A Comparative Analysis of CNN-based Deep Learning Models
for Semantic Segmentation of PolSAR data
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The advent of Deep Learning models for computer vision problems has opened
the floodgates of opportunities. The same deep learning models have been highly
effective in solving many challenges in the field of remote sensing and
geoinformatics[1]. Earth’s ecology is undergoing tremendous changes every day and
this mandates the continuous monitoring of the Earth’s ecosystem. It is an important
task since it allows the government and other responsible bodies to take a planned set
of actions that allow them to overcome the challenges being faced due to climate
change and the natural hazards arising out of it. Remote sensing data is highly
effective in monitoring the Earth’s ecology by providing accurate Land Use Land
Cover maps through high-resolution data. One of the major challenges faced by the
remote sensing research community is the unavailability of open-source high-
resolution PoISAR data with ground truth. This work aims at comparing the semantic
segmentation results of multiple deep learning models. The results are also compared
by varying the backbone network used in the different deep learning models to get a
clear understanding of which combination works the best and why. Similar work by
Yuan et. al. [2] shows that the DenseNetl69 performs the best. The initial
comparative results between FPN[3], UNET[4], and DeeplabV3+[5] on the L band
Uninhabited Ariel Vehicle Synthetic Aperture Radar (UAVSAR) dataset of the
Houston region in the USA show that the DeeplabV3+ outperforms the FPN and
UNET models with Xception as a backbone. However, it is noteworthy that different
models are sensitive to different classes in the PoISAR imagery.

As it can be observed from figure 1, the regions enclosed by black boxes A and
B highlight that the DeeplabV3+ (figure 1e) correctly distinguishes the field from the
forest while both FPN (figure 1¢) and UNET (figure 1d) wrongly identify the field as
forest region.
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Fig. 1 (a) Google Earth image of test patch for Ground Truth (b) False color composite of
UAVSAR image of a part of Houston City, Texas (USA) and the corresponding image segmentation
results for (c) FPN, (d) UNET, and (e) DeepLabv3+ respectively.

Puc. 1 (a) Hzo0pasicenue Google Earth mecmosozo yuacmrka onsi Ground Truth (6)
Komnosuyus 6 uckyccmeaennwvix ysemax uzoopasxcenus BIL/IA vacmu Xorocmon-Cumu, wmam
Texac (CLLIA) u coomsemcmeyiowue pe3yibmamol cecmenmayuu uzoopaxcenus ois (8) FPN, (2)
UNET u (e) DeepLabv3+ coomeemcmeeHHo.

1 (a) Ground Truth J## T H Google Earth 521% (b) F&[E{Z /] k-5 ify 5 77
UAVSAR s R HIRAZ G IR LK (c) FPN BIHIERZ R #1758, (d) 71/7) 7% UNET Fli( e)
DeepLabv3+.

However, in the case of the water class, UNET has correctly identified the water
as bounded by the black box C whereas FPN and DeeplabV3+ failed to identify the
same. It is also to be observed that all the models have correctly classified the
oriented urban targets bounded by boxes D and E, which appear in green color in the
decomposed false-color composite image due to the diffused type of scattering
coming from the oriented urban targets as observed in figure 1b. The overall accuracy
of FPN, UNET, and DeeplabV3+ is 84.62%, 86.52%, and 87.78% respectively. This
accuracy can be further enhanced by varying the backbone network and also by
training the models from scratch instead of relying on the transfer learning method.
The only problem with training a model from scratch is that too large a dataset is
required and the creation of a dataset is a very time-consuming and laborious task
that requires domain experts. Generally, the improvement in the accuracy achieved by
deploying extra computational power is not worth the time and resources consumed
and it is better to go with the transfer learning approach.
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[TosiBnenue Moxenei rrybokoro oOy4eHus Jisl perieHus 3aa4 KOMIIbIOTEPHOTO
3peHUsl OTKPBLIO MUTI03bI BOBMOKHOCTEH. OJTHU U T€ K€ MOJIETU TIIyOOKOT0 00yUYeHUs
oKa3anuch BechbMa J(PGEKTUBHBIMH TPU PEHICHHH MHOTUX 3a7ad B 00JacTu
JTUCTAHIIMOHHOTO 30HAUpOBaHUST U reouHdpopmatuku [1]. Oxomorus 3emiun
MPETEepPIIeBACT OTPOMHBIC M3MEHEHHS KaXAbld J€Hb, U 3TO TpeOyeT MOCTOSHHOTO
MOHUTOPHUHIA 3KOCHUCTEMBI 3eMJIM. DTO Ba)KHas 3ajJiaya, MOCKOJbKY OHa IMO3BOJISET
MPAaBUTEIILCTBY U JPYTUM OTBETCTBEHHBIM OpPraHam MPEAIPUHATH 3aIJIaHUPOBAHHBIN
HAa0Op JAEWCTBHUIl, KOTOpbIE MNO3BOJST UM MPEOJOJETh MPOOJIEMBI, C KOTOPBIMU
CTaJIKMBAIOTCS M3-32 U3MEHECHUS KJIMMaTa U CBA3aHHBIX C HUM CTUXUNHBIX OCICTBUM.
JlaHHbIE AMCTAHIIMOHHOTO 30HAUPOBaHUS O4YeHb A(H(PEKTUBHBI JJII MOHUTOPHUHTA
HKOJIOTUM 3E€MIIM, MOCKOJIbKY MPEJOCTABISIOT TOYHBIE KapThl 3€MJICTIONIb30BAHUS U
PACTUTENBHOTO IMOKpPOBAa HA OCHOBE JIaHHBIX BBICOKOro paspeuieHus. OpHoOW U3
OCHOBHBIX NMPOOJIEM, C KOTOPHIMHU CTAJIKMBAETCSl MCCIIEOBATENHCKOE COOOIECTBO B
o0JacTH JUCTAHIIMOHHOTO 30HJUPOBAHMUSI, SIBISETCS HEJOCTYMHOCTh OTKPBITHIX
naHHbIX POISAR ¢ BbicOKuM paspernieHneM u noctoBepHou umHbopmanmen. Llensio
TOW pabOThl SIBISIETCS CpaBHEHUE PE3YJIbTaTOB CEMAaHTHYECKOW CEerMEHTalluu
HECKOJIbKUX MOJIeNiel TIyOoKoro oO0ydenusi. Pe3ynbTarsl Takke CpaBHUBAIOTCS ITyTEM
W3MEHCHHSI MaruCTPaJIbHOW CETH, MUCIOIB3YEMOUN B PA3IMUHBIX MOJEISIX TITyOOKOTO
oOydeHusi, YTOOBbI MOJYYUTh YETKOE MPEJCTABICHUE O TOM, Kakas KOMOWHAaIus
paboTaeT Jyulle Bcero u nouemy. AHajgoruunasi pabora Yuan et. an. [2] moka3bIBaer,
yro DenseNetl69 paboraer nyume Bcero. llepBoHayanbHble CpaBHUTEIbHbBIE
pesynbratel Mexay FPN[3], UNET[4] u DeeplabV3+[5] B HaOope maHHBIX
HeoOutaemoro panapa Ariel ¢ cunresupoBanHod aneptypoil (UAVSAR) L-
nuana3oHa B pernone XbtocToH B CIIIA noka3zeiBatot, yto DeeplabV3+ npeBocxonut
FPN u UNET. monenu ¢ Xception B kauecTBe OCHOBBI. OfHAKO NMPUMEUYaTeIbHO, YTO
pa3Hble MOJIEIN YyBCTBUTEIbHBI K Pa3HBIM Kiaccam n3oopaxenuit PoISAR.

