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Semi-supervised semantic segmentation based on Generative
Adversarial Networks for remote sensing images

LIU Yu-Xi"?, ZHANG Bo'?, WANG Bin'?
(1. Key Laboratory for Information Science of Electromagnetic Waves (MoE ), Fudan University, Shanghai
200433, China;

2. Research Center of Smart Networks and Systems, School of Information Science and Technology, Fudan

University, Shanghai 200433, China)

Abstract: Semantic segmentation of very high resolution (VHR) remote sensing images is one of the
hot topics in the field of remote sensing image processing. Traditional supervised segmentation meth-
ods demand a huge mass of labeled data while the labeling process is very consuming. To solve this
problem, a semi-supervised semantic segmentation method for VHR remote sensing images based on
Generative Adversarial Networks (GANs) is proposed, and only a few labeled samples are needed to
obtain pretty good segmentation results. A fully convolutional auxiliary adversarial network is added to
the segmentation network, conducing to keeping the consistency of labels in the segmentation results
of VHR remote sensing images. Furthermore, a novel adversarial loss with attention mechanism is pro-
posed in the paper in order to solve the problem of easy sample over-whelming during the updating pro-
cess of the segmentation network constrained by the discriminator when the segmentation results can
confuse the discriminator. The experimental results on ISPRS Vaihingen 2D Semantic Labeling Chal-
lenge Dataset show that the proposed method can greatly improve the segmentation accuracy of remote
sensing images compared with other state-of-the-art methods.

Key words: very high resolution remote sensing images, semantic segmentation, deep learning,
generative adversarial networks, loss function
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Fig. 1 The framework of Generative Adversarial Networks
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H1 T e 23 R e R A e B AN (R 2K ) sty
A8 R o3, OF HLRUG 0 25 8] 73 B R A B g,
X053 R 1 AT N SR B T DL R, FeAT A
— i 1 i ) 2 AR 2%, O P R AR T £
XTI 2 B o JIE BB g . AT HE TS
U5 SO B R 5 1 ) i R — A P TR T A R —
APRELE A B P R BB R R A
XF AR R mok A T o B4 Rk R IR .l
2 B — AR T, i T3 SRR
FEAE, B A PR B RS A 52 2R, M 2k — 28
BEIN T TP SO T A 1 . S R AT
FEE I 200 0 5] 0 246 ) i A1 PR AR S R B G T
FAT T A 3 A s 1) S 149 4] ) 1) 245 8 408 4 412 1) v 20
P AR T PEIAG Ry A8 DX I8 45 A R E DTG 3 5 ) 1
BT RIS ORI 2R, o 2] B0 o3 Fi A4 13 20
R BB H ) 3 AR o DAL, TR A g 2
i A S 531) ) 2% BEC o 5 T A e 0 R U A R
TS RIAE R bR A Sk

T T B SRR 0 >4 8% O 12k ) S B, DU B 7
TR FH 40 50 190 2 249 R 351 190 46 A 32 S0 77 1) ) i 7
HR G IR T 1) 0 2%, g v 0 AR e S ] o
) I 45 2 380 1) R A5 R AR S g L A B0 A 4%
b £ s 4 52 SURR A R SRy 5 (3) R B — T, A 53
25 AT RE M Rk A A R BRI —
WA, B i Al S B R i R R B X (5)
IR o SR MRS BT R, 1 15 BT 0 HI
285, ROU AT LS BRI ) 45 68 T o 45 A JRE I A 24
W R R rh, R R T R R 1S 2
IR EIEER AT EER R B R A L I e A
LR A28 SRR U L v U T iX — i 2 Y
Y Zrb , DT S B i85 0 3 228 S PR AR~ M B i
SCorE



