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Abstract: Objective Salient object detection is a fundamental task in remote sensing image understanding. However,
most existing approaches are developed under a fully supervised learning paradigm, where a large number of pixel-level
annotations are required for model training. This strong dependence on dense annotations limits the scalability and practi-

cal deployment of current deep models in label-scarce remote sensing scenarios. Nevertheless, existing semi-supervised
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methods still suffer from noisy pseudo-labels, error accumulation, insufficient utilization of unlabeled samples, and a con-
siderable performance gap compared with fully supervised methods. To address these issues, this paper proposes a founda-
tion model-guided learning method for label-efficient remote sensing salient object detection, aiming to improve the utiliza-
tion of unlabeled remote sensing images and enhance detection accuracy under limited annotation conditions. Method The
proposed framework consists of two closely related models: ST-SAM3 and DistillMatch. First, we introduce the SAM3
visual foundation model into semi-supervised remote sensing salient object detection and construct a progressive self-
training framework named ST-SAM3. Instead of directly using unreliable pseudo-labels generated from a model trained with
only a few labeled samples, ST-SAM3 exploits the prompt-based mask prediction capability of SAM3 to refine and evaluate
pseudo-labels in an automatic manner. Specifically, a lightweight adapter is fine-tuned on a small labeled subset to adapt
SAM3 to remote sensing salient object detection. The fine-tuned model then generates initial pseudo-labels for unlabeled
images. Based on these pseudo-labels, foreground and background prompts are automatically extracted from connected
components and background regions. These prompts are fed back into SAM3 to perform iterative prompt-based mask refine-
ment, thereby improving the spatial completeness and boundary quality of pseudo-labels. To further assess pseudo-label
reliability, we design a quality assessment strategy that jointly evaluates geometric consistency among the original pseudo-
label, the prompt-refined mask, and the mask predicted from the horizontally flipped image. High-quality unlabeled
samples are selected according to this reliability score, and consensus pseudo-labels are generated through voting among
the initial prediction, prompt-refined prediction, and augmentation-consistent prediction. This procedure progressively
expands the labeled training set without requiring additional human intervention. On the basis of the reliable pseudo-
labeled samples selected by ST-SAM3, we further propose DistillMatch to exploit the remaining unlabeled data more effec-
tively. The reliable pseudo-labeled samples are treated as an extended labeled set, while the remaining unlabeled samples
are used for consistency regularization. Different from conventional consistency learning that mainly relies on photometric
perturbations, DistillMatch explicitly introduces geometric perturbations, including scale transformation and rotation trans-
formation, to enforce geometric consistency between teacher supervision and student prediction. This design helps the stu-
dent model learn robust salient object representations under spatial variations that frequently appear in remote sensing
images. In addition, we design a high-order statistical distillation strategy to align multi-level feature statistics between
teacher and student models within multiscale salient features, enabling the student model to inherit not only pixel-level
pseudo-supervision but also higher-level feature distribution knowledge from the foundation-model-based teacher. Result
Extensive experiments are conducted on three remote sensing salient object detection datasets, namely ORSSD, EORSSD,
and ORSI-4199, under 5% and 10% labeled-data settings. Experimental results show that ST-SAM3 achieves superior per-
formance across different datasets and annotation ratios, demonstrating the effectiveness of progressive self-training and reli-
able pseudo-label selection. Meanwhile, DistillMatch retains competitive detection accuracy with a substantially lighter
model architecture. The proposed frameworks consistently outperform existing state-of-the-art semi-supervised methods.
Conclusion This study demonstrates that visual foundation models can provide powerful priors for label-efficient remote
sensing salient object detection. By introducing SAM3 into a progressive self-training framework, pseudo-labels are auto-
matically refined and subsequently selected according to-their reliability, without requiring additional manual annotation.
By further combining reliable pseudo-label supervision with geometric consistency learning and high-order statistical infor-
mation distillation, the proposed DistillMatch enables a lightweight student model to effectively learn from both labeled and
unlabeled remote sensing images. Overall, ST-SAM3 and DistillMatch alleviate the dependence on large-scale pixel-level
annotations and provide an effective and practical solution for semi-supervised remote sensing salient object detection.

