSIM and (B) PSNR metrics for the image presented in Figure 9.

The obtained results confirm that the window functions allow for the combination of
image fragments whose spatial resolution was improved with the use of the generative
adversarial network. Although one may notice that combining images with the use of the
Triangular window resulted in the best values of evaluation metrics, the differences between
the other analyzed window functions were small, e.g., for SSIM it was approximately 0.0002.

As for the comparison of quality of different resulting images, a significant shift of the
SSIM and PSNR metrics along the y axis was noted for the analyzed images (Figure 11).
The reason is, however, the quality of evaluating the SR images by GAN, not the method of
combining images, which is confirmed by the shape of the curves being the interpolation
of the results of the analyzed metrics. Moreover, the analysis of the obtained results clearly
demonstrates that the application of a large overlap between the combined results has
a negative influence on the values of the evaluation metrics. At the same time, using
an overlap of approximately 10% of the image enables the best estimation of the super
resolution (SR) image.
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Figure 11. SSIM values for the analyzed images.

4. Discussion

This article presents a new methodology for improving the spatial resolution of whole
satellite scenes with the use of deep learning methods.

In this solution, the input low-resolution image is divided into smaller fragments with
dimensions equal to the dimensions of the input data of the neural network. Based on the
tests presented above, the recommended overlap between images should be approximately
10%. Then, the spatial resolution of all LR images is improved with the use of any deep
learning method (the authors used the ESRGAN network). This stage is followed by
using window functions to combine the SR images of a higher resolution created using the
methods described above. If the overlap between images equals 10%, it is recommended
to use the Triangular window. For an overlap exceeding 20%, the authors recommend
using the Hann-Poisson window instead. At the same time, considering the results of the
main tests, the degree of overlap between images has a stronger influence on the quality
of the resulting image than the window function used to combine images. Therefore,
each of the window functions that were verified in the main phase of research, i.e., Hann,
Hann-Poisson, Bartlett-Hann, and Triangular may be applied to combine the estimated SR
images.

At the same time, window functions may be successfully implemented to combine
other images that result from image translation operations, for example the activity of the
U-Net network or conditional generative adversarial networks (CGAN). The illustration
below shows an example of shadow detection in panchromatic images with the use of
CGAN. Figure 12 shows two images with 5%, 10%, and 50% degrees of overlap, respectively,
and the result of their combination with the use of the Hann-Poisson window. The resulting
images were generated based on the assumption that, if the probability of defining the
resulting pixel as a shadow is lower than 70%, then it will not be assigned to the “shadow”
class. Such a solution allows for the elimination of errors that may appear at the borders of
the image, where only parts of the object are often visible.
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Figure 12. An example of the application of window function to combine shadow masks that were
detected with the use of the UNet network. The images shown have an overlap of: (A) 5%, (B) 10%,
(C) 50%. For panchromatic images (where histogram equalization was applied) window functions
were not used.

Unfortunately, the literature review performed by the authors revealed that the results
of the application of deep learning algorithms are presented for small images. One of
the numerous examples is the solution presented by Xiaoyu Dong [57], which makes it
possible to improve the spatial resolution of images with dimensions of 48 x 48 pixels.
A similar problem may be encountered in the segmentation of images. Binge Cui et al.
presented a method that enables Sea-Land Segmentation of images with dimensions of
256 x 256 pixels [58].

On the other hand, the methodology presented in this paper could make it possible to
apply solutions proposed by scientists to satellite images of any dimensions.

5. Conclusions

The conducted research revealed that it is possible to improve the spatial resolution
of whole satellite image scenes with the use of deep learning algorithms. However, as
those algorithms require large computational power, processing whole satellite images
is very difficult, and sometimes even impossible. This problem may be solved by the
methodology presented above, which enables the processing of digital images of any
dimension. Moreover, this solution may be applied to combine images generated as a
result of image translation operations, including segmentation. At the same time, using an
overlap between images of approximately 10% allows for a significant shortening of the
duration of the spatial resolution improvement process, which results from the reduced
number of necessary operations (an example is also presented in Figure 11). Additionally,
this approach also enables the application of trained neural network models regardless of
their input size parameters.

The conducted experiments also demonstrate that the ESRGAN network is not com-
pletely successful in improving the spatial resolution of satellite imagery, and the estimated
images contain multiple errors, which is particularly noticeable during visual analysis, e.g.,
of roofs of houses. This is also confirmed by the values of metrics presented in Appendix B.

Considering the obtained results, one may conclude that it is possible to improve
the spatial resolution of whole satellite scenes. However, this requires the modification of
existing deep learning models or the development of completely new solutions.
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Appendix B

Table A2. Results.
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MCWESRGAN: Improving Enhanced
Super-Resolution Generative Adversarial
Network for Satellite Images

Kinga Karwowska

Abstract—With the dynamic technological development, we are
witnessing a major progress in solutions that allow for the observa-
tion of Earth’s surface. Small satellites have a significant drawback.
Due to their limitations, the installed optic systems are not perfect.
As a result, the quality of the obtained images is lower, including
lower resolution, although the satellites move on the Low Earth
Orbit. In the case of images lacking a high-resolution counterpart,
the spatial resolution of the imagery can be improved using single-
image super-resolution algorithms. In this article, we present an
SISR solution based on a new network called MCWESRGAN,
which is a modification of the popular ESRGAN network. We
propose a novel strategy that introduces a multi-column discrim-
inator model. The generator model is trained using Wasserstein
loss. The introduced modifications enable a tenfold reduction in
the training time of the network. The proposed algorithm is verified
using images obtained from space, aerial imagery, and the Dataset
for Object deTection in Aerial Images (DOTA) database. A set of
evaluation methods for super-resolution (SR) images is proposed
to verify the results. These evaluation methods indicate areas that
are poorly estimated by the algorithm. Furthermore, as part of
the conducted experiments, an absolute assessment method for
interpretational potential based on the power spectral density of the
image (PSD) is proposed, allowing for determining the magnitude
of interpretational improvement after applying resolution enhance-
ment algorithms. The conducted research demonstrates that we
achieve better qualitative and quantitative results than classical
ESRGAN methods and other state-of-the-art (SOTA) approaches.

Index Terms—Convolutional neural networks, deep learning,
enhanced super-resolution generative adversarial network
(ESRGAN), neural networks, power spectral density (PSD),
single-image super-resolution (SISR), super resolution (SR).

1. INTRODUCTION

N RECENT years, we have been witnessing adynamic devel-
I opment in space technology, and the possibilities to observe
the Earth have been improving every year. The obtained data
allow us to conduct analyses that may be applied in numerous
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fields of science, including monitoring changes [1], [2], [3], [4],
[5], geospatial analysis [6], [7], automated object detection [8],
[9], [10], [11], [12], [13], or monitoring havens [14], [15], [16].

The possibility to use the given imagery is determined by
its resolution. High temporal resolution enables, for example,
conducting the analyses of change detection. Spectral analy-
sis determines the scope of potential remote sensing analy-
ses, including the analyses of land coverage [17], [18], [19],
[20].

Another quite important parameter is a spatial resolution that
informs about ground sampling distance (GSD), i.e., the distance
between two subsequent centers of pixels measured on the sur-
face of the Earth. There are numerous methods used to improve
the spatial resolution of an image [21], [22], [23], [24]. One of
them is pansharpening, which combines the high resolution of a
panchromatic image with the high resolution of a multi-spectral
image [25], [26], [27], [28], [29]. This operation results in
generating a high-resolution multispectral image. However, the
pansharpening method may be used only provided that there is
an existing high-resolution (HR) image. Unfortunately, not all
satellites acquire imagery in the panchromatic and multispectral
range. In addition, the problem also tends to appear as a result of
the attempts to improve the resolution of imagery acquired by
nanosatellites. Nano- and minisatellites are much smaller, and
the matrices and telescopes that they carry are imperfect. As a
result, the acquired images have much lower spatial resolution.
Apart from that, the difference between the spatial resolution
of the panchromatic and multispectral images is small, e.g., for
the satellites from the SkySat-3 - SkySat-15 constellation it is
only 0.16 m. This problem intensifies when it is necessary to
increase the spatial resolution of an image that does not have
a higher resolution corresponding image (e.g., a panchromatic
image or a sequence of images). One of the solutions is the
application of digital image processing methods. One of them
is the Super-Resolution Variable-Pixel Linear Reconstruction
algorithm [30], or the quincunx sampling mode named Tres
Haute Résolution that is applied for processing the imagery
acquired by SPOTS5 [31], [32].

Solutions that apply digital image processing are rather sel-
dom used to improve the spectral resolution of satellite imagery
due to the high requirements of acquiring satellite scenes or due
to the need to acquire multiple scenes that present the same area
by more than one satellite at a similar time. Another solution to
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this problem is the application of algorithms that employ deep
neural networks. This group of solutions uses only a trained
network model and low-resolution (LR) image to improve the
spatial resolution.

In order to solve the problems with improving the satellite
imagery based on a LR image, we propose a modification to the
enhanced super-resolution generative adversarial network (ES-
RGAN) architecture [33]—multicolumn Wasserstein enhanced
super-resolution generative adversarial networks (MCWESR-
GAN). It will enable to train of the neural network over 10
times faster and, at the same time, to improve the quality of the
generated images.

To address these above issues, we made the following im-
provements.

1) Weemployed a multicolumn discriminator, which allowed
for a better evaluation of SR images generated by the
generator, resulting in up to a tenfold acceleration of the
model training process.

2) We used Wasserstein loss, which allowed for better dis-
crimination between HR and SR images by the dis-
criminator, consequently enabling improved control over
the generator. This modification significantly reduces
the issue of vanishing gradients and accelerates GAN
training.

3) We paid attention to the quality of training databases.
In the case of training single-image super-resolution
(SISR) models dedicated to satellite images, it is rec-
ommended to create diverse databases, e.g., by us-
ing images obtained at different times of the day by
other satellites. By taking care of this aspect, we can
eliminate the occurrence of vanishing or exploding
gradients.

4) We introduced a novel method for evaluating generated
SR images based on the power spectral density (PSD) of
the image. This analysis allows us to determine the ground
resolved distance (GRD) parameter and, consequently, the
interpretation possibilities of SR images.

5) We conducted research and assessed the feasibility of the
proposed method in this article. The experiments were
conducted on three sets of databases. To objectively eval-
uate the generated SR images, we employed quality met-
rics commonly used in the remote sensing and computer
vision domains. In addition, we proposed two additional
evaluation methods. The first method allows for a local as-
sessment of the images, while the second method enables
an evaluation of the interpretational potential based on the
PSD of the image.

This article consists of the following parts: Section II presents
an overview of methods to improve the spatial resolution of
satellite imagery using deep neural networks. A description of
the proposed method is provided in Section III. Section IV
describes the research methodology and presents the results of
the work. Section V contains a discussion of the results. Finally,
Section VI concludes this article.
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II. RELATED WORKS

Research on the methods to improve the spatial resolution of
satellite imagery with the use of a single image (Single Image
Super Resolution—SISR) has been conducted for years [34],
[35], [36], [37]. However, the methods proposed by scientists
do not allow for solving the problem of improving the spatial
resolution of those satellite images that do not have a corre-
sponding HR image. The main reason for this is the insufficient
computational capacity of the workstations and the restrictions
on free access to satellite data. However, the technological
progress that took place in recent years enables us to solve
these problems. Modern workstations enable the processing
of very large imagery databases in a short time. In addition,
the application of graphic processors enables the training and
implementation of algorithms that employ deep neural networks.