43 RUFTER 45 T e WA M2 03 S R W BT S0 477

2.2 EFEBENRBENRLTENE
T 50 0 B 11 S FC R AR S N A
], A5 BRI 45 A1 26 5 2 SUIR IR AN, DRI, 4
YL F 78— 5 FEHE 4380 150 205 Xy A PR 1 A 38
SR R RENS TE R 43 28T, 33 S0 TE 1 432 10 785
BARE A R 23 (43 1 45 5 20 0o ) B8 1 A A AR
SR AL IR AR, 30 T 50 08 A0 3 O R, (0 50 R Y
S Bl 2k 25 51 5 () DR A 05 3 0 4% R e L 75
Bk LB IE . S T X — ), T 17E A=
(5) (19 JELHE X HLI S MO LRl -, 180 3 75y YE R AL
i, ARk T
Lo = =2, (1= D(S(X,))")”
- log (D(S(X,))™) . (7
A A T2 (5) MR B S L W T (1 -
D(S(X,)"™y ZH0, H H 7T 7 F158E 57 i 4
M 55 AR BRI 2 (D7 28 DA P (AL R, B T 52 30
BN KT E , 24 D(S(X,) BR AT, Y
G331 I 45 (1 43 0 45 S 1T L ok 2 ) B8 S 7 2R
A T LA — AN /N AL T 05 24 D (S (X)) e/
B, 4330 45 SN Bk 20 3 I 2, U0 kg DR MR A, PR
TR LA — AR AL TE R, H I, TSR A
T A T 1 o R R/ AR R 3t , R HERE
AR YA R U TG TR 48 T 56 T o B R A i 1
S, DT 8 730 531 8 22 B o 30 0 45 o i o
HOT BT 2R
T2, T4 LR TR g1 43 1) 160 26 45 4% R B R
FfF o

LS@E’ = LCE + )\adt‘L + AsemiLsemi ’ (8)

HAt L, o AR E@%#E%ﬁiﬁﬁﬂ@xﬂmﬁ
e L, RN L, A28 SUREAR % 1 E 38 o 2 WB it O, Xt
WA () FATR(6) A, FIA,, AR F s
B

B R I AN R
3 XWERSHN
3.

1 SLIGHE

7E ISPRS Vaihingen 2D i X bRic P& B 4 >
VAL T O R R R RE . B R L A PR
k9 JEUK B 1R 43 B AE S AR (TOP) B LA B AH N 1)
BFRMABAL(DSM) o, Bds 5 th A & 33 IR R
W 3 (a) i, B ER 0 R SE R 58 4 A R, Herp
16 g G4 T ol Tl i bR 25 (1, 3, 5, 7,
11, 13, 15, 17, 21, 23, 26, 28, 30, 32, 34, 37),
HA T EEG IR . T I Al SE 5, 06 A1

K SCHk 12-13 BRI 43 7 % K RN 2R b 128 (1,
3,11, 13, 15, 17, 21, 26, 28, 32, 34, 37) F{%4E
R AR S B I 2R AR R 4 IR EMR (5, 7, 23,
30 ME M UELE o AE S IR LA TOP $idE , B R
HILLLHh et =B B 3(b) Y
— I R G, 813 () Sy HOG I e b 28 ] R e 4]
&1 451] P £ 7S B (2% 1% Vaihingen 208 £ 405 B
by, 3l AN K R RS AR A
KA 5.

T SR G R e R, T A 26 25 3 3
WA ER I, HIL, 50k R 0 B R A )
4y R R A KNG L BT RN A 321
321, AR T EI A 100 MEE Y E S, FEN AR 1)
T, R T O S G AE R RN S DX
ReF A HB AR . AN 7 KR, & X
B 55 b = 321 = (a - (321 = 100) X (n — 1) = 100),
Horbra I Rs R0y EUR 9 n AR K o T RE R 43
HTEMEE, mE 4R (FEE 4R n=3), 1L
G N T 2D R LA ), AT B R
1938, 76 U 2k s ) B 4> B A7 Bl BIL B 45 A
i .

— Impervious surfaces

mm Building
= Low vegetation

mm Tree
= Car

mm Clutter/background

€3 ISPRS 2D Vaihingen 45 4Em & [&] (a) 238 B ,
fLE AT LLAN LG REROLIEELE , (b) 2 5 A 2 B REBIEIE , (o)
Xof I AR 2 B ] 461

Fig.3 Illustration of the ISPRS 2D Vaihingen Labeling datas-
et (a) the entire remote sensing image, including near-infrared,
red and green bands, (b) partial remote sensing image num-

bered 2, and (c) corresponding label map and its legend

3.2 WNERR

i FH 4= SR MERR K OA F F1-Score E R PEA 48
HATAL SCHITEE YA R o 42 R 28 OA FR7Rs
A HNBr IE A A 2558 5 SRR L EE , F1-Score 4 Preci-
sion Fll Recall B A28, s — 8 LR G455 .
TP TN . FP FIFN )5 AN 5 s



478 L1 BN 5 K U IR 39 %

= 100
321 — ) —

321

4 TGRSR

Fig. 4 Illustration of cropping the entire image

2 JEUER 2R OA 1 Fl-score YT A AT .

TP + TN
OA = , (9)
TP + TN + FP + FN

Fo=2- Precision - Recall C(10)

Precision + Recall

>N I:F'
TP
Precision = ———— , (11)
TP + FP
TP
Recall = (12)
TP + FN
FLSE
TR R
Positive Negative
i Positive TP FP
bl ]
18 Negative FN TN

