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Abstract: Objective The success of deep learning models typically relies on supervised training with large amounts of
high-quality annotated data. However, in the task of semantic segmentation for remote sensing images, obtaining pixel-

level annotations is a process known to be complex, time-consuming, and demanding of professional expertise, leading to a
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significant scarcity of labeled data in practical applications. This dependence on extensive annotation has become a critical
bottleneck restricting further improvements in model performance and hindering practical deployment. Within this context,
semi-supervised semantic segmentation methods have emerged as a promising alternative. These methods leverage specific
learning mechanisms, such as consistency regularization and pseudo-labeling, to fully exploit large quantities of readily
available unlabeled data. The goal is to significantly reduce reliance on expensive manual annotations while effectively
enhancing the model’s segmentation accuracy and generalization capability. Consequently, semi-supervised learning pro-
vides a feasible solution to the problem of annotation scarcity in remote sensing, demonstrating considerable application
potential in key areas such as urban planning and precision agriculture. Despite their advantages, many existing semi-
supervised methods focus on complex training strategies to extract information from unlabeled data but often fail to
adequately account for the complex spatial layouts and inherent structural features of remote sensing imagery. This defi-
ciency can result in a degree of confusion between different categorical features within the learned feature space , which ulti-
mately limits the efficiency of unlabeled data utilization and compromises the model’s ability to discriminate fine boundaries
between land cover features. To overcome these limitations, a Boundary-Guided and Shape-Aware Semi-Supervised Seman-
tic Segmentation Net(BS*-Net) is proposed in this study. The proposed model aims to optimize the quality of pseudo-labels
and enhance the utilization of unlabeled data by explicitly integrating geometric constraints. It is anticipated that this
approach will improve feature discrimination and boundary precision, thereby leading to enhanced overall performance in
semi-supervised semantic segmentation of remote sensing images. Methods This study proposes a semi-supervised method
that leverages ResNet as its backbone network. The core innovation involves using correlation information to integrate edge
geometric constraints and a dynamic threshold mechanism, thereby enhancing pseudo-label quality. Firstly, considering
that pixels do not exist independently, but have inherent connections. Generally speaking, pixels with similar semantics
have higher values in the correlation matrix. Based on this, this study designed a Shape Extraction Module (SEM). By cal-
culating the inter-pixel correlation matrix, the SEM module explicitly simulates local geometric relationships, enabling
structured refinement of initial pseudo-labels. This process effectively corrected the problem of low confidence correct pre-
dictions being ignored due to confidence screening strategies, improved the utilization of pseudo-labels, and provided more
reliable supervision signals for subsequent learning of the model. Secondly, an edge collaboration module (ECM) was
designed to address the issue of spatial details and edge information loss caused by down sampling in boundary regions.
This module adopts Canny edge detector as an auxiliary optimization mechanism, injecting explicit geometric priors layer
by layer by extracting high confidence contours. The resulting edge response guides the spatial distribution of the feature
map during the training process, significantly improving the accuracy of boundary segmentation and structural integrity.
Finally, a three-stage threshold adjustment module (TAM) was developed to mitigate category bias caused by class imbal-
ance. This function autonomously adjusts the pseudo-label threshold for each category based on its average prediction confi-
dence, enabling a more balanced filtering strategy across categories. By integrating these strategies, the proposed network
achieves precise and structurally coherent segmentation of remote sensing images. Result We evaluate BS’-Net using three
publicly available labeled datasets (Potsdam, Vaihingen and LoveDA). The Experimental results demonstrate its strong
performance in semantic segmentation, particularly under limited labeled data. With only 1/4 of the labeled data, BS’-Net
achieves an mloU of 83. 43% on Potsdam, 75.51% on Vaihingen and 51. 88% on LoveDA, surpassing existing advanced
methods by 1.28%, 1.01% and 2. 72%. When the labeled data is further reduced to 1/8, it achieves 82.95% mloU on
Potsdam, 74.70% on Vaihingen and 51. 66% on LoveDA, outperforming existing methods by margins of 3. 02%, 2. 12%
and 3. 26%, respectively. Conclusion This article proposes a boundary-guided and shape-aware Semi-Supervised Semantic
Segmentation Network (BS>-Net) with shape perception and boundary enhancement capabilities by structurally modeling
the spatial relationships between pixels and integrating edge geometric constraints and dynamic threshold mechanisms. The
experimental results on three publicly available remote sensing datasets show that BS*-Net can effectively utilize unlabeled
data and exhibits superior segmentation performance when trained with different numbers of labeled data. The visualization
results further demonstrate that this method can still maintain clear ground boundaries and consistent region segmentation
effects in complex scenes. This study provides an effective solution to reduce the model’s dependence on annotated data,

which has positive significance for promoting intelligent interpretation of remote sensing images.
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Fig. 1  The overall network structure diagram of the method in this article
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Bic & 515K NVIDIA 140 &, {# FH Python 3. 615 7 I
PyTorch 1. 7 UREE22 T HESE