Solutions based on convolutional networks may be applied in
the tasks of detection [38], [39], [40], [41], classification [42],
[43], segmentation [44], [45], [46], [47], [48], or improving the
spatial resolution of the acquired images [49], [50], [51], [52].

This article will focus on the last of these applications, i.e., im-
proving the spatial resolution of digital images. In this group of
methods, we may distinguish solutions that are based on classical
convolutional networks and solutions that employ generative
adversarial networks (GANs). Although both these methods are
based on a similar idea (the solutions recreate a HR image based
on a neural network model), they differ significantly in terms of
the architecture of the artificial neural network and the method
of training. The first group of solutions includes models that are
based on convolutional layers. It includes models that employ
residual blocks or multicolumn networks, where each of the
branches is responsible for improving the spatial resolution, and
at the final stage of the operation of the model the results obtained
on every branch are combined.

An example of a SISR algorithm is the single image super-
resolution diffusion probabilistic model (SRDiff), which is
designed to address the issues of over-smoothing and mode
collapse [53]. SRDiff is a diffusion-based model for SISR,
optimized using a variance-corrected likelihood. Another so-
lution is the efficient super-resolution transformer model, which
achieves significant computational cost reduction by combining
the lightweight convolutional neural network (CNN) backbone
and a lightweight transformer backbone [54].

Another solution employs the GAN described by Goodfellow
[55]. The models of these networks find applications in many ar-
eas: image synthesis, texture synthesis, object detection, vision,
natural language processing (NLP), music, and SR [56]. In the
case of GAN models responsible for SR, apart from the model
that is responsible for improving the resolution of the LR input
image is the neural network that deals with the assessment of the
estimated images. The application of two networks (the gener-
ator and the discriminator) significantly accelerates the process
of training the generator (which is responsible for improving the
resolution of LR images). Moreover, the final super resolution
(SR) images are characterized by much higher quality than
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those acquired with the use of other SISR methods. However,
these resolutions also have some disadvantages. Due to the fact
that two neural network models are employed, GAN networks
require quite large computational power. In addition, during
the training of the network, one may encounter the problem
of unstable gradient (in particular if low-diversity databases
are used, e.g., fragments of satellite images). In spite of these
difficulties, an increasing number of algorithms are proposed to
improve the spatial resolution with the use of GAN.

An example is the cycle-in-cycle GANs, where the image
resolution enhancement occurs in three stages. In the first stage,
noise is removed from the LR image. Next, using a generator
model, the image’s resolution is increased. Finally, in the third
stage, the two modules are fine-tuned in an end-to-end manner to
obtain the HR output [57]. Another solution, the super-resolution
generative adversarial networks with Ranker, is aimed at opti-
mizing the generator in the direction of perceptual metrics by
training a Ranker and introducing a novel rank-content loss to
optimize the perceptual quality [58].

However, one of the most popular solutions is the SRGAN
algorithm [59]. In this solution, the SR image is created as a
result of the application of a series of operations. The first of
them is blurring the LR image with the use of a Gaussian filter.
Then the image is decimated with the use of the r-sampling
coefficient. The neural network model is trained based on the
strategy of maximizing the minimum profit, which is based on a
theoretical game scenario, where images estimated by the gen-
erator compete with the original HR images in the discriminator
model.

The SRGAN model has contributed to many modifications
that enable to improve multispectral and hyperspectral images.
Still, the most popular modification of the SRGAN model
is the ESRGAN model [33]. The authors introduced several
changes. The most important ones include the modification of
the generator. The scientists removed the batch normalization
(BN) layers from the model. In addition, the basic block was
replaced with the residual-in-residual dense block (RRDB),
which is a combination of a multilevel residual network and
dense connections. The introduced modifications improved the
stability of training, while the removal of the BN layers allowed
reducing the number of trained parameters, which, in turn, al-
lowed accelerating network training. Another important change
was the modification of the discriminator.

The authors replaced the standard discriminator (used in the
SRGAN) with a relativistic discriminator.

The task of this discriminator is to estimate the probability that
image I7% is relatively more realistic than the false imagel*".
The introduced changes have significantly improved the quality
of SR images, e.g., for the database Set5-4x [60] the value of
the structural similarity index (SSIM) increased from 0.847 to
0.901 [33].

The authors of numerous solutions that employ GAN net-
works used residual links. This solution allowed for a significant
reduction of the phenomenon of vanishing gradients and acceler-
ated the network training process. An example of the application
of residual links is the algorithm proposed by Courtrai et al. [61]
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Fig. 1. Model of the ESRGAN generator (based on [33]).

that enables to improve the spatial resolution of small objects
that are present in aerial and satellite photos.

The algorithms to improve resolution are developed mainly
based on databases of digital images that are not images acquired
at the aerial or satellite altitudes, e.g., Set5-4x [60], Set14-4x
[62], BSD100- 4x [63], URBAN100- 4x [64], FFHQ 256x256-
4x [65], FFHQ 512x512- 4x [65], and FFHQ 1024x1024- 4x
[65].

Nevertheless, the developed methods are implemented to
improve the spatial resolution of satellite imagery.

III. PROPOSED METHOD

In order to improve the quality of SR images, the proposed so-
lution involved a modification of the enhanced super-resolution
generative adversarial networks (ESRGANS5) architecture pub-
lished in 2018 by Xintao Wang et al. [33]. The introduced
modifications mainly refer to the part of the model that is
responsible for the assessment of SR images.

The SR images are generated based on the original generator
of the ESRGAN [33]. The generator of the ESRGAN is a
modification of the SRGAN generator, where BN layers have
been removed. In addition, basic blocks have been replaced
with RRDBs, which combine a multilevel residual network with
dense connections (see Fig. 1). By removing the BN layers, the
authors of the solution observed stable training and improved
network efficiency (the training process is significantly faster),
which resulted from reduced computational complexity. The
second modification of the generator network is the implemen-
tation of RRDB blocks. These blocks have a residual structure,
where residual learning occurs on the main branch of the network
(although they can be utilized at different levels). This solution
increases network throughput, leading to improved performance
[33].

The first of the modifications consisted of introducing a
multicolumn discriminator. The proposed solution contains two
branches, where each of them creates a classifier that uses
the convolutional layers. The first of these classifiers has the
same structure of layers as the discriminator of the SRGAN
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Fig. 2. Discriminator model.

network. For the second critic, one convolutional layer was
added, the method of activation on ReLU was used (in the part of
the network that is responsible for the extraction of attributes)
and the kernel size was changed (in even-number layers this
parameter is 5 pixels) (see Fig. 2).

The application of such a multicolumn discriminator will
allow for a better assessment of the operation of the generator,
and thus, it will significantly accelerate the training of the
network of generators that are responsible for improving the
spatial resolution of satellite imagery. Another modification was
changing the method of assessing the operation of the generator
and discriminator. In the original ESRGAN solution, the gener-
ator losses (1) and discriminator losses (2) were calculated from
the following equations:

L= —E,, [log (Dra (1", 1°7))]
E,, [log (1 — Dgq (I°%, 17H))] (1)
L8 = — E,, [log (1 - Dpa ("1, 157))]
— E,, [log (Dga (I9%, I77))] )

where [ — preceptual loss function, 7% — HR image, 57—
SR image, and D g, — relativistic discriminator.

The proposed solution also applied the Wasserstein Loss. This
solution was introduced by Martin Arjovsky et al. in 2017, in
the article entitled Wasserstein GAN [66]. The authors of the
solution have changed the approach to teaching the generator
model, which will enable to approximate the distribution of
observation data that are used for network training. They modify
the discriminator that defines the probability of the image be-
longing to the SR/HR classes by a critic that determines whether
the given image is “true or false”. The aim of the training process
is to minimize the distance between the distribution of data that
is observed in the training dataset and the distribution observed
in the generated examples. The distance is determined with
the use of the Wasserstein distance method, which defines the
distance between probability distributions in metric space. The
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Wasserstein distance between two probability measures p and
v is calculated using the following formula (3) [67]

W (u,9) = max {EJ [ (X)] + B [8(X')]

a,B
~ 4 z;} exp (2 (@) +62)
_ D(x,:c')) _ 1) } 3)

where D: X x X — Ry, X ={0,1}*, W is Wasserstein
distance, o, (8 are functions in the set X, and ~ is a joint
probability distribution.

The distance carries information about the minimum amount
of work that is needed to transform the base distribution into the
target distribution, i.e., to improve the spatial resolution of LR
data. Additional advantages of the Wasserstein distance method
are its properties: it is continuous and differential. Moreover, this
solution is more stable during the changes in the architecture of
the model or the modification of hyperparameters. An additional
advantage of the introduced modification is the fact that it accel-
erates the model training process. The aim of training the GAN
network is to strive to achieve alignment between the generator
and the critic by reducing generator’s loss. This is enabled by
the application of the Kantorovich-Rubinstein duality (4) [68]

sup  Eqop, [f (2)] — Eonp, [f ()]
[[ £l <1

W (P,,Py) = “)

where P, — real data distribution, Py— is the distribution of the
parametrized density Py, f : X — R.

In the case where we are dealing with 1-Lipschitz functions,
where f: X — R and we consider K-Lipschitz for some con-
stant K, then || f||, < 1 will take the form || f||, < K. Thanks
to this relationship, we get the result K - W (P,., Py). Therefore,
when we have a case where { f,, }w cw» Which are all K- Lipschitz
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TABLE I
PROPOSED CONFIGURATION OF NETWORK TRAINING HYPERPARAMETERS [63]

Hyperparameter value
Activation linear activation
Learning rate 0.00005
Clipping parameter 0.01
Batch size 64
Number of iterations of critic per 5
generator iteration
Image label HR:-1,LR: 1
Optimization RMSProp

for some K, We can write this operation as (5) [66]
316%{ Esvp, [fuw ()] — E.p(z) [fw(ge (2)]- &)

If the above supremum (3) is reached for some w € W this
process will yield a calculation of W (P,., Py) up to a multi-
plicative constant [66].

Considering the specificity of the operation of the GAN
network, it takes the form presented in the following equation:

i Epwp [D —Ezp, [D(Z 6
minmaxE,-p, (D (¢)) ~ Esop, [D@)] (6
where D - set of 1-Lipschitz functions, P, - data distribution, and
P, - the model distribution implicitly defined by & = G(z),z ~
p(2).

In order to implement the Wasserstein Loss, the authors
recommend using a special configuration of hyperparameters
that is presented in Table 1.

IV. EXPERIMENTS AND RESULTS
A. Database

The proposed method was evaluated with the use of three
databases that contained identical pairs of LR images (96 x
96 pixels) and HR ones (384 x 384 pixels). The first prepared
database comprised aerial photos. The HR database was created
as a result of dividing an orthophotomap of the pixel size of
0.25 m. LR images were prepared by sampling HR images to
the size of 96 x 96 pixels. The second database was prepared
with the use of the Dataset for Object deTection in Aerial images
(DOTA) database [69]. The DOTA database is a collection of
data created for applications in the field of object detection in
aerial or satellite images. The DOTA dataset contains images
with varying spatial resolutions, encompassing various scenar-
ios and types of objects, such as vehicles, buildings, sports fields,
and roads. In the conducted research, 18 000 random fragments
of images of the size of 384 x 384 pixels were selected. LR
images, as it was in the case of the first database, were prepared
by sampling the HR images. The third database was prepared
with the use of imagery acquired by World View 2 (WV2).In this
case, the LR database was created by dividing the multispectral
imagery of the spatial resolution of 2 m (for the purposes of
the research, three channels were prepared: 2, 3, and 4) into
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Aenal image

Satellite image
(LR
multispectral
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234
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image, Grama-
Schmidt
miethod)
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Fig. 3. Sample LR and HR images from the prepared databases.

smaller images of the dimensions of 96 x 96 pixels. To prepare
the HR database, it was necessary to apply pansharpening (the
Gram-Schmidt method), which enabled to increase the spatial
resolution of the multispectral image four times. The resulting
image was divided into smaller images (384 x 384 pixels). The
prepared pairs of LR and HR images had the same range of
imaging. Sample pairs of LR images from specific databases
are presented in Fig. 3.