K5 RIBHFER

Fig. 5 Illustration of confusion matrix

3.3 XIS

SEESFE Pytorch HEHE b A SRR I Ff NVID-
IA TITAN XP 4 54> GPU X85 780 #1791 25 , % GPU
H AT 12GB N AF o 43 &1 I 28 5k H1 3 T ResNet—
101 2" ) DeepLab—v2 #5722 fii ] 7 ImageNet £l
MSCCOCO %4 4 b Wl 25 i A EE Sk 4] 4k Ak 43 1) )
2% e /0 I G ] (4 [R] s R % 22 g o 0 4 1]
53 I 24 B 0 4 27 ) SR R 2. 5107, 2R H 3
0.9 BUE TN 107 (I BEALES L T F# (SGD) )
P J7 5, A FH KN 0.9 B poly 5 W HEAT B 5T .
A T 114 40 550 X % i 1) it 1) 4 45 BRI 286, 43Ry i
BB R R A M T L E STt a0 2L N
R 3x3 TR YRR 73 5 32,64 128, 0K 2,
A FUZ G M LeakyReLU 0706 PRZL ™ L3 i
ARLR A 5 A 45 2 B S X /i — 2 0 i R A el
U AE (1) 07 ¥ 04T B RAE SR 5 AT 6 TR
Vi HEBE 53590 0 64,32 1, BV R 4 0] 1538 55 3 51 (9 2%

TN NI i N = S P B e A S B | 22 P
250l R IR 2 2 R 10719 Adam fEALES . B
S TEIN R R B AL, EE 001,24, 0.1,
TN 0.2,y 0 1, XSS HH 1 B E 7 50
RSB HTC5 TP AT B

FEEAT 2 W B 2B B, I 242 v B AL 2 6 )
IO E B8] 11 32 R RS AR AR T AR AR A RS RE AR,
HAR A REAR OR B AR5 ) VB N o bR 28 R A S X
IR AT N 25 BEALGE B AT bR I 2R A T I A
L R M A 25 1R 5 00 SR R AE T BT
R 6% ol D00 28 27 > S B 45 X R AT T DA 4 45 )
FXF A EILE R, FESER B el A bR A
REA KT %1 9 4% Bt )11 25 5000 NG FR , RS il Ak
3 0 T 4% 0 5 53] T 4%, 21 25 20000 YR AG#E . St
G345 SEAT RN 2 00 B FE T AR AL 7E X
UYL, 2050 R0 26 i s 10 2 81 45 5 B SERR 25 4
FU LA — 2 158 4, DT RE RS AT R0 XoF 40 31 25 1)
ST
3.4 LIGHER
3.4.1 HEAKIE

R TR 56 T AR AR v (18 45 A AR B X 2 SR A
e AR TECER , FRATT 40 W AE A W B AN 2 W B 1 1
TFHATIH AR o X A R A 4y B A
4 (Baseline ) FF Uiy , KUK ZEASS Y A 84 i1 440 3 1) 44
TR 3l By X5 e 0 4% (+L,,,) R0 19 X6F it 4 2 (+
Lo o) » FFAH FH 2 8B B RE A FBR R HEA TN e T
XiF T T4 0 2 W R 7 I 25 3 A A (Base-
line ) B, FRATTAUAHE Bl AL A5 426 14 4L L 431 (174 01/
8) FHREAR B H X I A AR 2 o XS T RE NS T 47 Ml
5ol By ik R 25 R AEA TR EE, DA A B
T RE AT SR (B THRICR o 7E VI SRR U i 454 A
P (BB BT 45 (+L,,,) G A X P 2% (+
Loy ) FIVE T R 2 MBI (4L, L) ) RO 2P MBS
BEARUET bR 1 BE ML L A0 A B L ] (174 0 1/8) iR
AR K HRF bR 25 2 A1, VI 24 HAS G REAS (R A
PR gt BRI Zrb o FRATREAR [ o A5
TR FEA ) 28000 0 LI 25, BAK G 3 310 45 S 4
1w, NEITHPRHLEEERTUMSE T
g5E

D AEA W R R LR B, Bk i i 4 4
TR BB M 26 (+L,,,) 5 | AL 5 I Ew R 8 = T
2. 4%, P PSR T 3. 7% X 2m T iy
iy By X 0 4% R 015 27 2T B3 SR R A JR SR 45 F A