Key words: remote sensing salient object detection; semi-supervised learning; visual foundation model; progressive self-

training; geometric consistency learning; statistical information distillation
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Fig. 3 Framework diagram of the proposed geometry-enhanced consistency learning method DistillMatch
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K2 FRBEEESPHAREHENSH=ABEE LNEEX LER, MBAFEISIHME
Table 2 Quantitative comparison results of different algorithms on three datasets with 5% labeled data partitions.

/Bold values indicate the best performance in each column

Jiik KR ORSSD % i EORSSD ¥4 ORSI-4199 ¥ Hi4E
MAE | F, 1 s, 1 MAE | Fy 1 s, 1 MAE | F, 1 s, 1
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T
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CVPR’
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ae CRS™ 00206 08732 0.8949 0.0142 0.8392 0.8894 0.0300  0.8623  0.8716
DINOv3 25
USCD- TGRS’
DINOV3 56 0.0158  0.8918  0.9105 0.0107 0.8530 0.8987 0.0312  0.8591  0.8704
ACM
S30D VMg 00168 0.9064  0.9182 0.0086 0.8891 0.9198 0.0302  0.8636  0.8771
ST-SAM3
s — 0.0133  0.9265  0.9340 0.0091 0.8943 0.9254 0.0252  0.8819  0.8889
(AT
DistillMatch
s — 0.0134 09233  0.9283 0.0093 0.8890 0.9222 0.0267 0.8779  0.8857
(AR5

E IR T A BT R A M

RUREA R AL I A TS RS RO A 5,
AR ST PUM B bR o X TE AN
RHLAE B, 5000 T A AT AR W28 KB G  FAR K

DistillMatch i FH 54 8 24 Az (R 4%, {H HAG I 45
hRER b Mk 2 E AR B 0 T e s, JF B A
TAXT T, o — 20 Ui I U] — BobE 2 ) Rl By

lOREARBL T S5 SCE R A D iR 1 (R AL X AR SIS SRR By T o AR A 2 o] HOMR i 2 ]
Wb, TR ELL TRl I O 5 2 ARG e B SCHDIRE

Yo ST-SAM3 71X SEREA i BE S U i i E (221>
TSz FbR 08005 5 XA BRI , I DR A
RHLAE HARRIE R SE e

2.4.3 FEAVE IR HT
Hi % 4 7] WL, ST-SAM3 1 Sy 3£ T- SAM3 ViT-L 1)
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Table 3 Quantitative comparison results of different algorithms on three datasets with 10% labeled data partitions.

