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Transformer Based Weakly—Supervised Semantic Segmentation of
Remote Sensing Images
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Abstract: A Transformer based end—to—end image level weakly supervised semantic segmentation network is proposed to address the complex
scene and high annotation cost of remote sensing image semantic segmentation tasks. The network first improves the accuracy and granularity of
the class activation map through a multi class label encoding module ; Then, the affinity pseudo label generation module is used to further re-
fine the representation of affinity relationships, generating high—precision affinity pseudo labels as segmentation supervision information,
thereby improving the ability of weakly supervised networks ; Simultaneously designing a mixed label data augmentation module to enhance the
composition of remote sensing data; Finally, a mixed loss function with fusion affinity loss is provided to enhance the learning performance of
the network. The experimental results on the ISAID dataset show that the model achieves an mloU of 38.836% in segmentation results using im-
age level labels, demonstrating better robustness and reliability compared to the control network. It has high application value in weakly super-
vised semantic segmentation of remote sensing images.
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Fig.1 Network architecture
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Fig.2 Structure of multi-class token encoding module
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Fig. 3 Initial tag encoding structure
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Fig. 6 Class activation mapping and affinity relationship diagram
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Fig.7 Structure of affinity pseudo—label generation module
BE7 SRAMAREEREREN
AP I RRR R E K RGBAF B ol RIRPRIER ;
o AR AR IR S8
N T R SR AL D AR A B R B — B, S R
TRAE EAZ R0 PG T AR BR B8 R HEAT B IE , [] I
A — AR A BB A SR . A

. exp(ki;,fl) B eXP[T(i,',kz)]
Z(w)ew(u.f)eXp(ki]g'”M) z(.x,;»)sN(i,j)eXp|:T(ika[):|
XNV (i) AR E A E A GLg) AR R A Lt

Pk BRI BN ES L.

(4)




. 204 - BT T

2024 4

SR I5 e FH 3% AR S M B BT R ZR AR 2 CAM, 55 ¢ IR 3%

RAFEN Ao RN
A= S kAl (s)
(k.1) e N(i.f)

22 AR AT G B A R AR A 18 256 O 2R PRI LR IR AN
AN N B B T A0 O AR A, T A
B bR . BAASRIE, 138 — A5 IR [R]85 /N
B A, it I3 40 A Db 28, 8 1 1 (E0H 4 Ak D b 2 X 23
5 1 5 X, BRI T i 8 R ) DX ST X O 1 98
S e 0 XK NS A, 7 F o1 3 2 2 75 L
A ARTE S, G SR SOMATR] , 78 238 R B PR b 28 ot g i
AL B VCE O IE 5 RS S i, A R e S R
(R

i 3 R AR B A i SR AR A A e H
AT L3 T 55 B RAAEAS 2 R HAR A2 RIS
B J5 53 T 55, #E— 20 58 R AN i T i 31 33 Y Trans-
former P2 T A , A7 R85 A ST 44 55 W B o SL 3381 1) 4%
1o #EIPERE
23 BAREHIEGEER

HEEGEAR BAT SN Jr 22 K KA 7 22/ B R BIE
[F] — 37 S5 PN EL A B R B 1R B e, T AN [R] 37 55 22 [
N EA—ER BRI . P, O T B I 2R 45 11
ZALRE ST, EE X BUAG 4325 2% A B 43 4T 55 Bsf 1 [ i
R BR AR B 0 TUATT AR 4 7 1 A0, R I 28 i A 1 U R AT IR
BARBE B S R A B2l 4 A3k B i R R A
PG AN 5 R Rl G 1) B IR B hn 2 r 3 s KR 26 .
8 iR, 78 1 L e B 4 5K B, BEHLER BT 4 4~ E{R
18 4 B - P J8C 5 I A PR AR [) S /N 8 B TR 6 s 25
PrE RIS

Fig. 8 Schematic of hybrid label splicing
B8 RAMEHETE
e IR A S A 23 S L AT R R PR
KGR A E/NEUR BT w, 76 T /NEHR B 0 he SR 58 I
BERLER DY , 300 XA F A A AR e AR
xk~u(0,]x—wk) (6)

v~ u(0.1, = hy) (7)