For training purposes, the prepared LR and HR image
databases were divided into three datasets: training data (used to
train the network and accounting for 70% of the whole database),
validation data (used to evaluate the model during network
training and accounting for 20% of the whole database) and
test data (used for the final assessment of the model).

B. Analyzed Models

In order to verify the proposed solution, five models were
trained for each of the prepared datasets. The aim of this ap-
proach was to select the solution that would best solve the prob-
lem of improving the resolution of satellite imagery. The first of
these models was the original ESRGAN. In the second model,
the multicolumn discriminator described above was applied. The
model assumed that the maximum value of the assessment of
the discriminators was the final loss value. In the third solution,
the manner of calculating the final value of model losses was
modified: the adopted final value was the average value of the
losses of all discriminators.
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In order to accelerate the network training process even more,
in the fourth model, apart from introducing the multicolumn
discriminator, the method of network training was modified:
the Wasserstein loss (7) was applied. Moreover, considering
the results obtained during the training of models 2 and 3, the
weights of the generator were updated based on the average
value of loss of each of the branches of the discriminator

L = ]EjNPg [D (if)] — ExNPT [D (;v)] . (7)

However, it was observed during training that this approach
was prone to the occurrence of the vanishing gradients phe-
nomenon. As a result, in the final (fifth) model, the method of
network training was modified according to the recommenda-
tions by Ishaan Gulrajani et al. [70].

This operation resulted in creating the MCWESRGAN model.

The authors of this solution propose a different method
of enforcing the Lipschitz constraint. Based on the assump-
tion that a differentiable function is 1-Lipschtiz if and only
if it has gradients with norm at most 1 everywhere, so they
consider directly constraining the gradient norm by constraint
with a penalty on the gradient norm for random samples
& —P;(8)

L =Ez.p, [D(Z)] — Eznp, [D (2)]
+AEzp, |([[VaD(@)]]2 —1)%| . (®)

Considering the above modifications, the last model was
trained in compliance with the algorithm published by Ishaan
Gulrajani et al. [70].

The conducted research involved the preparation of five mod-
els of the GAN network (mainly by introducing modifications
to the structure of the discriminator and modifying the network
training method). In order to select the best solution, all the
models discussed above were trained based on each of the
prepared databases.

C. Methods of Assessing the Results

The quality of the operation of the proposed network model
was determined with the use of the most popular metrics used
in the fields of remote sensing and computer vision. A list of the
metrics used is provided in Table II.

Moreover, to improve the assessment of the generated images,
an application was created that enables the local assessment
of the obtained results. In this solution, the image is divided
into smaller areas (determined by the p parameter). Then, the
aforementioned metrics of qualitative assessment are defined.
This method allows for the determination of areas that were
“worse” assessed by the algorithm to improve spatial resolution.
This information may become the basis to draw conclusions
concerning the modifications that should be introduced, for
example, during network training or on the manner of modifying
the training database so as to improve the quality of the estimated
SR images (see Fig. 4).

Another method proposed by the authors to assess this type
of images is the analysis of the PSD of image, which describes
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TABLE II
LIST OF THE MOST IMPORTANT ASSESSMENT METHODS

[max(HR(n, m))]2

PSNR = 10 - log, VSE

PSNR [65]
_ OHRHR 2-HR-HR' 2040ug,

UQI [66] - OuROHRs (ﬁ)Z(W)z JI-ZIR T UéRI

N HR';HR;
SAM [67] SAM (v, w) = cos™* <J2N ;1; 1 le L IHRZ>
i=1 i i=1 i
(2uetty + C;) (20, + C,)
M SSIM(x,y) =

SSIM [65] ) (2 + 12 + C,) (02 + 02 +C,)

Normalized root RMSE

mean-squared NRMSE = TE

error (NRMSE)

[65]

N M
Root mean square 1
error (RMSE) [65]  RMSE = WZ z [HR(n,m) — HR'(n,m)]?

n=1m=1
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A2
Select a metric:
- PSNR,
- ual,
- SAM
- SSIM
- NRMSE
- M5SE
-RMSE

S5IM, aroa = 50 pix * 50 pix

Fig. 4. Block diagram of the functioning of the image assessment algorithm.

the distribution of the frequency of signal power. This method
allows us not only to assess the change in the GSD parameter
but also in the GRD parameter (see Fig. 5). The GRD parameter
defines the smallest size that may be distinguished in the image.
Its value depends on the contract between the object and the
background. For objects that are characterized by high contrast
with the background the value of the GRD is two times the
value of the GSD parameter, while if the contrast is low, then
GRD = 2y2GSD [71].

The combination of the image assessment methods discussed
above enables an unambiguous determination of the quality of
the estimated images. Qualitative metrics of image assessment
allow for a global assessment of SR images. Applying them
to local areas also enables to identify areas that are poorly
represented, e.g., containing errors or artifacts. On the other
hand, conducting an analysis of PSD for various spatial fre-
quencies enables us to determine the level of improvement of
the interpretation capacity of SR images.
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TABLE III
PRESENTATION OF RESULTS FOR SATELLITE IMAGES

ESRGAN +
ESRGAN  MC discriminator

ESRGAN +
MC discriminator

ESRGAN +
MC discriminator
(mean dis_loss) +

ESRGAN +
MC discriminator
(mean dis_loss) +

(mean dis_loss) (max dis_loss) Wasserstein Wasserstein VG

MCWESRGAN
t:?r;neiig 96h 12h 12h 4n 6h
SSIM 0.83 0.84 0.82 0.85 0.92
PSNR 28.74 28.48 29.68 28.97 32.10
SAM 0.14 0.13 0.12 0.12 0.09
ScC 0.18 0.24 0.26 0.26 0.37
UQI 0.95 0.95 0.96 0.96 0.98

The following abbreviations were used: MC — multicolumn, VG — vanish gradient.
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Fig. 5. Sample diagram of PSD, for the spatial frequency of the HR image of
the GSD = 0.5 m, along the x-axis.

D. Results

All the analyzed artificial neural networks were trained based
on the Nvidia TITAN RTX 24 GB graphics card, Intel Xeon
Silver 4216 processor and the Ubuntu 18.04 operating system.
The input parameters adopted for the ESRGAN training were
the authors’ recommendations (learning rate is initialized as
2107, decayed by a factor of 2 every 2 - 10° of mini-batch
updates, Adam optimization with 51 = 0.9, 52 = 0.999). How-
ever, due to the vanishing gradient phenomenon that occurred
for the ESRGAN after 30 000 steps, the rate of network training
was slowed down by reducing the value of the learning rate
parameter [33].

Based on the above assumptions, three models (that differed
in terms of the training dataset) were trained for each of the
analyzed architectures of the conditional GAN network.

Table III presents the qualitative results of the evaluation
metrics conducted on the database of images acquired by the
WorldView-2 satellite. Analyzing the results, we observe a sig-
nificant decrease in the training time required for each SISR

model. The implementation of a multicolumn discriminator
allows for approximately a 7-fold reduction in the training time
of the model. At the same time, the use of Wasserstein loss
shortens this time by over ten times. However, a drawback
of the modified loss method is a relatively high likelihood of
encountering the issue of vanishing gradients, especially in the
case of satellite imagery. In the case of the MCWESRGAN,
the “enforce the Lipschitz constraint” method was applied to
mitigate the vanishing gradient issue, enabling longer network
training and consequently improving the quality of the generated
images, as confirmed in the qualitative analysis. The results of
the quality assessment of SR images for the remaining databases
are presented in Appendix 1.

To improve the evaluation of the proposed strategies for train-
ing GANSs, qualitative metrics were calculate for the assessment
of the image. These metrics are presented in Tables V and VI
(Appendix 1). Apart from that, the table contains information
about the number of hours that were spent on training the
analyzed models (generators).

In order to improve the evaluation of SR images, the values
of local SSIM and peak signal-to-noise ratio (PSNR) metrics
were calculated. In this approach, the reference image (HR) and
the estimated image (SR) are divided into smaller areas of the
dimensions determined by the p parameter. Then, the values of
the selected metrics of qualitative assessment were calculated for
the defined areas (for the purposes of the presentation of results,
only two metrics of qualitative assessment were selected, as,
in the opinion of the authors, they best reflect the differences
between the quality of estimation of the areas in SR images).
Appendix 2 presents the examples of the conducted local anal-
ysis of SR images.

In order to determine the quality of improvement of the spatial
resolution of SR images, the ratio of power density spectrum
to spatial frequency was analyzed. This method enables us to
determine the level of increase in the interpretation capacity of
SR images. The analyses conducted for sample images on the
x- and y-axes are presented in Appendix 3.

The presented results demonstrate that the SR image (the
yellow curve in the diagram) has the same value of the GSD
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TABLE IV
QUANTITATIVE EVALUATION OF MCWESRGAN

EDSR ESPCN FSRCNN RDN SRCNN  SRDenseNet SRGAN ESRGAN MCWESRGAN
50 [69] [70] [71] [49] [72] [54] [33] (our)
1 0.69 0.67 0.67 0.61 0.68 0.60 0.60 0.70
SSIM 11 0.45 0.60 0.56 0.60 0.56 0.61 054 DS 0.62
11 - 091 0.90 091 0.82 0.89 0.83 0.83 0.92
1 24.11 24.58 23.61 22.87 24.49 21.48 22.76 25.05
PSNR  II 18.64 20.95 21.97 21.41 21.05 22.01 2044 SN 22.45
1 27.15 31.27 32.01 25.4 30.12 29.18 28.74 32.10
I 0.15 0.15 0.16 0.18 0.15 0.17 0.19 0.14
SAM II 0.19 0.14 0.18 0.20 0.19 0.21 0.19 0.17
1 0.14 0.10 0.11 0.14 0.12 0.15 0.14 0.09
1 0.29 0.17 0.25 0.14 0.23 0.13 0.13 0.32
SCC I 0.11 0.13 0.12 0.08 0.11 0.08 0.06 0.13
1 0.22 0.31 0.20 0.34 0.16 0.31 0.14 0.37
1 0.96 0.99 0.98 0.98 0.97 0.98 0.98 0.99
UQI II 0.93 0.96 0.95 0.96 0.96 0.96 0.97
1T _ 0.98 0.97 0.98 0.93 0.97 0.98

The best results are marked in , the second in and the worst in red the following abbreviations were used: I: dota database, II: aerial photos, III: satellite

images.

as the HR image (the spatial resolution increased four times in
comparison to the LR image). In addition, the analysis of the
ratio of power density spectrum to spatial frequency of the HR
and SR images revealed that image resolution was improved
only in the area marked by the blue rectangle, i.e., to a spatial
density of approx. 105 [1/100 m] (see Fig. 5). The power density
spectrum is best reflected in this area. As a result, the value of
the GRD parameter is approx. 1.8-2.1 GSD.