M 452K ] ResNet-101, Yl 25 i il Fi BE AL RS
i R %551 (stochastic gradient descent, SGD) , #1] i
2] RN 0. 0L, KU FEI A le-4, R g ity
0. 9 1Y% > Hem o YNGR AR /INEh 4, Bl 2R %L
BEE M 200, B B 1o A 9 5% 5% g v 13 DX [R5
[0.4,0.8].

BG4 — 305 2 512x512, 85T B H N 256
B2 W, Vaihingen B3 83045 21 406 7K U1 25 K]
B AN SR 18 AEA AR 53, WA bR&E s
A 515K, TChREREA R 355 7K ; Potsdam £ 42 3t
el 6144 sKINZRIEG . AR I ZREE T 1/8 AT A A5
Sy WA FRBEFEAR 768 1K , TThR&FEA R 5376
5K 5 LoveDA K4 2 O 5 UG K/ 10241024, 3%
2522 5K IR o A A5 DN ZREE T 1/8 FAEAT bn 21
g3 WA ARZEREAS g 315 5K , TChREEHEAR N 2207 5.

R R A R A RIVERE AT 5T P S SR Y
% H F1 4058 (F1 score, F1) | B A #E 5 32 (overall
accuracy, OA) F1F- 4 52 3f: . (mean intersection over
union, mloU) #E17 & 1A
2.3 XfEESRI

R 9 1iE BS>-Net {47 %0V, A< B 5% 7E Potsdam |
Vaihingen Fl LoveDA ¥4l 4 I 5 241> 211 i 92
B T SO RO AT X b, AL 45 ST++ (Yang
% 2022) \U2PL(Wang %% 2022) . UniMatch ( Yang %,
2023) .UNetFormer(Wang % 2022) \ECAE (Wang 5 ,
2023) . CorrMatch (Sun % , 2023) . HARC (Luo %
2024 ) Lk J PGNet (prior information guided net) (Gan
45,2025).
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(a) J5il¥ (¢) CorrMatch (d) HARC

(e) PGNet (g) ECAE
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(f) U2PL

(hy ATk

i
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s AN K T

((a) original images (b)1abels; (¢) CorrMatch; (d)HARC; (e) PGNet; (f) U2PL; (g) ECAE; (h) ours)
4 AR5 EAE Potsdam Biia 5 b 14 vl Ak 25

Fig. 4  Visualization results of different methods on the Potsdam dataset
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Table 1 Performance comparison of different methods on the Potsdam dataset
F1
AR REAEL Trik mF1 0A mloU
ABEKE R R Rk fR