/Bold values indicate the best performance in each column

ik K ORSSD %4 4E EORSSD %42 ORSI-4199 ¥4 4E
MAE | Fy 1 s, 1 MAE | Fy 1 s, 1 MAE | F, 1 s 1
FixMatch Isg?éo 0.0167  0.8858  0.9069 0.0120 0.8557  0.9038  0.0358  0.8505  0.8671
I
CVPR’
ST ) 0.0240  0.8647  0.8951 0.0132 0.8457  0.8973  0.0387  0.8478  0.8607
CVPR’
ST++ ) 0.0178  0.8900  0.9103 0.0113 0.8669  0.9106  0.0368  0.8550  0.8639
) CVPR’
UniMatch ’ 0.0146  0.9023  0.9182 0.0134 0.8610  0.9076  0.0350  0.8515  0.8688
CVPR’
CorrMatch 2 0.0161  0.8804  0.9098 0.0103 0.8567  0.9080  0.0345  0.8570  0.8693
CVPR’
RankMatch 2 0.0158  0.8964  0.9117 0.0125 0.8521  0.8960  0.0336  0.8512  0.8691
) TPAMI’
UniMatchV2 55 0.0157  0.9003  0.9134 0.0114 0.8630  0.9110 0.0358  0.8538  0.8703
TCSVT’
CATNet 55 0.0163  0.8866  0.9116 0.0095 0.8794  0.9186  0.0353  0.8584 0.8692
TripleNet TIP’25  0.0185  0.8889  0.9065 0.0108 0.8549  0.9039  0.0360  0.8520  0.8657
KnowSAM TMI’25  0.0190  0.8808  0.8997 0.0104 0.8615  0.8955  0.0350  0.8480  0.8593
SSMIS IE§?£5 0.0154  0.9052  0.9131 0.0095 0.8759  0.9146  0.0336  0.8568  0.8748
I
DBMatch— TGRS’
DINOV3 55 0.0149  0.9011  0.9170 0.0103 0.8612  0.9043 - 0.0307 0.8617  0.8731
USCD- TGRS’
DINOW3 iy 0.0126 09136  0.9227 0.0078 0.8719 09118  0.0318  0.8577  0.8737
ACM }
S30D M;i26 0.0127  0.9205  0.9284 0-0086 0.8920  0.9251  0.0312  0.8649  0.8786
T-SAM
5 S‘ 3R 0.0120 09328  0.9379 0.0073 09065 09348  0.0253  0.8831  0.8906
)
DistillMatch
NN 0.0129  0.9211  0.9303 0.0078 0.8964  0.9276 = 0.0257  0.8812  0.8883
(AR

E IR T A BT IR M

GMACs, #fE BEE [ o 32 FPS, X b7 B 5k % #E B
AE Ay 31,25 ms, ST-SAM3 T Z ] T B R AT 55 1E L
PR 2 BRI AT SRR IR R e AT B A
PR b LA o P A AR A 24 o M 55 T DA AR ) v
Jo i FAE AR S A o 20 DistillMatch #5575 78
TG, e AR R ) S0 PR IE 22 26. 91 ML 316
IR 14. 19 GMACs , PR H B2 52+ 28 83 FPS, Xf
J7 BB P A% 4 B A 4E 24 4 12. 05 ms. AT ST-

SAM3, DistillMatch i S0 i /0249 94. 13%, 1155 &
W24 97, 75% , B 232 T 2 2. 59 %, A AR
SCHT I RE RSN = 25 e L S A ASE R 11 5 R AIE e
ba i DP9 E =N e e e ey L E S
2.4.4 R BEMLEE ST

SR AR FE LYK [ 5 K1) o3 2 S 1 RE UL, AR SCAE
ORSSD ,EORSSD F1 ORSI-4199 = /N ¥4t S 1 5% 5
10% WA bR E T, 43 325 58 HA BENLAT A5 iE 1
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Fig. 4 Comparison of PR curves and F-measure curves of different methods on three datasets with 5% labeled training data
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Fig. 5 Comparison of visual results for salient object detection of different methods on the EORSSD dataset with 5% labeled data
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Fig. 6 Comparison of visual results for salient object detection of different methods on the ORSI-4199 dataset with 10% labeled data

F4 FRHAEESX I FENRE S REILL

Table 4 Comparison of model complexity between the proposed method and comparison methods

ZHEEM
7k ( TR GMACs i P FPS(ms )
M)
CATNet 27.36 20.38 117
KnowSAM 143.05 94.16 71
SSMIS 471.86 641.46 127
DBMatch-DINOv3 26.91 14.19 83
USCD-DINOv3 2691 14.19 83
S30D 13.68 10.19 176
ST-SAM3 (A Jrik) 458.18 631.28 32
DistillMatch (A 3777 ) 26.91 14.19 83