To further verify the proposed model, the SR images gen-
erated by MCWESRGAN were compared with the SR im-
ages estimated by other SISR models based on deep neural
networks. Based on visual analysis (see Appendix 4) and the
results of the qualitative image assessment (see Table IV), it
can be observed that the proposed solution allows for the most
accurate image reconstruction, especially for linear elements and
surfaces. Examining the obtained results, our model exhibits
the best evaluation metric values (see Table IV), indicated in
green. Metrics with the worst values are highlighted in red
(mainly attributed to the EDSR model). From the conducted
analysis, it is clear that our proposed MCWESRGAN achieves
the best results in each of the evaluated metrics (SSIM, PSNR,
spectral angle mapper [SAM], SCC, and universal quality
measure [UQI]).

In addition, it can be noticed that SR images from satellite
imagery fragments exhibit better results compared to SR images
from the DOTA database. That may be due to the significantly
lower spatial resolution of satellite imagery compared to the
images in the DOTA database, resulting in fewer details present
in the images. Furthermore, attention should be drawn to the
SRDenseNet model. SR images estimated by this model also
achieve equally good results during the qualitative assessment.
However, through visual analysis, it can be observed that the
SR images appear to be painted with a brush, distinguishing
them from the HR images. The worst results were obtained by
the EDSR network (SSIM value below 0.80 for the satellite
imagery database, whereas for our model, SSIM = 0.92). Con-
ducting visual analysis (examples of images can be found in

(a)

(b)

Fig. 6. Examples of image pairs. (a) LR. (b) HR. (c) HR after histogram
adjustment.

Appendix 3), even degradation of interpretational potential can
be observed.

The obtained results demonstrated that the application of
a multicolumn network in the generator model significantly
accelerates the process of network training. For the analyzed
databases, the time required to train the generator was shortened
more than 10 times. The implementation of Wasserstein loss
additionally accelerated the training of the model. In addition,
the quality of the estimated SR images was better than that of
those estimated by the ESRGAN.

The analysis of the obtained results (mainly based on local
assessment of images) allows us to claim that anthropogenic
objects are better represented in SR images than objects of
natural origin (e.g., tree crowns). The exceptions are clearings
and meadows, whose assessment quality increases with the
decrease in spatial resolution of LR images.
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(b)

Fig. 7.

V. DISCUSSION

This article presents a new architecture of a conditional GAN
that enables to improve the resolution of images acquired at the
aerial and space altitudes. The core of the proposed solution is the
ESRGAN, where the structure of the discriminator model was
modified (the multicolumn network was used and the arrange-
ment of layers was modified). The training strategy of the GAN
network was also improved. The introduction of Wasserstein
Loss enabled us to significantly increase the rate of network
training: more than 10 times faster with a simultaneous improve-
ment of the quality of estimated SR images (Appendix 1).

The conducted research has demonstrated that the use of
a multicolumn discriminator and Wasserstein loss during the
generator training process:

1) significantly accelerates the network training process,

2) mitigates the issue of vanishing gradients, leading to a

more stable model training,

3) results in estimated SR images of higher quality, as con-

firmed through both local and global image evaluations.

However, it is worth noting that this proposed solution does
not address the problem of the characteristic texture artifacts that
appear in SR images (this phenomenon is also visible in images
estimated by the ESRGAN model).

During the research works, an experiment was additionally
conducted, in which the model was trained based on satellite data
(LR image database) and aerial imagery (HR image database).
During the creation of the database, the authors attempted to
select the data so that the time of data acquisition was similar.
Examples of LR and HR images are presented in Fig. 6. To
reduce the differences in the quality of the obtained data, result-
ing from various methods of image acquisition, and different
structures of the optical systems, the histogram of the HR image
was matched to the LR image. This operation allowed us to
significantly reduce the differences between LR and HR areas.

Analyzing the obtained results, it is worth noting the quality
of the work of the generators (which were prepared based on
multispectral images and aerial imagery). The values of quali-
tative assessment metrics are much poorer in comparison to the
models that were trained on other databases. Fig. 7 presents an
example of the operation of a generator.
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(c)

Examples of the improvement of resolution of satellite images based on the example of aerial imagery. (a) LR. (b) SR. (c) HR.

When the database was created, the authors attempted to select
the data so that the time and conditions of image acquisition
were similar. However, with the use of open data sources, it was
possible to acquire aerial images that were taken only in the same
year as the WV?2 satellite imagery. Unfortunately, the satellite
imagery and aerial photos were acquired:

1) in different seasons of the year, so the plant cover visible

in the images is at various stages of vegetation,

2) at different times of day, so the difference in the facade
angle and azimuth of the Sun influenced the position of
shadows that are visible in the photos,

3) at different values of sensor tilt angle, so various walls of
the facades of tall buildings are visible.

The aim of the research was to improve the spatial resolution
of satellite imagery of the GSD of approximately 2 m. Due to
that, the differences within pairs of images (LR and HR) had a
significant influence on the quality of network training. During
the research, none of the tested networks managed to cope with
his problem. At the same time, in a situation when it is necessary
to improve the resolution of satellite images of lower resolution
(when the GSD value exceeds 10 m), the differences that result
from different ways of acquiring the data will have a lower
influence [72], [73], [74].

VI. CONCLUSION

The conducted research demonstrated that the application of
amulticolumn discriminator allows us for a significant accelera-
tion of the network training process. The rate of this process may
be additionally accelerated by implementing the Wasserstein
Loss that uses Wasserstein distance. Although Wasserstein Loss
increases the model’s proneness to overtraining (especially for
images acquired at aerial and space altitudes). Moreover, we
would like to attract the readers’ attention to the manner of
assessment of the images estimated by GAN. During the global
qualitative assessment of SR images, one may encounter cases
where estimation errors are visible, in spite of the high results of
the visual assessment of the image. In these cases, the high value
of the assessment metrics may result in a very good representa-
tion e.g., of homogeneous surfaces (e.g., surfaces covered with
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TABLE V
PRESENTATION OF RESULTS FOR AERIAL PHOTOS
+
ESRGAN + ESRGAN + ESRGAN
ESRGAN + MC MC discriminator MC discriminator
ESRGAN MC discriminator e . (mean dis_loss) +
. discriminator (mean dis_loss) + N
(mean dis_loss) (max dis_loss) Wasserstein Wasserstein VG
- MCWESRGAN
raming |- yo1 14h 14h 6h gh
time *
SSIM 0.15 0.54 0.56 0.61 0.62
PSNR 11.52 21.74 22.23 28.43 22.45
SAM 0.19 0.19 0.18 0.17 0.17
SCC 0.06 0.07 0.11 0.13 0.13
uUQlI 0.70 0.93 0.94 0.97 0.97
TABLE VI
PRESENTATION OF RESULTS FOR THE DOTA DATABASE (NO VANISHING GRADIENT PHENOMENON)
+
ESRGAN + ESRGAN + ESRGAN
ESRGAN + MC MC discriminator MC discriminator
ESRGAN MC discriminator o . (mean dis_loss) +
. discriminator (mean dis_loss) + -
(mean dis_loss) (max dis._loss) Wasserstein Wasserstein VG
- MCWESRGAN
fraiming g3y 14h 14h 9h 11h
time *
SSIM 0.6 0.68 0.69 0.69 0.70
PSNR 22.76 24.60 24.70 24.78 25.05
SAM 0.19 0.15 0.15 0.15 0.14
SCC 0.13 0.29 0.29 0.30 0.32
UQI 0.98 0.98 0.98 0.99 0.99

shadows, or roads), which “overstate" the final score. The appli-
cation of local assessment enables the identification of areas of
lower or higher SR assessment quality. Such information may be
valuable for preparing an additional database of images, which
may provide a basis for supplementary training of an existing
model. Furthermore, we recommend assessing interpretational
potential based on the PSD of the image. This method allows
for a numerical determination of the improvement in recognition
capabilities in the estimated SR images. The proposed approach
enables a precise evaluation of SR images, facilitating a better
assessment of the generator and detecting outliers that may lead
to overestimation or underestimation of global metrics in the
qualitative image assessment.

The obtained results revealed that the quality of SR images
deteriorated with the increase in spatial resolution of LR im-
ages (see Tables III-V). For images acquired at aerial altitudes
(where the value of the GSD parameter is lower than 30 cm),
deformations that result from incorrect estimation of the details

of objects that are in the photograph have a significant influence
on the result of the assessment of SR images.

In addition, it was noted that if homogenous databases are used
(i.e., if the images used originate from the same set of satellite
imagery or photogrammetric flight), where the conditions are
similar, the probability of occurrence of the vanishing gradient
phenomenon increases. If heterogeneous databases are used
(e.g., DOTA that contains aerial and satellite images as well
as images acquired by UAV) the phenomenon does not occur.

Considering the obtained results, future research will verify
the proposed method for improving the spatial resolution of
image sequences acquired by nano- and minisatellites.

APPENDIX 1
RESULTS OF THE ASSESSMENT OF THE TESTED NETWORK
MODELS WITH THE USE OF QUALITATIVE METRICS

See Tables V and VI.
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APPENDIX 2
RESULTS OF LOCAL ASSESSMENT OF SR IMAGES
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APPENDIX 3
RESULTS OF THE RATIO OF PSD TO THE SPATIAL FREQUENCY OF SR IMAGES
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b) Multicolumn ESRGAN (max)
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Abstract: In recent years, a growing number of sensors that provide imagery with constantly
increasing spatial resolution are being placed on the orbit. Contemporary Very-High-Resolution
Satellites (VHRS) are capable of recording images with a spatial resolution of less than 0.30 m.
However, until now, these scenes were acquired in a static way. The new technique of the dynamic
acquisition of video satellite imagery has been available only for a few years. It has multiple
applications related to remote sensing. However, in spite of the offered possibility to detect dynamic
targets, its main limitation is the degradation of the spatial resolution of the image that results from
imaging in video mode, along with a significant influence of lossy compression. This article presents
amethodology that employs Generative Adversarial Networks (GAN). For this purpose, a modified
ESRGAN architecture is used for the spatial resolution enhancement of video satellite images. In
this solution, the GAN network generator was extended by the Uformer model, which is responsible
for a significant improvement in the quality of the estimated SR images. This enhances the
possibilities to recognize and detect objects significantly. The discussed solution was tested on the
Jilin-1 dataset and it presents the best results for both the global and local assessment of the image
(the mean values of the SSIM and PSNR parameters for the test data were, respectively, 0.98 and
38.32 dB). Additionally, the proposed solution, in spite of the fact that it employs artificial neural
networks, does not require a high computational capacity, which means it can be implemented in
workstations that are not equipped with graphic processors.

Keywords: singe-image super-resolution; generative adversarial networks; convolutional neural
networks; video satellite; super-resolution

1. Introduction

In recent years, we have been witnessing a rapid development in Very-High-
Resolution Satellite imaging (VHRS). It may be applied in numerous fields: landcover
mapping [1,2], urban mapping [3], the detection and tracking of objects [4-7], maritime
monitoring [8,9], automatic building classification, etc., [10,11].

Contemporary very-high-resolution satellites are capable of recording images with a
spatial resolution of less than 0.30 m. However, until now, these scenes were acquired in
a static way. The new technique of the dynamic acquisition of video satellite imagery has
been available only for a few years. It has multiple applications related to remote sensing.
However, in spite of the offered possibility to detect dynamic targets, its main limitation
is the degradation of the spatial resolution of the image that results from imaging in video
mode, along with a significant influence of lossy compression. Satellite observations in
video mode offers new possibilities in comparison to traditional satellite systems for the
observation of the Earth. This technology may be used to track targets or to capture a
sequence of video images instead of a static scene [12,13]. As it has been mentioned before,
video imaging is characterized by high temporal resolution; however, at the cost of lower
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spatial resolution in comparison to VHRS systems. Methods that allow for the
improvement of spatial resolution may be divided into two groups: the first one includes
multiple-image super-resolution methods [14], while the other one is based on single-
image super-resolution [15]. As far as video imaging is concerned, the multiple-image
methods cannot always be applied as the content of the image changes too quickly to be
able to use a combination of several sequences of images to improve the resolution.
Another common barrier is the presence of clouds, shadows, and moving objects, as well
as changes in plant vegetation.