HZk 89.49 93.93 82.25 82.49 87.13 87.06 87.64 77.36

UniMatch 90.52 95.44 84.86 83.39 86.48 88.14 89.11 79.07

UNetFormer 88.96 93.76 80.42 81.37 89.32 86.76 85.97 77.79

ST++ 89.35 93.92 80.98 81.82 89.52 87.12 85.65 77.53

U2PL 90.57 95.03 84.21 83.68 87.81 88.26 88.96 79.25

e ECAE 91.58 96.32 81.93 82.53 88.39 88.15 89.84 78.68

CorrMatch 9243 96.30 85.38 85.52 90.49 90.04 90.59 82.10

PGNet 89.00 95.80 83.21 84.32 90.18 88.50 87.13 79.22

HARC 89.41 93.23 82.95 85.26 91.16 88.40 87.19 79.42

BS°-Net 92.94 96.80 86.16 86.21 91.94 90.81 91.18 83.43

Fetk 88.51 93.27 82.45 80.30 87.10 86.33 86.70 76.23

UniMatch 86.53 93.82 86.01 81.09 86.43 86.77 85.84 78.24

UNetFormer 88.60 92.73 78.29 81.63 88.37 85.92 84.72 75.97

ST++ 87.50 92.45 79.79 81.42 88.49 85.93 84.39 75.63

U2PL 89.69 94.40 84.11 83.14 87.10 87.69 88.37 78.31

v ECAE 91.33 95.93 79.76 82.00 87.41 87.29 89.51 77.94

CorrMatch 90.89 94.77 84.81 84.40 88.66 88.71 89.31 79.93

PGNet 88.60 93.26 81.25 82.54 89.14 86.96 85.51 77.13

HARC 89.27 93.05 81.74 83.55 90.71 87.66 85.72 7830

BS°-Net 92.68 96.75 85.90 86.11 91.16 90.52 91.00 82.95

I TR R RSN R AT < R SR 4 5

PRI AR AT SR 0 U0 UL AP S sy 12265 IR P 2 B R R B T 3. 93%. i BB

8 T

2) M. ANFJTIEAE Vaihingen $0454E
MO BEE R ANER 2 B 7R FEANAE F 174 4 bR 28 4500 1Y)
10T, BS-Net #£ mloU 48 b1 ik £ 75. 51%, & F
ARELAY 0. 87%, 4bRidE LLlE— L R 2 1/8 1,
H mloU ik 5] 74. 70% , X F U A AR 18 fg 43 516 115 4
PRE2.12%, X—EHRY] PSS BAREE  htR
ZEME PR B 5T, BS-Net 5l AR AR 5
1S IR R A R L AR ISR R R A R Y
RN

MEARVERER , BS’-Net /£ mIoU .OA 5 mF1 #5845
B A ol A B AR A 2 R, AR R
ANRUEE SEFTE M 200 DR . FE 1 BRIE L

TR BRI LR BE A AR B A B T P 2 408 AT S5 4G
bR 3G T S A R U 2 SR AL T AR H AR
AR BTSSR, W R R s T/ H ARy
B 120 5 14 233 B

{EAFTE R MR, BS’-Net 78 “ (R AR HE B F1 B A
R FURFRMEARBRAL . FATI L FIERSE S
XFFAT KLU A T LRI 58 1 -5 A A R SO A 8. R
T, HEL BB 2 ) 14 A3 At S A o R B R e 2R L i
S TLAAT 14 L2 AT FR) AR A X T2 AR S 6 17 4555
MHZ T, U2PL &85 il it 0 He oy >, e AR R AR
23 (6] VR Z AT 20 B4 BEAR , 6 S A X
SMUAR MBI R AR R R X BE ST o SR, X
b THRAE 7 I 4 ) DL AR ML, FEAR BE H AR B L
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SSS
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((a) original images (b)1abels; (¢) CorrMatch; (d)HARC; (e) PGNet; (f) U2PL; (g) ECAE;(h) ours)
5  AIFAH¥ELE Vaihingen B4 4E )l M4k 4h

Fig. 5 Visualization results of different methods on the Vaihingen dataset
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2.72% BE—2E 1, 246 AR 2SI ke AR 2 1/8
i}, mloU &. Frik B T 51.66%, & T Ik
3.26%;

5 H A AR [, BSS-Net 728 (AR i 15 S0
BorE BRI BE . WL BRI BS
-Net 75 P 20 AN [A) 45 bR 2 HEAS Bl T 19 mIoU 34457
H) 58— IR mF 1 FE AR is 2] T fem AKF . 7EE
IS -, BS®-Net 75 (57 (I8 1 /K (AR Ak 3t 2
TN E S T AR FIROR R K i
5 b I A1) L 4 R A A, 5 S R A AR S )
W EE S E AR R A RE Ty . 5 IR T
It , BS®-Net 75 P 2H 55 % 7 (19 mloU 43 il #& F+ T
5.55% 7. 58% , Wil T o | AR A skt ; Bl
5 Y[ R BT B HARC J7 A L, BS-Net 7E 24X

Febn A RFFSE, S — AR T H e g T .
(B B AR 2 FE AR ARCRI ST M S5 2 500 I, AR5 Fir 41
H AR HAT A $E T 23 8] 3XH B T AR R R 1 AR 4k
Ji Il

SRS SR A5 R IESE T BSP-Net MY
FEREAR S B JE - SR, T FLAE — 2L B 1 )
) b 2 TR o R FIRE 1. BSS-Net (134
PRBE G B TT R A RIS I 2 A Ak 1 18 JER 3 s BT 4T
% HA—E M B .
2.4 HEEEIE
2.4.1 AR

ARHFFETE Vaihingen B0IR4E TR 1/4 B FRZ50
PEIEATIH AL . fE FELRBIR LRl b B A5 A
TEARAE BB (SEM) L3 B [ A H (ECM) A J =
B B B (E JH B e (TAM) |, FE ] mIoU 1 N PEA FE
P oA 0 UE 25 B (A 2550 o