Xh:kell,2,3,4},

TER BT A R A bR S DF RS TR I, $2 BR PR &
T AR L 051 W 38 o 4 A 4 P 5 A e R i ) S AR 28 2 BT
MRS R RIARSE . RIDANXERR N

_ why,
W, = 11, (8)
L= > We (9)
kell,2,3,4}

T B HE PR e B BIL 28 % PR 1 — 3 43 X B =5
] BRI, 5 TREAEE B NS, L0 I 4 0 45
JE v ELAG B 55 00 1 B X I, 2 HE U B RRAE S A 4
TE B HA 28 5 W 2 i A5 B b 27 ) A R 1 AR
U BRI S T
2.4 RKEE

2% REOTT AT B M 45 1 2l I8 R A PR I AR, 2 )
B 0 TR SR SR, DT B b 405 B3OHE o AR SO R eR A
loss B I 4R K B L, RS L, R AR L. %
R

loss = ALy, + AyL + A5L,, (10)

b A IR T 3 28 03 SCHE A I 45 451 2% R KL
R FEEE 5 A, A IO 20501 DR e SR A DA AR 28 0 SR Gy
B0 SR A L SRR L, i SR AN AR S W SR A O
F = oy IR L, R 0 2893 58 SUIR % eR 6, 1253
IR 2R AR 2 L A IS5 R A

Oy SR L, AL PR 2 ISR Loss_one FIR B h
B ISP loss_batch . Fem N

L, = loss_one + loss_batch (1)

XF 22 2 SAR 1C G B 4 SR e AT 4 TR B B A LA
A2 BN I3 B class o 8RR 055 Wi B o BUE 55 b ME—T]
H BA EUR S E B o 702K loss_one LLEIR 2
1) FLABBRZE Llabel H 1% W5 20 538 class , FHA KRR N

loss_one(class, label) = —é *% (label*logsigmiod (class) (12)

+(1 = label)*logsigmiod(—class))
L B 1

logsigmiod(x) = log(il + ep(x) ) (13)

515K class 38 12 22 28 A5 10 G i 53 S 0t AT

HEAT 42 JRy e R A A 1, EHRIR A T R LG 48] W, AR 25 la-

bel FH IR G bR 25 B0HE B s LA 1l o loss_bateh B RN
KXh:

loss_batch = i (W[ K |*loss_one(class, label)) (14)

3 KWHESERSN

31 ZRRRESHILE

AR SR FREE A Ubuntu20.01.1 BIHAME R 48, R H CU-
DA11.2, NVIDIA GeForce RTX 3090 GPU, PyTorch1.9.0 f%
TR 27 2 REZR YN ZR 1 I R 2 A5 1Y S 36 D11 5 1 4t Ak 3



29 1

AEE, A4 . B5 T Transformer A48 B2 15 55 W BHE X 73]

© 205 -

RANHg 4 AT AdamW A A5 1 25 0 45, R 0 P9 115
0 0.01, R H SegFormer [ ImageNet—1k A5 5 /E by 1111 2k
WHEMATS B . W15 R BE O 5%107, I 25
20 000 %8 . X MR FEAIL 46 5% 0.5~2 1% BENL/K V- BHEE BEHL
RO R AT R A G 5
32 HIEES5IFNER

foff Y 28 JER AN 4 ISATD S0 3F JIr 2 I 45 ) 328 S AR 11 4
FIROR, ISAID S0 4540 & 15 40 2k 42, LA Ik 5 I Tl
SR S B AR R I T8 ISR RS RVRRAE 43 A 1Y

28 S AR AR A E o A SO T R G 25 Y B
R

R FH A0 R A 0 1% 28 HE B R (pixel Accuracy, pAcc) |
- 247 V3 2R (mean Accuracy , mAce) (F1 43 80(F1) 3¢ FF L
(Intersection over Union, IoU) 13948 3f: L. (mean Intersec-
tion over Union, mloU) Y K PFAl f8 45 . Horp, pAce Fon Tl
MRBEFBREERSHABRERSZH s mAce TR
SR 3R 10 P 2448 5 ToU 3R TIUIN A A EL 1 1) 22 4R 5 0F:
£ Z 1 s mloU K7 X 2% 2800 1Y ToU AHANSR -1 5 F1 A3 80k
K% 5 A BRI P FE 8 A