However, classical methods of spatial resolution enhancement for image sequences,
as well as images acquired from space, often exhibit:

e Alack of improvement in interpretational capabilities.

e  The occurrence of spectral distortions.

e  Color distortions.

e For pansharpening-based methods, it is necessary to have an identical high-
resolution panchromatic image.

e  The occurrence of artifacts in the case of video data where objects move quickly and
the temporal resolution of the data is low.

e  Correctness of operation only for specific types of data.

As a result, one of the solutions to the above problem is the application of Single-
image super-resolution (SISR) algorithms that are based on Deep convolutional neural
networks (CNNs). In the last decade, many Super-Resolution (SR) techniques were
introduced that were developed with the use of deep learning methods. Some of the
popular techniques include Generative Adversarial Networks (GAN) [16] and very deep
convolutional networks (VDSR) that show promising results on generating realistic HR
imagery from low-resolution (LR) input data [17]. Moreover, they show promising
potential in terms of their high resolution (HR) and computational speed.

The applications of super-resolution algorithms may be found in multiple research
studies. The authors of [18] applied SRCNN and VDSR solutions for Pleiades and SPOT
imagery. On the other hand, Lanaras et al. [19] increased the resolution of channels in the
Sentinel 2 imagery from 20 m and 60 m to 10 m with the use of high-resolution bands in
order to transfer spatial details from lower-resolution channels. The developed
architecture was named DSen2 and was based on the EDSR solution [20]. A similar
solution was applied in the studies conducted by [21] with the difference that Sentinel-2
images were used to train the neural network in order to improve the spatial resolution
for Landsat imagery.

A much greater challenge lies in improving the quality of the image sequences
acquired by nanosatellites. In this regard, researchers must consider the following
challenges:

e A large number of images (frames), which increases the computational demands on
processing units or prolongs the time required for data processing.

¢  Maintaining the estimation style of images for all images belonging to the sequence.

e The occurrence of noise and disturbances resulting from imperfect optical systems.

e  Low temporal resolution due to limited computational power of the computers on
board nanosatellites.

The authors of the present article propose a new solution that allows for the
improvement of the spatial resolution of video data. This method belongs to the group of
Single-Image Super-Resolution (SISR) solutions and it uses the GAN network extended
by an encoder-decoder network that is responsible for improving the quality of SR
images. The method presented here introduces the following improvements:

e Anindividual approach to each video frame enables the processing of video data of
any temporal resolution;

. The frames are divided into smaller fragments (tiles), which allows the improvement
of the spatial resolution of video data of unlimited dimensions;
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e  The use of a 10% overlap between tiles enables the achievement of the maximum
quality of SR images while, at the same time, minimizing the amount of time required
to improve the resolution of the video data (a higher overlap leads to a larger number
of images to be processed);

e It is recommended to train the network using databases that consist of images of
various spatial resolutions, as this allows for the model training to be made even
more resistant to the vanishing gradients phenomenon (the probability of its
occurrence for satellite data is much higher than in the case of images obtained from
the surface of the Earth);

e  Developing the GAN network model by layers of the Uformer model (the encoder—
decoder network) allows for a significant improvement of the quality of the estimated
SR images;

e  The application of time windows to connect the tiles estimated by the GAN network
generator enables the combination of them into one video data frame;

e  The global quality assessment does not reflect the actual quality of the estimated SR
images, but the application of the local assessment and image evaluation in the
frequency domain enables a better assessment of SR images.

This paper consists of the following sections: Section 2 presents a review of the
methods to improve the spatial resolution of video sequences with the use of deep neural
networks. The description of the proposed methodology is provided in Section 3. Section
4 contains a description of the research and the results. Section 5 is the discussion, while
the final conclusions are presented in Section 6.

2. Related Works

The need to improve the spatial resolution of a sequence of images poses additional
requirements: the method’s operation has to be fast (due to a large number of frames),
enable processing images of various dimensions, and the estimated frames must be
recreated in the same style (as estimation errors will be visible in subsequent images in
the sequence). Algorithms based on SISR may be divided into solutions that employ
interpolation, reconstruction, and machine learning. The issue of super-resolution is a
typical problem of connecting the relations between low-resolution (LR) and high-
resolution (HR) images [22]. On the other hand, other sharpening methods, in particular
concerning video sequences, were based on motion blurring and hybrid regularization
[23]. Yet another method used discrete and stationary wavelet transforms to increase the
spatial resolution and to bring out the details of a video sequence [24]. With the
development of modern deep learning algorithms, more and more attention has been paid
to developing new methods related to the improvement of the spatial resolution of the
imagery. One of the first research works was the study by [25], which presented the results
of enhancing the resolution of an image with the use of Deep Convolutional Networks.
Other authors proposed using an hourglass-shaped convolutional neural network
structure (FSRCNN) to accelerate SRCNN [26]. Yet another method that employs the Deep
Back-Projection Network (DBPN) allowed for an even eight-fold increase in the resolution
of images by connecting a series of iterative up- and down-sampling steps [27].
Furthermore, Yu Xiao et al. [28] addressed the issue of enhancing the spatial and temporal
resolution of satellite recordings. They introduced a module of attribute interpolation that
is equipped, among others, with multi-scale deformable convolution to predict unknown
frames and a multi-scale spatial-temporal transformer is proposed to aggregate the
contextual information in long-time series video frames effectively. Other authors [29]
introduced the HiRN model that employs the hierarchical recurrent propagation and
residual block-based backbone with a temporal wavelet attention (TWA) module.
Another solution consists of the application of a generative adversarial network to
perform multi-frame super-resolution (MFSR). An example is the MRSISR model [30],
which introduces comments to the module generator and space-based net that is
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responsible for improved information extraction. Jin et al. [31] noted that most of the
existing VSR methods focused mainly on the local information between frames, which
lack the ability to model long-distance correspondence. In order to solve this problem,
they proposed a two-branch alignment network with an efficient fusion module. This
solution uses deformable convolution (DCN) and transformer-like attention. Another
solution that uses information between frames is the framework model proposed by Liu
et al. [32]. These authors proposed a framework based on locally spatiotemporal
neighbors and nonlocal similarity modeling. This allowed them to use local motion
information without explicit motion estimations. Yet another VSR solution that employs
artificial neural networks is the model proposed by He et al. [33]. They proposed a method
that consists of three modules: the degradation estimation module (which estimates the
blurring and the level of noise in LR images), the intermediate image generation module
(that generates frames of intermediate super-resolution), and the multi-frame feature
fusion module (feature fusion subnetwork is leveraged to fuse the features from multiple
video frames).

Another literature review is [34]. The authors of this publication highlighted the
difficulties and challenges of enhancing the resolution of the sequences of images acquired
by satellites. They pointed to poor data continuity, global motion due to platform
movement, large changes in illumination, large redundancy between video frames, an
extreme foreground-background imbalance, a complex background environment, a huge
scene size, and, finally, large differences in object scales. Apart from a detailed overview
of the methods to improve the resolution of image sequences, the study also contains a
wide presentation of Satellite VSR methods. The authors also described the public Dataset:
VISO dataset [35], SatSOT dataset [36], and Air-MOT dataset [37]. Another database that
has been published in recent years is the Jilin-189 proposed by Wuhan University [38]. Li
et al. noted that in the last few years, there has been a dynamic increase in the number of
publications concerning VSR.

A review of these publications reveals that multiple methods use SISR solutions to
improve the spatial resolution of image sequences. The number of frameworks that
present proposals of solutions to the SISR problem is several times higher that the number
of solutions that focus on VSR. In the last few years, numerous overviews of the SISR
methods were published. An example may be the study by Wang et al. [39]. In 2022, we
also noted the problem of enhancing the resolution of imagery acquired by Small
Satellites. The publication [40] contains a review of the methods to enhance the spatial
resolution of satellite imagery, with particular focus on enhancing the resolution of images
acquired by nanosatellites. In our review, we highlighted the methods that employ
pansharpening and SISR methods that use interpolation, Digital Image Processing, and
artificial neural networks. During our research, we noted that, in spite of their advanced,
sophisticated structure, some types of architecture based on convolutional networks
cannot be successfully applied in SISR satellite imaging because they do not improve
interpretation abilities in spite of the enhanced resolution.

After a series of tests, we found that SR images estimated by SISR algorithms that
employ artificial intelligence often had characteristic textures or blurred edges. An
example of an algorithm that focuses on removing the noise from an image is the solution
proposed by [41]. The authors of [42] modified the variance model based on the edge
adaptive-guiding function. It uses an adaptive function that is responsible for enhancing
the edges. It employs a standard gradient into the non-linear diffusion term. Another
solution [43] is the non-linear filter, whose task is to remove constant-impulse noise (e.g.,
salt and pepper) from multiple-channel images. The authors of this method performed a
fusion of a standard median filter and morphological operation. Among noise removal
methods, one may distinguish solutions that employ non-blind techniques [44]. These
authors proposed new images prior based on a parameterized scaled Gaussian model and
a gamma distribution, with hyperparameters based on the statistical properties of tens of
thousands of images. Another solution is the Uformer [45], where the novel, locally
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enhanced window was introduced (LeWin), with a transformer block and a learnable
multi-scale restoration modulator in the form of a multi-scale spatial bias to adjust features
in multiple layers of the Uformer decoder. This method stands out for its ability to capture
both local and global features of images, making it applicable in noise removal and image
deblurring tasks. The resulting images are characterized by a high quality (PSNR/SSIM:
30.90 dB/0.953 for HIDE database [46], 36.19 dB/0.956 for RealBlur-R database [47], and
29.09 dB/0.886 for RealBlur-] database [47]), ref. [45], compared to other methods used for
image denoising (for example: Nah [48], DeblurGAN [49,50], DeblurGAN-v2 [51],
DBGAN [52], SPAIR [53,54], SRN [55], DMPHN [56], and MPRNet [57]).

3. Methodology

When we were conducting our research on MCWESRGAN (Multicolumn
Wasserstein Enhanced Super-Resolution Generative Adversarial Networks) [58], we
noted that SR images were characterized by a specific texture. Based on this finding, we
decided to search for a method that would improve the quality of images by limiting the
occurrence of deformations.

The problem of the quality of interpretation of image context is very important in the
case of video data, which contain large, complex patterns that change their position in
consecutive images of the sequence. The change in the position of objects in consecutive
images in a sequence results from the movement of objects in the image and the movement
of the satellite that acquires data. Furthermore, the quality of representation of building
infrastructure (including critical infrastructure) and road infrastructure is essential in
tasks that consist in detecting smaller objects, e.g., vehicles or airplanes.

During our research, we noted that both classical methods of processing digital
imagery and methods of blur removal, i.e., the Lucy-Richardson Algorithm [59] and
Wiener deconvolution [60], fail to solve the problem (which was presented in Section 4).
Due to that, we decided to find a solution that would employ deep neural networks. Based
on empirical experiments, we noted that combining the Uformer model with a
MCWESRGAN network allows for the removal of mistakes generated by the SISR
network. Thanks to the application of the locally enhanced window (LeWin) Transformer
block mechanisms, the extended model interprets the global and local context of an image
better. Consequently, the resulting SR images are characterized by higher quality and
improved interpretation capacity. Moreover, the conducted literature review
demonstrated that expanding SISR algorithms by adding models that improve the quality
of estimated SR images was not used by other researchers. Due to that, the proposed
solution is innovative and may be commonly applied to enhance the spatial resolution of
digital imagery.