AL g e A R R 4 s v T FROR
BN TZALERL 25 AR RIS INZ AL

X% 4 g FEIEAT AT T 1) AR 4 1k
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Table 2 Performance comparison of different methods on the Vaihingen dataset

HIREREALL Tk - mF1 0A mloU
ANFKIE I R MR fRi:R

etk 86.55 90.36 84.95 74.69 65.99 80.51 84.54 68.28

UniMatch 86.39 90.65 83.49 75.23 66.95 80.54 84.17 68.24

UNetFormer 89.03 91.94 78.61 84.69 80.06 84.87 85.81 74.64

ST++ 88.74 92.74 79.17 84.92 80.22 85.16 86.16 74.50

U2PL 89.11 92.92 86.44 78.02 77.55 84.81 87.04 74.11

e ECAE 86.42 91.64 74.89 84.99 76.95 82.98 84.64 71.39

CorrMatch 87.98 92.76 85.80 78.39 73.84 83.75 86.47 72.63

PGNet 87.57 91.47 79.01 83.93 79.94 84.39 85.48 74.34

HARC 88.08 91.54 78.20 84.55 75.82 83.64 85.21 72.32

BS’-Net 89.04 93.88 86.31 79.05 80.61 85.78 87.44 75.51

SEk 85.54 88.90 84.56 72.81 70.19 80.40 83.50 67.87

UniMatch 85.80 90.44 84.14 74.03 66.62 80.20 83.90 67.80

UNetFormer 85.82 89.34 74.17 82.09 74.17 81.11 80.79 70.16

ST++ 86.83 90.92 74.85 81.87 75.62 82.02 83.55 70.03

U2PL 88.65 92.29 86.02 76.97 74.65 83.72 86.42 72.58

v ECAE 86.71 90.79 74.53 83.58 71.31 81.38 83.49 69.26

CorrMatch 88.37 92.96 85.65 77.10 73.44 83.50 86.40 72.34

PGNet 87.30 91.19 77.57 81.87 78.29 83.24 84.45 72.14

HARC 86.13 91.79 74.09 82.84 71.77 81.32 80.87 68.07

BS°-Net 89.31 93.55 8591 7771 79.55 85.21 86.94 7470

TE IR SRR B I AR R s RR B IR A5

DR BA H o\ SR ERAMAIEN  $#TF, BACRIE T2 B gl i ] . o, Baseline

B2 (R 2 KA AR, H et X AR | T B 25 A TR R )
Hb R AR A IR PR A BB 0, DT e 70 R 235 SR Y 285
g 52 8k 5 23 0] i 2% . Baseline + ECM #4 Base-
line & FF 8. 07%, 3 W1 /1 5% 6 45 AB A% 0 28 44 o 5 /R
X E AR SR FNEE T, DT B o PR b 2 A ) A
JE A P BT A, B T 30 A A3 R I B RE 5 0 R
Baseline + TAM 4] It Baseline B3 T 5. 31% (1) 14 fiE
PET, 2 W] Bl 2 B {181 R SR W i I 3 17 i % P HE R
A RO W RS BRI, DT B T DA AR 2 1Y BT
. LRERE BRG] A AT S TSR oy
HEIPERE Bk T HAR TR A R

2) B[] A7 7E P [ 38 5 2L N . 7F Baseline +
SEM [ 3Eath I, 51 A ECM % TAM Y685 R4 /1M 6k

+ SEM + ECM A G I HECN I . X R SEM 5
ECM 76 2 Wi B I FRfe Z2 v B B 1) B AME . B
PSR, SEM 3 2 4248 158 38 (8] B AH G M dE BB AR5
SRR DI P 1 SC S0 5 1 ECM A Canny 55
R SR GUE. i (IS RO GUE L8 e PN
FIRHE T A —E A FRE T . AT SR T
“RRTEAR” BT AR S S A SR T S A
(L2950, B lUE Ab . EVIZRad B rh  ECM
15 B 30 FURFIE A Bl A B AR 0 S A X
B, SEM BT AR — B AR BN REAS IE DA FR 25 1Y 2544
B ZE PR AN RS, T 25 10 {E IR A L
oI5 FH T MBI 25, 4 s R R AE SR AR PR W27 ) T
WERA IR 5 3 2R R AE , DT #E 52 250 AN 45 4 —
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# 3 AEFHZEFE LoveDA HIEE FHIERELLE