Kak BugHO u3 pucyska 1, 061acTu, 3aKII0U€HHBIE B YEPHBIE MPSMOYTOIBHUKA A
u B, nmomuepkuBart, yto DeeplabV3+ (pucyHok le) mpaBuUiIbHO OTIAMYAET TMOJIE OT
neca, B To Bpems kak FPN (pucynok 1c) m UNET (pucynok 1d) ommbGouno
UACHTUDUIIUPYIOT TIOJIe. KaK JIeCHOW peruoH. OpHAKO B Ciydae C KJIACCOM BOJIBI
UNET npaBuIbHO ONpPEAENN, YTO BOAA OIPaHUYEHA YEepHBIM AmuKoM C, Toraa Kak
FPN u DeeplabV3+ nHe cMormu 310 uaeHTU(GUIHPOBaTh. TakxKe CleqyeT OTMETHUTD,
YTO BCE MOZENIN MPABUIBHO KJIACCU(DPHUIIMPOBATIN OPUEHTUPOBAHHBIE TOPOJICKUE 1IEIIH,
OorpaHUYEHHbIC MPsMOyToJibHUKaMu D u E, KoTopbie 0TOOpaxaroTcs 3eJIeHBIM [IBETOM
Ha pa3JIOKEHHOM COCTaBHOM HW300paK€HHM B HUCKYCCTBEHHBIX I[BETaX M3-3a
i dy3HOro THMa paccesHusl, UCXOIAIEr0 OT OPUEHTUPOBAHHBIX TOPOJICKUX HEIeH.
KaKk Moka3aHo Ha pucyHke lb. OOmas tounocth FPN, UNET u DeeplabV3+
cocrasisieT 84,62%, 86,52% u 87,78% COOTBETCTBEHHO. DTy TOYHOCTh MOKHO €III€
0O0JIbIIIE TTOBBICUTH, H3MEHUB MaruCTPAIbHYIO CETh, a TAK)Ke 00y4YHMB MOJEIU C HYJIS
BMECTO TOTO, YTOOBI MOJIararbCsi Ha METOA TpaHchepHoro oOyueHusi. EnuHcTBeHHas
npoliiemMa ¢ 00ydeHuEM MOJICTH C HYJISl 3aKII0YAETCsI B TOM, YTO TPEOyeTCs CIUIITKOM
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OonbiIol HAOOp JAaHHBIX, a CO3JaHUE HAaOOpa JMaHHBIX — OYCHb TPYJOEMKas M
TpylOeMKas 3aja4a, TpeOyromas 3KCIEPTOB B MpeaMeTHoM obiactu. Kak mpaBwmiio,
MOBBIIIICHUE TOYHOCTH, JOCTHTAeMOE 3a CUeT HCIIOIb30BaHMS JIOTIOJTHUTEIBHBIX
BBIYUCIIUTEIBHBIX MOIIHOCTEH, HE CTOMUT 3aTpadeHHBIX BPEMEHH W PECYypCOB, H
JydIlle UCIIOIB30BaTh MOAXO0I TpaHC(PEPHOTO OOyUCHHS.
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