This paper presents a method to enhance the resolution of video sequences with the
use of Generative adversarial network (GAN) of a small input size (96 x 96 pixels). The
effectiveness of the proposed method of image processing was verified with the use of
evaluation metrics presented in Section 3.2.

3.1. Proposed Methodology

The aim of the conducted research was to develop a method to enhance the resolution
of sequences of satellite images while at the same time recreating as much of the
informational content of images as possible. For the purposes of our research, we propose
an approach that takes into account the Generative Adversarial Networks” architecture.
These networks enable us to generate images of increased resolution by forcing the
artificially generated images to be non-distinguishable from original high-resolution
images in terms of statistical parameters [16]. The proposed methodology enables the
improvement of the spatial resolution of video data that may consist of any number of
frames whose size is not precisely defined. It consists of five main stages: (1) loading a
single video frame, (2) dividing the frame into smaller tiles (the dimensions are
determined by the input_size parameter of the GAN network) with an overlap of 10% (the
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value of overlap between images was calculated in another research project of the authors
[61]), (3) improving spatial resolution with the use of the SISR algorithm (e.g., a GAN
network generator), (4) enhancing the interpretational quality of SR1 image with the use
of artificial neural networks (Uformer model), and (5) recombining the estimated images
(SR2) into a single frame. The diagram of the presented methodology is shown in Figure
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Figure 1. Diagram of enhancement of spatial resolution of a single video frame.

In order to conduct the tests to determine the quality of the proposed method, the
network used as the one responsible for enhancing spatial resolution was the
MCWESRGAN network created by the authors, which was described in detail in the
publication [58]. The quality of SR images was improved with the use of the Uformer
algorithm that employs the locally enhanced window Transformer block. The resulting
images were combined into a single frame with the use of the Bartlett—-Hann Window
Functions.

3.1.1. MCWESRGAN

The resolution of each tile was enhanced with the use of the MCWESRGAN model
designed by the authors. When preparing the MCWESRGAN network, we modified one
of the most popular SISR networks, i.e., the ESRGAN [62]. In our work, we focused mainly
on the discriminator and the generator learning technique. The discriminator of
generative adversarial networks (GAN) is a convolutional neural network that is
responsible for the evaluation of images during the training of the generator. In the
MCWESRGAN network, we used a discriminator consisting of two branches: the first of
these classifiers has the same structure of layers as the discriminator of the SRGAN
network, the second one was expanded by adding another convolutional layer and, for
every layer, ReLU activation was applied. Moreover, for even convolutional layers, the
kernel size was increased to 5 (pixels) (Figure 2). The introduced modification allowed for
a much better assessment of the generator work quality (two scores are received from each
critic), which, in consequence, will enable the acceleration of the generator training
process.
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Figure 2. Discriminator model [58].

The MCWESRGAN network generator was trained with the use of Wasserstein Loss.
The main task of this method is to minimize the distance between the HR and SR images.
The distance is determined with the use of the Wasserstein distance method (Equation

1)

ax [0 + oSO~y Y exp (5 (a0 + B~ Dxx) ~ 1) M

x,x'€{0,1}

where y, v—probabilistic measures, D: X x X - R,, X = {0,1}¢, Wis Wasserstein distance,
a, B are functions in the set X, and y is joint probability distribution.

The aim of training the MCWESRGAN network with the use of Wasserstein Loss is
to strive to achieve alignment between the generator. For this purpose, Kantorovich-
Rubinstein duality is used (Equation (2)) [63,64].

W(P,, Py) = ?up IEx~Pr[f(x)] - IEz~P9 [f ()] ()
<1
where B, is real data distribution, Py is the distribution of the parametrized density Py,
and f: X - R.

For GAN (composed of a generator and a discriminator), Wasserstein Loss takes
Equation (3).

minmax Ey_p, [D(x)] — Eg-p, [D(%)] ®)

where P, is data distribution, P, is the model distribution implicitly defined by X = G(z), z
~ p(z), and D is set of 1-Lipschitz functions.

The introduced modifications allowed us to significantly (even by 10 times) shorten
the time required to train the generator while improving the quality of super-resolution
(SR) images, which has been proven in our paper.

3.1.2. Uformer

Training a GAN network is a very demanding process, during which one may often
encounter the phenomenon of exploding or vanishing gradients. We discussed this
phenomenon in detail in one of our other works [61]. This phenomenon may be reduced
by decreasing the learning parameter, which allows to limit the problem of vanishing
gradients and, in consequence, to achieve the optimum alignment of the model. However,
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this solution has one disadvantage, which is the emergence of a specific, unnatural texture
in SR images (visually, it resembles a combination of deblurring, denoising, and
deraining). In order to avoid this phenomenon, the MCWESRGAN network generator
was expanded by adding the Uformer model presented by Zhendong Wang et al. [45].
The authors of this model introduced the locally enhanced window (LeWin) transformer
block and a learnable modulator. Moreover, the authors recommended using
Charbonnier loss [65,66] to train this model.

The Uformer model is of the nature of a classical U-shaped encoder—decoder network
(a diagram of the network is presented in Figure 1). Additionally, skip connections were
used between the encoder and decoder, which enable adding the features detected by the
algorithm to the input image (I € R¥**W). The first stage of operation of the model is to
extract low-level features X, € R“**" with a convolutional layer from a kernel of the size
3 x 3 and activation LeakyReLU. Then, the tensor undergoes further encoder stages, where
each of the stages contains a stack of the LeWin Transformer blocks and one convolutional
down-sampling layer (stride: 2). Additionally, LeWin uses the self-attention mechanism
for capturing long-range dependencies. Moreover, thanks to the overlapping of windows
on feature maps, it derives the calculation cost that results from the use of self-attention.
Apart from that, the authors of this solution provide an example, where for feature maps,

H W
Xo € RE™W and the I-th degree of the encoder, feature maps equal X; € RZ S, The
encoder of the model ends with a bottleneck created from the stack of LeWin Transformer
blocks.

The task of the module is to obtain information about the local context of
“contaminated” pixels in order to restore their “clean” version. For this purpose, LeWin
transformer blocks are used. Moreover, the authors of this solution introduced a
convolution operator into the Transformer to capture useful local context. In the feature
maps, the LeWin Transformer block meets the normalization layer (LN) first. Then, it is
transferred to the Window-based Multi-head Self-Attention (W-MSA) that uses self-
attention inside the non-overlapping local windows. In the next step, the skip connection
is used to add this result to input feature maps and the result is transferred to the next
normalization layer. The normalized tensor is transmitted to the locally enhanced Feed-
Forward Network (LeFF), and the resultant tensor is once again (with the use of skip
connection) added to the feature maps that were transferred to the LeWin Transformer
blocks. Furthermore, the application of the bottleneck stage with a stack of LeWin
Transformer blocks allows the capture of additional dependencies of features, and if the
size of the window equals the size of the Transformer block, global dependencies are
captured.

The network decoder is equipped with modulators. The aim of this module is to
calibrate the features, which enable recovering a larger number of details (by taking into
account the characteristics of interfering patterns). The multi-scale restoration modulator
is embedded in each block of the LeWin Transformer, taking a form of a tensor of the
shape W x W x C, where W is the window size and C is the size of the channel of the
current feature map. The modulator takes the form of a matrix that is added to all
nonoverlapping windows before the self-attention module.

The branch of the decoder module is responsible for the reconstruction of features. It
is built of the up-sampling layer and a stack of LeWin Transformer blocks. In this model,
the convolution layers were replaced with transposed convolution (convolution: 2 x 2,
stride: 2). In accordance with the principle of functioning of transposed convolution, it is
responsible for increasing the feature maps twofold and reduces half of the feature
channels. The authors of the solution used the LeWin Transformer blocks to learn to
restore the image. In order to obtain the resulting image R € R¥***% the authors propose
3 x 3 convolution layer, which will allow for the feature maps to be flattened to 2D feature
maps. The resultant image is a result of adding features to the inputimage I’ = I + R.
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3.1.3. Bartlett-Hann Window Function

The Bartlett-Hann Window Function was used to recombine the SR images into a
single frame. This Window Function was not selected at random. The choice was
motivated by the research results presented by the authors in the publication [61], which
provides a comparative analysis of various Window Functions for various degrees of
overlapping between neighboring tiles. During the research, it was noted that the best
quality of the resultant image was obtained when the tiles of the SR image were combined
with the use of Hann, Hann-Poisson, Bartlett—-Hann, or Triangular window functions.

For the purposes of this research project, the Bartlett—-Hann Window Function was
used to recombine the tiles into a single image. In this method, for each pixel in the image
fragment (which is in the area of overlap between images), the weight is calculated
(Equation (4)), with which the given pixel will be added to the resultant SR image.

[n] = 0.62 — 0.48 |n 1| 0.38 (2”") )
wln] = 0. : N3 38 - cos | —
where 7 is position of the pixel in the image and N is tile size.

3.2. Evaluation Metrics

The quality assessment of the resulting SR images consisted of three stages. The first
one consisted of conducting a global quality assessment of all SR images before combining
them into images of the sequence. This was performed with the use of the most popular
metrics that are used in the fields of remote sensing and computer vision (Table 1).

Table 1. Presentation of the main evaluation metrics.

Peak signal-to-noise ratio (PSNR) [max(HR (n, m))] 2

O_HRHR’ 2 ) HR ) HR’ ZUHRO_HR’
Uni 1 lity M uQI) [68 = =TT
niversal Quality Measure (UQI) [68] Q o, CARZCHRY o2, + 02,

L1 HR'HR, )

Spectral Angle Mapper (SAM) [69] SAM (v,w) = cos™* (

VI HRE VI HRY
imilari 2pyty + C1) (204, + C.
Structural Similarity Index (SSIM) SSIM(x,y) = (2uepty + C1) (204, + C,)
[67] (u2+p2+G)(o2+02+C,)

N M
Root mean square error (RMSE) [67] RMSE = ﬁz Z [HR(n,m) — HR'(n, m)]?

n=1m=1

Zmn(LR — LR) (HR' — HR)

Spatial Correlation Coefficient (SCC) CcC =
[67] szn(LR —IR)? Zyun(HR' — HR'’

When performing the global assessment of the quality of SR images, one should note
that the results are the average evaluation of the whole image. Due to that, it is difficult to
determine how specific areas of the image are represented in the SR images. As a result,
the second stage of the SR image evaluation involves local assessment. In this method, the
SR image is divided into smaller fragments of a defined surface area, and then evaluation
metrics values are calculated for these fragments. This method enables one to determine
which areas of the SR image are better represented, and which are poorer.

The final method of assessing the quality of SR images is the determination of the
physical enhancement of the spatial resolution of SR images by means of power spectral
density analysis (PSD) of the image. PSD explains the distribution of the frequency of
signal power. This method allows you to determine the improvement in the ability to
detect objects in the image using the Ground Resolved Distance (GRD) parameter.
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4. Experiments and Results
4.1. Datasets

While training generative adversarial networks, one should bear in mind that this
type of network is very prone to the phenomenon of vanishing gradients. During the tests,
it was found that databases that consisted of images of varied spatial resolution were more
stable during the training of the generator. Due to that, the final database that was the
basis for training the prepared network contained images obtained by unmanned aerial
vehicles (UAV), optic sensors mounted on airplanes, observation satellites, and
nanosatellites. As a result, the created database contained images of a spatial resolution
ranging from 0.15 m to 20 m and consisted of 100,000 images. Such a diversified database
was created as a result of combining the Dataset for Object deTection in Aerial Images
(DOTA) [70], fragments of aerial images (that were a result of dividing the
orthophotomap), imagery acquired by the WorldView-2 (WV2) satellite, the Jilin-1
database [38], and other data acquired by the SkySat-1 and Jilin-1 nanosatellites. The Jilin
database contains video data acquired by the Jilin-1 satellite. It consists of 201 clips, where
each clip contains 100 images of the size of 640 x 640 pixels. Apart from that, other video
sequences captured by the Jilin-1 mission were added to the database [71]:

e  Beirut in Liban—collected on 06 October 2017, the resolution: 1.12 m, the frame size:
1920 x 1080 pixels, 25 frames per second (FPS), and video duration: 32 s.