A KRR 2« HE T B XL I 10 P (01 U B % S50 47

B BT B 43 45 R B SR 4 R) 4 v B —
EX e NIIRVS S IEE S ek S L TR B U2 4 o
B o EZ R SO | N T TP S RS B = WA prist =)
PRI (+L,,, 0 B — 2 HE 8 T 2 0 25 21 UE
JUTHE R A XS B AT 2 B DG R X R RE A 1111 25 L BB
g 7 ) J31) ) 8% Ty 22 3 ) R 45 %) s 3 R v
R CEEAE

2) XTI FH 2 W 7 vk 1 SEMER 7Y ( Base-
line) , 24 JUr o FH %) 5 A 28 DI R AR L 4310 i 2 1), %oF
INE 19 4 0 A B R U R B 85, 3% (il FH ARk
A) TR 82. 0% (fifi FH 1/4 KEAS ) F179. 1% (ffi ] 1/8
FEZR) o 318 BH 6T A W B A AR ke 3, 1 FH ) A5 e
B AR R EE BT SR KR AU SRR 75 AR
P BN B 45 5 5 17 BT 4 s %) 356 1 A O e o £
B2 W B S BIASAY T LA K b 2% it X il T
FEABR 28 B WD 1 3 200 43 B 45 5 200 Ak n)
o a2 MBI B B (+L,,) , 5 FfER
JEAR B T RCOR IR E M B 7R V4 L IRt 4 T
4.2%, M7E 1/8 LLBImT & 75 1 5. 4% 2 % . Thifrde i
PIXFBLA R (4L, ) RN 3 07 M 401 2k (+
Loy L) XCHE— 2000038 1 43 IS5 OF BAT Y
FEASKRZE 1) A7 /)N e 82 A5 R BRI W, A 1/4 L
BB, BT 4R A X B R A A R ME R R AR T
0. 6%, F i W1 B R 32T T 0. 4% BYHERR =2 5 1M
16 1/8 FLBIRT , 35 05l 45 0 EI A SR AR T 1% Al
0.6% M #E . UL LUl B, BT 42 S0 B R B 42 58 43
FIHTCAR A T BT A & 15 2R el 43 511 45
3.4.2 WIEEZERIIEE

TESZE P FL AR T TR BB AL S5 7 A SR IR
SC A3 E v e O S 0 MR IR S A E R R SS-

®1 ARREERILHTEBIRARLEE

GAN "'Fll Semi-SegGAN "7 it 43 H 25 5 | LI ok 56 UF
AR SC T PR OB RS 0 A R0 . SSGAN 6T Al X%
P25, ffi D i A AR S REAOR A P R B 78
Bt A, AT SE B W B R 18 S 3] . Semi—Seg-
GAN D] JF i By b7 I 4% 4 XoF 4351 19X 4% 144 5 3 )7
) JE AT 29 5, I ] it O A 2 B A Sk it A7 5 B Il
g, NI ] SE i WoBHE Al B TR O ik
BN TR AL, T 2 o A R
U BHAEAE MR FE AR R I R . Ry T 4EFEXT L5256 1Y
NP AR S rp O AN [ AR AR 35 SR FH A (] 7 35 o
W 2%, BUASAL 55 2% - B ML 3% 1 DeepLab—v2, I ]
FHIF P FEAS (AL FE A bR B R A N JChR S REA ) 1A T
PlES

P2 IR T RIRIJ5 1 4 E B 2 1) 5 AT L
Al PLFE H, SSGAN U fE % 7 FL Al ) 4% (Baseline) |-
HEAT /N B TE T Semi—SegGAN FIAS SCHE IR fE
{1 L AE X 465 (Baseline ) 25 545 21 R B 0 k36 . 1
JT R 1) 33 3 7R B A O Hh RN T T e R
HLH , REASIE— 5 HE TH e 20 20 B JEE 3 P — K
TEBH, T4 A 0T B4t 2% R BB A8 A A5 22 ik 43 B 25
T B ] BAREAS 2o 20 B B AR LT 3 3
) 590 7 TG 1k XoF 0 ) I 4% G B T R AT A R A R Y
Jii]
3.4.3 ESEHW

FEAR /NS H FRATT 4 300 %ot 4 2 v 5 e ) i B ot
U AL A, 1 E 38 2 B R AL A,
BAE T, FIOHTAR 2 TR AU 6 55y (A ) A 32
AT, DN 2 536 14 S 800U

e, AR A S SR I e 56 Y Ky B R L,
SRIG I BE A o A M T, FEATERG, AR E =3

Table 1 Detailed performance comparison of each component with different proportions of labeled samples