_ 2 X precision X recall

F1 (15)

precision + recall

P precision AMAEHH R, recall A B3R | 78 525 p
BRI
33 MRt BR%

ShE BH A ST B it 1 o X 46 REAT RCHE o I A8
MRINZRIE 2 B | [ 4 3 0 205 2R B AR 3R b T B 1 58
IEH L B H 5 £ B B R 4% RPNet' ™ | TransCAM'™ | Re-
CAM''S' [SEAM"'®) [ CONTA'"™, L K 81 [y B 19 2% ToCol '™ |
AFAMVEE 7 RS TR 32 3000 35 T VR B b 28 19 445 1) 55 Wi O
SUyEI AT HL A

=RPNet = TransCAM ®=ReCAM ®&SEAM

33.1 EEHH

F 1AM YK 7 Bt B 9 45 A B PR 40 ) A S
EEBL L. AT LA AR SO 4 A Dl 43 B HERD Y pAce
& b5 15 86.411% . F1 458 A5 ik 49.768% . mloU 1§ 5 i
35.499% , Horh mloU [ RPNet M 2% &t 4.961%, H ReCAM
= iH 1.961%, Lt SEAM 2% 155 ) 4.877%, Lt CONTA [ 45 5
i 3.259%, Fb ToCo W 45 i i1 3.838%, Lt AFA W 4% & i
4.297%. H R A SC W 4% () mloU Eb TransCAM [ 2% fIK
1.016% , {H TransCAM [ 2% £ 25 432 W 45 11 25 431 0 25 )1|
YLLK R A E 3 AN B, iR B ELRE R A S 4%
R 3 SRS sf () B, 28R

Table 1 Comparison of various indicators of pseudo segmentation

mask
F1 HHEEBEERLLE

ﬁ‘éﬂ Mgﬁ pAcc F1 mloU
RPNet 77.654 44.153 30.538
TransCAM 87.434 51.111 36.515
Z M B ReCAM 85.448 47.366 33.538
SEAM 79.243 43.597 30.622
CONTA 86.160 46.016 32.240
ToCo 88.427 45.500 31.661

R
AFA 66.975 44.937 31.202
AR 24 86.411 49.768 35.499

X die 2 4y F 45 b B A 0 16 2803 #) H AR R AT 48
T, B9 A SO 2 5 Z2 I B I 46 26 1A 16 28 H A 43 #1145
TR, 10 A ST 268 5 B B 26 28 L) 16 28 H bk
SRR . LU AR SO 2% g 2 03 I 45 R 1Y
mloU i% 3] 38.836% , %f “basketball-court” 1 “baseball-dia-
mond” &5 (1) e 4 73 B 45 R 3031 14 5] 53.6529% F1158.491%,
X “soccer—ball~field” 2 1] () 73 1 45 % 15 ] 60.186% , X
“large—vehicle” 2% 51| 14 43 %1 25 S 8 2k Al B A %) JIEE IR 4%
FEH A SCIN 26 %o 1 S A5 R H AR I 23 FIROCR B8

CONTA = ours

100
90
80
£ 70
2
E 60
=50
s
X 40
§30
20 I ‘
" M ” il
. b ! ] Bl
J > < > & & - > & % > 5 QO
FESTEFL T S LSS TSI E S
& & & A §F & &£ & $ Sl
¢ & N 5 ' N 0 >
6?\ Q&\ & \q’& @&‘ %&\ S8 ) \&@ ~$
o & S ° o
¥ $
ESllES

Fig. 9 Segmentation results of various objects in multi—stage network
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Fig. 10 Segmentation results of various objects in end—to—end network
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Fig. 13 mloU of segmentation results generated by different loss weights
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