Table 3 Performance comparison of different methods on the LoveDA dataset

HIREREALL i o mF1 mloU
HR IR TH KA Fic b FON Hith
Heek 67.23 69.55 65.46 79.04 38.19 54.49 62.35 62.33 46.33
UniMatch 65.90 75.15 65.65 72.36 39.45 52.84 64.54 62.13 46.17
U2PL 68.92  69.39  67.52 7934 2830 5524 6477 6193 4742
" CorrMatch 67.97 62.70 68.99 80.69 50.21 52.72 65.41 64.10 47.91
HARC 69.52 74.49 69.95 77.72 40.95 59.72 65.38 65.39 49.16
BS*-Net 6765 7645 7069 8263 4287 5415 7553 6714  51.88
Fek 65.68 66.44 62.14 76.11 39.79 53.97 59.02 60.48 44.08
UniMatch 66.61 72.97 64.71 74.21 40.03 51.48 65.58 62.23 45.98
U2PL 67.94  69.66  69.65 7246 4549  56.68 6833 6432  47.00
s CorrMatch 67.28 66.22 68.89 82.25 42.83 53.21 68.47 64.16 48.32
HARC 6528 7428 6749 7685  40.83 5553  63.59 6341 4840
BS*-Net 7191 7382 6890 . 8441 5058  50.77 . 7400 6177  51.66
TE ML TR RN & S ARG 5 " FoR &5 IR A2
® 4 AEEREAE TR (Vaihingen_1/4) (a) Jiil (b) b (o) MLk (&) ALk

Table 4 Performance gains brought by different modules

and their combinations

SEM ECM TAM mloU(%)
65.87 (L)

v 74.50(8.63 1)

v 73.94(8.07.1)

v 71.18(5.31 1)

v 75.28(9.41 1)

v 75.01(9.14 1)

v v 74.07(8.20 1)

v v v 75.51(9.64 1)

TE: 1 7R mloU FE AR ARER THELL A BT 7T

bk S s Tt
2.4.2  IHRELSEE AT ALALSS
W HE— 25 B4R 1Y BS-Net 75 2 Wi B 18 B
53 BT 55 T B A BCHE AR B 55 7E Potsdam Fl Vai-
m@mﬁ%%¢%ﬁﬁT%ﬁﬁﬁﬁ%ﬁ%@@ﬁ
13 Al AA B, Sl R A 6ﬁﬁm
JR4E Deeplaby 3+ 1 4 % 45 - i A5 25 2844 5
257 2 8] 4 %ffA‘{’@’fJC(atrous spatial pyramid pooling,
ASPP)fEHL LA A T 2 RE LR 3Cff B A

—

9 19 g
hs bw B

g ¥
- -‘ “ *‘ 4 [I q
Potsdam \(#i4E

)

N N
L 3
o
! A_d‘ ! - ! L!
Vaihingen £ 4 4
. HE IRAERLHY
. . A AN KR

((a) original image; (b) label; (¢) baseline; (d) ours)
& 6 7E Potsdam il Vaihingen |= BV Fh
Fig. 6 The ablation results on the Potsdam dataset and Vaihin-

gen dataset
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A 2 S5 IR P RIPE AR ML, BE AT R0 figf e 8 Sk
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Sy FEIERAE TR AR B AR
2.4.3  AN[A] R DX ] 0 S5 55 5 2R 1) 5% )

TE =B B (A AL (TAM) T R o, 5
1o [ 7, 2 DA BR 2 T 5 SR W Th I PN DG s S 8. A
WEE R I 0.1 19 52X, 78 KR P 2R 48 A T
BIEA G, 7 X R (0. 3, 0. 5], 7, AN IX
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A AN [ (3L DX i) o ASS AR 1 R P 5
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Table S The impact of different threshold combinations

High threshold

mloU(%)
0.7 0.8 0.9
0.3 74.31 65.40 60.32
Low threshold 04 68.72 75.51 67.88
0.5 65.58 55.99 60.36

T L SRR Bl 4

BIIR 22 s 47 o, BB i (A1>0. 9) , ) 4 5 45 KA
A BUOREAS AR (2 ) E R . 7 = 0. 4 M2k
BRI T 3 Y A AR R 6% TR IR R
Buide (SEM) 5 i1 F U Rl A He (ECM) $2 I A 9] 4k 235
AL, O th B A AR SUE B iR 28 BEE I 2k
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RE 1 AEJE IR 7, = 0. 8 VE Ay i R, g Je i iR 5]
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