FeRl Lt 451 Method Tmp Surf Building Low_veg Tree Car 0A Mean F1
el Baseline 86.3 9.6 70.7 85.6 69.9 85.3 81.0
W 1 +L,, 88.8 93.9 75.6 87.9 77.6 87.7 84.7
H +Lgs 89.0 9.1 75.6 88.0 78. 4 88.0 85.0

Baseline 83.0 90. 7 62.7 83.7 62.0 82.0 76. 4

+L,, 86.9 93.2 71.7 86. 8 74.9 86. 2 82.7

. " +Logs 87.8 93.8 73.2 87.3 75.0 86. 8 83.4
;:é Loy wu * Lo 87.8 93.9 73.8 87.4 76.2 87.2 83.8
= Baseline 80.0 87.9 60. 1 81.0 49.1 79.1 71.8
s +L,, 85.5 91.3 70.2 86.0 69.3 84.5 80. 5

+Logy 86. 4 92.1 71.6 86. 6 72.9 85.5 81.9

+Lge wn + Lo 86.7 92.1 74.2 87.0 73.1 86. 1 82.6
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Table 2 Accuracy comparison on validation dataset with other semi—supervised segmentation methods
e Method Imp Surf Building Low_veg Tree Car 0A Mean F1
Baseline 83.0 90. 7 62.7 83.7 62.0 82.0 76. 4
SSGAN!) 83.6 91.0 63.9 84.1 65.7 82.9 77.7
1 Semi-SegGAN!! 87.3 93.3 73.5 87.1 75.7 86.5 83. 4
KSR S 87.8 93.9 73.8 87.4 76.2 87.2 83.8
Baseline 80.0 87.9 60. 1 81.0 49.1 79.1 71.8
g SSGANL! 81.1 88.3 62.5 82.0 54.3 81.6 73.6
Semi-SegGAN!!7! 85.9 91.5 70. 8 86. 1 72.3 84.9 81.3
KSR 86.7 92.1 74.2 87.0 73.1 86. 1 82.6
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LKA T CAS_Y3'"“/fifi i PSPNet ™' [ 254 , VNU4
fdi Fl FCN-8s { 2% ', CASZX 1 3% JT] DeepLab—v3+75
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Table 3 Analysis on hyper—parameter A, A and T
A A T, OA Mean F1
0.01 0 N/A 85.5 81.9
0.01 0.01 0.2 85.6 82.0
0.01 0.1 0.2 86. 1 82.6
0.01 0.2 0.2 85.8 82.3
0.01 0.1 0.1 85.7 82.1
0.01 0.1 0.2 86. 1 82.6
0.01 0.1 0.3 85.9 82.4
0.001 0.1 0.2 85.4 81.8
0.01 0.1 0.2 86. 1 82.6
0.1 0.1 0.2 84.9 80.9




43 RUFTER 45 T e WA M2 03 S R W BT S0 481

x4 BSHEBUESH
Table 4 Analysis on hyper—parameter y

Y OA Mean F1
85.1 81.6
0.5 85.3 81.8
1 86. 1 82.6
2 85.5 82.0
5 85.5 81.8

QX 35 UE AR FNIN A v i A AR A O 5 A 48 ) ok
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Table 5 Accuracy comparison on test dataset among
the proposed method and other state—of—the—

art methods

Imp Low_ Mean
Building Tree Car  OA
Surf veg F1

Method

UpPB"! 87.5 89.3 77.3 85.8 77.1 85.1 83.4
ETH_C*»' 87.2  92.0 77.5 87.1 54.4 859 79.6
CAS_Y3!®) 89.6 91.5 82.0 88.3 68.4 87.8 84.0
ITC_B27) 90.1 93.5 82.1 88.3 77.1 88.4 86.2
VNU42) 91,2 93.6 81.5 88.5 77.7 89.0 86.5
CASZX127 91.3 93,9 81.9 88.3 77.6 89.0 86.6
UFMG_30 90.7 94.3 825 88.5 77.4 89.0 86.7
PO 92,7 95.1  84.3 89.4 86.2 90.6 89.5

4 Hg
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% &l , (c) UPB, (d) ETH C, (e) CAS_Y3, () ITC B2, (g)
VNU4, (h) CASZX1,(i) UFMG 3, (j) #2071

Fig. 6 Visual comparison of segmentation results among the

PEREHIL 57 1) 18 SR BT 15 S0 A

proposed method and other state-of-the-art models on test set:
(a) image for segmentation, (b) ground truth label map, (c)
UPB, (d) ETH_C, (e) CAS Y3, (f) ITC_B2 (g) VNU4, (h)
CASZX1, (i) UFMG 3, and (j) the proposed method
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