. Florence in Italy —collected on 10th September 2018, the resolution: 0.9 m, frame size:
3840 x 2160 pixels, 10 FPS, and video duration: 31 s.

e  Other materials added to the database were the video sequences collected by SkySat-
1 from Las Vegas (25 March 2014), Burj Khalifa (9 April 2014), and Burj al-Arab (1
February 2019) [72].

In order to train the models that are responsible for enhancing the resolution, it is
necessary to prepare high-resolution (HR) and low-resolution (LR) data. To create the
database used here, most of the HR images were prepared by dividing images into tiles
of the dimensions of 384 x 384 pixels, and the corresponding LR images were prepared as
a result of sampling the HR images to the dimensions of 96 x 96 pixels. The exceptions
were the satellite scenes acquired by the WV2 satellite. In this case, the LR database was
created by dividing the multispectral imagery. To prepare the HR database, we used an
image whose resolution was improved using pansharpening (the Gram-Schmidt
method).

4.2. Methodology of Processing Video Data

The process of enhancing the spatial resolution of a sequence of images may be
divided into three main stages: (1) preparing data, (2) enhancing spatial resolution, and
(3) combining the images into sequences. The detailed flowchart is presented in Figure 3.

The process of preparing data for spatial resolution enhancement starts with loading
a video file, which, in the next step is divided into single frames. Then each of the frames
is divided into smaller tiles (LR images). Due to the fact that the MCWESRGAN network
was used to improve the resolution, the frames were divided into fragments of the
dimensions of 96 x 96 pixels (the size was determined by the input size parameter of the
GAN network used). If the size of the tile is smaller than the input size parameter, the
missing areas are filled with pixels of the digital number (DN) equal to 0 (black stripes
that are shown in Figure 3). Data prepared in this wat are then transferred to the
MCWESRGAN network with the added Uformer network. This module first enhances the
spatial resolution of the resulting LR image, and then improves its quality with the use of
the Uformer model. When the spatial resolution of all tiles belonging to a single frame has
been improved, the third stage of the proposed methodology commences. In this module,
the tiles are combined into a single frame with the use of the Bartlett-Hann Window
Function, and when all frames have been processed, they are recombined into a sequence
of images.
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Figure 3. The flowchart of the algorithm.

4.3. Implementation

The SISR model was trained on a Nvidia TITAN RTX 24 GB graphics card, Intel Xeon
Silver 4216 processor, and the Ubuntu 18.04 operating system. The network training
parameters are presented in Table 2.

Table 2. Network training parameters.

Input size 96 x 96 pixels
Learning rate 2:107* —2-107°
Optimization Adam (3_1=0.9,3_2=0.999, e=1-107)
Batch size 4
Epochs 150

The training dataset was used to train the model that is responsible for enhancing the
spatial resolution of LR images. This was the basis for estimating the weights between the
layers of the model. The weights were updated based on the results of the assessment of
the network model with the use of validation data. Adam optimization was used to find
the target function. The application of this model enables the high-quality achievement of
the model in a short time. Moreover, as a result of training the generator of the GAN
network that is responsible for the SISR of data acquired from space altitude, it is more
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resistant to the vanishing gradient phenomenon (in comparison to other optimization
methods, e.g., SGD, RMSprop, and Adagrad).

4.4. Results

The proposed MCWESRGAN model, expanded by adding the Uformer model
layers, was tested on a set of video frames from the Jinlin-1 dataset (the test dataset). To
assess the results, the metrics presented in Table 1 were employed. The obtained results
were compared to the SR images estimated by the MCWESRGAN model, from which the
specific texture was removed with the use of the Lucy—Richardson Algorithm and Wiener
deconvolution. The Lucy—Richardson Algorithm is an iterative method that enables the
removal of blurring and noise from an image. The functioning of the algorithm may be
presented in the form of Equations (5) and (6).

d;

C—iPi j (5)

(t+1) _ ~t
wii, =1

i

¢ = Z Py B (6)

where 7, is the image estimated in (¢ + 1) iterations, d; is the pixel value, and p;; is
the spatial displacement between the value of the source pixel j and the value of the
observation pixel i.

On the other hand, Wiener deconvolution enables the determination of the range of
frequency of the non-disturbed signal. Thanks to this property, it is possible to remove
blurring from the image. If the blurring is large, a disadvantage of the solution is the fact
that the characteristic texture emerges in the image. In the frequency domain, the Weiner
Filter was presented in Equation (7).

(t+1)

H*(f)S(f)
IH(OIZS(f) + N(f)

where G(f), H(f) are the Fourier transforms g(t) and h(t), S(f) is the average spectral density
of the power of the original signal x(¢), N(f) is the average spectra density of the noise
power, and * is the feedback operation.

In order to remove blurring, it is necessary to possess information about the
characteristics of the image deformations and the balance parameter. The aim of this
parameter is to reduce the occurrence of noise artifacts in the resulting image, i.e., to
maintain the balance between the reconstructed image and the image containing noise.

The evaluation of the estimated high-resolution images started with the assessment
of the results, and the values of the described quality evaluation indicators for the whole
test dataset were calculated.

In Table 3, we presented a qualitative analysis of the test dataset, where we compared
the SR images generated by the MCWESRGAN generator enhanced with (1) the Lucy-
Richardson Algorithm, (2) Wiener deconvolution, and (3) the Uformer network.
Additionally, in Figure 4, we provided examples of images. The results unequivocally
demonstrate the superiority of the MCWESRGAN network extended with the Uformer
network over the generator enhanced with the Lucy-Richardson Algorithm and Wiener
deconvolution. In the case of SR data generated using the Lucy—Richardson Algorithm, in
addition to the deterioration in quality, artifacts are visible (mainly at the edges of the
image) along with significant color changes. Conversely, for SR images generated using
Wiener deconvolution, the distortion of colors is much greater (confirmed by the
qualitative analysis).

G(f) = @)
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Table 3. Quality analysis of the test database. The best results are marked in green and the poorest
ones in red.

Metrics LR MCWESRGAN MCWESRGAN MCWESRGAN with  MCWESRGAN with
with Lucy-Richardson Algorithm Wiener Deconvolution Uformer
SSIM 0.92 0.96 0.91 0.98
PSNR 31.37 36.21 23.83 38.32
SAM 0.07 0.03 0.08 0.02
SCC 0.15 0.26 0.08 0.27
UQI 0.991 0.993 0.966 0.996

(b) | @

Figure 4. Examples of images from test data with quality results are shown in Table 3: (a) HR image,
(b) MCWESRGAN with Uformer, (¢) MCWESRGAN with Lucy-Richardson Algorithm, and (d)
MCWESRGAN with Wiener deconvolution.

Additionally, Figures 5 and 6 show the differences in the values of the SSIM and PSNR
metrics for a random video, where, however, the frame has the dimensions of 160 x 160 pixels
(the Jinlin-1 database). Due to the size of the frame, it was divided into four tiles (pixels of DN
=0 were added in the second column and the second line of tiles so that the dimensions would
equal the input size). The ID of the image is marked on the X axis of the diagrams. Analyzing
the obtained results, one may notice that groups of images of a similar quality exist. Images
with ID300-400 are characterized by the highest quality, but they have the added groups of
pixels of DN =0, which increase the metrics of the quality assessment. At the same time, one
may notice that the SR images estimated by the MCWESRGAN network with the Uformer
model are characterized by higher quality in all fragments of the image.

* LR

+ SR image (MCWESAGAN)

« SR image (MCWESAGAN with Ufomnaer)
048

Figure 5. Structural similarity between the estimated images (tiles) (SR) and the reference HR
images.
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Figure 6. Peak signal-to-noise ratio (PSNR [dB]) between the estimated images (tiles) (SR) and the
reference HR images.

In order to improve the evaluation of the estimated image, local image evaluation
was used for the resulting frames (after the tiles had been combined with the Window
function). Due to the fact that the size of the assessed resulting frames equalled 640 x 640
pixels, it was assumed that the local assessment would be conducted on image fragments
of the size of 20 x 20 pixels. The illustrations below (Figures 7 and 8) show the results of
the local assessment conducted with the use of the SSIM and PSNR metrics. In the case of
the SSIM metric, the majority of the analyzed areas are marked in yellow, indicating a
value of the metric exceeding 0.97. There are only isolated areas with a low estimation
quality. However, a local assessment using a PSNR enables a more precise analysis of the
image—the differences between the adjacent areas under examination are greater. Based
on a local assessment using a PSNR, it can be inferred that moving objects (the airplane
on the runway) or small objects of irregular shapes were estimated with high quality,
although it was slightly lower than that of parking areas, the runway, and taxiways.

Figure 8. Local assessment—PSNR metrics (for the evaluated field of the size of 20 x 20 pixels).
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Another method to assess the quality of SR images is PSD analysis. The PSD describes
the distribution of the frequency of the power signal. This allows for the determination of
the smallest size that may be identified in the image.

Figure 9 presents the PSD analysis for the x and y directions. The PSD analysis reveals
a high similarity between the signal power frequency distribution in the HR image (yellow
curve) and the SR image (green curve), in particular, in the vertical direction of the image
(the y direction). In the horizontal direction, resolution enhancement is noticeable for a
spatial density of approx. 100 [1/100 m], and in the vertical direction of approx. 120 [1/100
m]. As a result, the value of the GRD parameter on the x direction is GRDx =2.1 x GSD, and
in the y direction, GRDy =2.5 x GSD. The obtained values confirm that the value of the GRD
parameter for high-contrast objects should take the value no lower than two times the GSD.
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Figure 9. PSD diagram on the x and y directions for a sample image.

5. Discussion

The proposed methodology of enhancing the resolution of a sequence of images
consists of three main stages: the preparation of the images, enhancing the spatial
resolution, and combining the estimated images into a sequence. The structure of this
solution enables one to use other SISR algorithms that use artificial neural networks.
During the research, the authors compared the quality of the enhancement of the spatial
resolution of images with the use of various methods using convolutional networks.
Additionally, each of the analyzed SISR models was extended by adding the Uformer
model, which allowed for a better evaluation of the influence of the Uformer model in the
quality of the resultant SR images. The results of the global quality assessment of the test
dataset are presented in Table 4. Apart from that, examples of SR images estimated by the
analyzed SISR models are provided in Appendices A and B.

Table 4. Quality assessmentof convolutional network models dedicated to SISR. The best results are
marked in green, the second in yellow, and the worst in red. “*” marks the SISR models with added
Uformer network layers.

Metric

LR

EDSR

EDSR *

ESPCN

ESPCN *
FSRCNN
FSRCNN *
RDN
RDN *
SRCNN
SRCNN *
SRDenseNet
SRDenseNet *
SRGAN
SRGAN *
ESRGAN
ESRGAN *
MCWESRGAN
MCWESRGAN *

PSNR 31.37 25.36 25.62 27.63 27.16 27.01 27.23 27.59 27.45 32.40 33.06 27.56 27.46

20.91 29.35 30.04 36.21 38.32

SSIM 092 087 090 095 094 090 093 094 094 093 094 094 094 . 0.67 078 0.83 096 0.98
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0.21 0.08 0.080 0.03 0.02
017 014 021 026 027
0.760 0.788 0.793 0.993 0.996

SAM 0.07 0.11 0.11 0.08 0.08 008 008 008 008 006 006 0.08 0.08
SCC 015 020 026 026 025 018 024 026 025 019 025 024 0.25
UQI 0.991 0.889 0.955 0.939 0.970 0.775 0.904 0.958 0.967 0.964 0.987 0.970 0.973

The analysis of the presentation of SR images generated by various SISR solutions
that employ convolutional networks (CNN) revealed large differences, in particular in the
representation of the edges of anthropogenic objects (i.e., objects created by humans). An
example of such an object was marked with a yellow frame (Table 5), and the magnified
image is in the bottom-right corner of the illustration. Additional examples are provided
in Appendices A and B. Many of the analyzed models, e.g., EDSR, FSRCNN, SRCNN,
SRGAN, and ESRGAN, make errors during the representation of HR images. In images
that were estimated with those methods, the edges of objects (even those with high
contrast between them and the background) are blurred and their corners are rounded.
This visual assessment is confirmed by the qualitative analysis, which was performed
with the use of the metrics presented in Section 3.2. The MCWESRGAN architecture
designed by the authors and expanded by adding Uformer layers enables the highest
quality of enhancing the spatial resolution (SSIM = 0.98, PSNR = 38.32 dB). For the
purposes of the conducted research, the authors expanded the most popular models
responsible for SISR by adding layers of the Uformer model. The aim of the research was
to provide a better assessment of the influence of the Uformer model on the quality of the
estimated SR images. In most cases, the obtained results confirmed the beneficial effects
of developing the SISR models by adding Uformer network layers. However, for models
ESPCN, RDN, and SRDenseNet, a slight deterioration in the quality of SR images was
observed (e.g., for the RDN network, the decrease in the PSNR was 0.14 dB).

Table 5. Examples of SR image fragments estimated by different convolutional network models.

MCWESRGAN with

ESRGAN MCWESRGAN
Uformer
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In order to improve the assessment of the SR images that are presented in Table 4,
the SR images were transformed with the Fourier domain. Images estimated with
MCWESRGAN, for which attempts were made to improve the quality of the estimated
image by applying the Lucy-Richardson Algorithm and Wiener deconvolution, were
added to the presentation. The aim of including these images was to compare them (where
their quality is worse than that of SR images generated by MCWESRGAN) with images
estimated with the use of other SISR models.

The transformation of the image with the Fast Fourier Transform (FFT) allows the
movement from the spatial domain to the frequency domain while maintaining all
attributes of the image. Decomposing an image into sines and cosines of varying
amplitudes and phases enables one to distinguish mistakes in the image (Figure 10).
Considering the results of the qualitative analyses that are presented in Tables 4 and 5,
one may notice that the poorest quality of the estimated images is obtained if the quality
of the SR images obtained with the use of the MCWESRGAN generator is “enhanced”
using Wiener deconvolution or the Lucy-Richardson Algorithm. These conclusions are
confirmed by the images presented in the frequency domain. These images contain low-
frequency areas that are located at a large distance from the point of the coordinates (0,0)
(the (0,0) point is situated in the center of the image and it corresponds to the intensity of
the constant part of the original function). A similar phenomenon occurs in the SR images
that were estimated by the SRGAN, FSRCNN, and EDSR models. An interesting case is
the image in the frequency domain that was estimated by ESPCN. During the quality
assessment, SR images estimated with the ESPCN model were characterized by high
quality, but the analysis of sample SR images in the frequency domain revealed low
frequencies that were located approximately 130 pixels from the centre of the image. This
phenomenon may result from the fact that areas of the image are represented by pixels of
a similar DN value and by the stepped representation of object edges (which is confirmed
by the visual assessment of the estimated images).

LR image HR image

ESPCN

SRDenseMeat

ESRGAN MCWESRGAN Wormer-MCWESRGAN

Figure 10. Images in the frequency domain.
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The proposed method consists of several stages that occur consecutively. Thanks to
its multiple-stage structure, the proposed solution does not require a large computational
capacity. This feature allows the model to be operated on workstations that are not
equipped with graphics processors (GPU). The computational capacity of the workstation
determines only the duration of processing image sequences. Table 6 presents a
comparison of the working times of the module that enhances spatial resolution of video
data that consist of 100 frames of the dimensions of 120 x 120 pixels. The presentation
demonstrates that the proposed algorithm may be implemented even on hardware that is
not equipped with a graphics processor. However, the use of a graphics card significantly
shortens the time of processing the sequence of images.

Table 6. Comparison of the time required to process a single video on various computational
units.

Time [s] (* —per Frame)

STAGE v:ir;f}l")l(;rll\lsll{l;;rzizzf]} Intel Xeon Silver 4216 Intel Corei5-1235 Intel Corei3-7100U
Preparation of data 0.004 0.04 02 04
0.00004 * 0.0004 * 0.002 * 0.004 *
Resolution 76.80 988 4316 8861
enhancement (0.19 per tile) (2.47 per tile) (10.79 per tile) (22.15 per tile)
Combining into 0.07 0.9 4 8
video data 0.0007 * 0.009 * 0.04* 0.08 *
Tottjl;;naenfeqfﬁéed 76.87 988.94 43202 8869.4
(~1min 17 s) (~16 min 29 s) (~72 min) (~147 min 49 s)

spatial resolution of
one video

077s* 99s* 432s* 88.7s*

The obtained results confirm that it is reasonable to expand the MCWESRGAN
model by adding layers of the Uformer network. This modification significantly improves
the quality of SR images, and, in consequence, the interpretation capacity. However, the
disadvantage of this solution is the prolonged duration of the work of the module that is
responsible for enhancing the spatial resolution of the image in the sequence. It takes 0.03
s to enhance the spatial resolution of a single tile with the MCWESRGAN model (without
the Uformer layers) (with the use of GPU), which means that the process is over in a time
six times shorter than with the use of the MCWESRGAN model expanded by adding
Uformer layers.

6. Conclusions

The authors of the present article have proposed a new methodology to enhance the
spatial resolution of video data. This solution may, in particular, be applied to sequences
of images acquired by nanosatellites. The obtained results demonstrate a fourfold increase
in the spatial resolution of low-resolution images, while at the same time, the
interpretation capacity has increased by more than two times. Moreover, the development
of the generator that is responsible for improving the spatial resolution enabled the
improvement of the structural similarity between HR and SR images by approx. 0.02, and
the peek signal-to-noise ratio increased by over 2 dB (the average value of the SSIM
parameter for the test data increased from 0.96 to 0.98, and the average PSNR value
increased from 36.21 to 38.32 dB). The proposed methodology may be applied to issues
related to the enhancement of the resolution of images and video sequences obtained by
nanosatellites, which require the application of single-image super-resolution (SISR)
methods. Apart from that, enhancing the spatial resolution with the use of the
methodology described here does not require a large computational capacity (this is
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required only at the stage of training the model), so it may be used on workstations that
are not equipped with graphics processors.

The conducted research focused on proposing a new methodology to enhance the
spatial resolution of images obtained from space altitudes. At the same time, it was noted
that sequences of images captured by small satellites were characterized not only by a
relatively low spatial resolution, but also by a low temporal resolution (approx. 10 frames
per sec.) in comparison to aerial systems. This limitation was clearly noticeable during the
observations of moving objects (such as an airplane during take-off). Due to that, further
works on enhancing the quality of the sequences of images acquired by nanosatellites will
focus on improving their temporal resolution.
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Appendix A

Table Al. Models extended with Uformer network layers are marked by adding “*” to the name.
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Appendix B

Table A2. Quality assessment of convolutional network models dedicated to SISR for images with
Appendix A. The best results are marked in green and the worst in red. “*” marks the SISR models
with added Uformer network layers.

Image 1
o % . Z  z
o . L %2z .z L 2 2 z Lz 2 § &
£ 2202807382358 %2 31835338 3¢6 ¢
= = & 2 8 g % %8 g5 38 g 8§ 5 =
n @ s O
=
SSIM 0.84 0.88 0.92 0.94 0.92 093 094 094 0.89 092 094 0.94 0.83 0.84 0.87 0.94 0.96
PSNR 26.36 27.2 31.26 27.16 30.88 32.37 32.99 32.79 29.0 30.65 32.88 32.64 24.57 26.96 28.15 33.02 34.08
SAM 0.09 0.08 0.05 0.08 0.05 0.04 0.04 0.04 0.06 0.05 0.04 0.04 0.11 0.08 0.07 0.04 0.03
SCC 034 043 042 025 032 041 044 043 032 043 040 0.42 0.28 0.26 0.38 0.45 0.46
UQI 0.99 099 1.0 - 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.98 0.99 0.99 1.00 1.00 1.00
Image 2
SSIM 0.85 0.89 093 094 093 094 095 094 091 093 094 094 0.86 0.86 0.88 0.95 0.96
PSNR 25.26 25.77 29.78 30.01 29.93 31.08 31.34 31.41 27.85 29.15 30.91 31.12 24.57 26.02 27.36 31.68 32.46
SAM 0.10 0.09 0.06 0.06 0.06 0.05 0.05 0.05 0.07 0.06 0.05 0.05 0.10 0.09 0.07 0.05 0.04
SCC 025 031 030 031 0.22 029 030 030 023 029 027 0.29 021 019 0.25 0.31 0.32
UQr 0.99 099 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.99 099 0.99 1.00 1.00
Image 3

092 092 094 098 0.98
254 30.88 31.79 37.67 37.41
0.12 0.07 0.07 0.03  0.03
0.16 0.11 0.16 0.19 0.20
099 0.99 1.00 1.00

SSIM 0.93 095 098 097 097 097 097 097 096 097 098 0.97
PSNR 32.26 33.9 38.35 37.57 35.93 37.2 37.01 37.01 34.34 36.37 38.35 37.36
SAM 006 0.05 008 003 004 004 004 004 005 004 003 0.03
SCC 0.17 (022 020 020 013 019 018 0.8 014 021 017 0.19
UQI 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Image 4
SSIM 0.92 095 [0.98 098 096 097 097 098 096 097 098 0.98
PSNR 31.68 33.13 38.58 39.62 35.79 38.58 38.02 39.46 34.31 37.77 39.41 39.44
SAM 0.06 0.05 002 0.02 003 002 003 002 004 003 002 0.02
SCC 022 031 028 028 018 026 028 029 022 029 026 028
UQI 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Image 5
SSIM 0.89 092 095 095 095 096 096 096 093 095 096 0.96
PSNR 28.99 29.89 34.23 34.59 33.62 35.14 35.65 35.46 31.87 33.25 35.67 35.25
SAM 0.09 008 005 005 005 0.04 004 004 006 005 0.04 0.04
SCC 026 034 031 033 025 032 034 033 026 033 031 032
uQ! 088 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

091 094 098 0.98
32.0 34.52 39.29 40.17
0.05 0.04 0.02 0.02
0.14 0.24 030 0.30
1.00 1.00 1.00 1.00

0.89 0.88 0.90 0.96 0.98
26.96 29.73 30.89 35.87 36.94
0.11 0.08 0.07 0.04 0.03
024 0.18 0.28 0.34 0.36
1.00 1.00 1.00 1.00
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