O AR BT IR A (E

HIDINOvV2 ViT-S/14 2z A #5580 3R v = Fif 2 A A
(R0 8 SRRy W) 24. 72 M. 27. 36 M A 26. 91 M,

g5 53, DistillMatch BB 9838 FC A W 2= £ B 1, B
DINOvV3 IFHEFE I Fa b5 L it . Bilan , 78 5% br
T 9 ORSSD 0 4% 4 |, DINOV2 1) S-measure ik %]
0.9354, % T DINOv3 11 0. 9283; 7 10% #x v % &
T, DINOV2 7E £/ 4645 L BHUS T LFLs . 5
— J7 M, DINOv3 2% A= B8 B % 3 55 & O 14,19
GMACs, KAAE T 53 S0 W2z A B RY | fR B 17 LA
R RS T BT B Z R BT . AR SCLE A 5 TR T
YIZRRAERE 1 5 E RCF , 5 DINOv3-Small fE K

LB T G (RIS P BRI A HE ALY
w5 FEFERH DINOv3-Small i DBMatch 1
USCD A Eb (WL 2 2 155 3) , DistillMatch 76 =A%
A PR R BT ) Max F-measure 1 S-measure
FEPR T o 45 G AT 73 AT, DistillMateh 19 MERENL
PRI F5 T 45 1 I 2R A8 ), AR SCHE H
A SEPRARZE Y FE LT — Bt 2f o) fge (5 B 250
SN AR T S RIER
2.5 HEASEIESH
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&S5 ST-SAM3 7 DistillMatch 7 5% #1 10% # = MR &£ L) SHBENLXI S RIS ESREE
Table 5 Mean and standard deviation of ST-SAM3 and DistillMatch across five labeled—subset splits on three datasets

. ORSSD %yl 4 EORSSD %4 4 ORSI-4199 %44
b
MAE |  F1 S, 1 MAE| F, T S, T MAEL! F 1 S 1
% AT e 0.0129  0.9293 0.9352 0.0084 0.8990 0.9289  0.0254 0.8814 0.8900
AE g sam3
+ shRMfEZE 0.0012  0.0043 0.0037  0.0006 0.0054 0.0036  0.0006 0.0010 0.0014
95% Tk )
Yl 0.0142 0.9168 09274 0.0088 0.8891 0.9227 0.0263 0.8790 0.8871
DistillMatch o
shREZE 0.0013  0.0043 0.0035  0.0005 0.0040 0.0023  0.0003 0.0010 0.0009
Yl 0.0116 0.9337 09386 0.0070 0.9076 0.9344 0.0255 0.8830 0.8908
10% A5 b ST-SAM3 \
b 2% shRifEZE 0.0012  0.0051 0.0035 0.0010  0.0024 < 0.0027 0.0010  0.0023 0.0019
+
90% Toki s N, YA 0.0116 0.9252 09324 0.0074 0.8953 0.9271 0.0263 0.8800 0.8873
1S11 atc
shRMfEZE 0.0012  0.0038 0.0027  0.0009  0.0030 0.0022 0.0006 0.0009 0.0009

®6 AREZFEBFMLET DistilMatch FE =N EIEE 5% iRiF IR E THRREE 2 E 5K L
Table 6 Model complexity and detection performance of DistillMatch with different student backbones with 5% labeled data

B i ORSSD %itHi 4 EORSSD %4 4 ORSI-4199 $#ii 4E
- SR R
MAE MAE MAE
(M) (GMACs) ! FBT S, i | FBT S, 1 ! F/ST S, i
458.18
ST-SAM3 631.28  0.0133 09265 0.9340 0.0091 0.8943 09254 00252 0.8819 0.8889
SegFormer-DistillMatch 2472 1636 0.0143 0.9163 0.9285 0.0091 0.8887 0.9207 0.0302 0.8712 0.8784
DINOv2-DistillMatch ~ 27.36  23.82  0.0134 09231 09354 0.0087 0.8889 0.9207 0.0261 0.8793 0.8871
DINOv3-DistillMatch 2691 1419 0.0134 0.9233 0.9283 0.0093 0.8890 0.9222 0.0267 0.8779 0.8857

TE UL A B T e LML

x7 AREZEFTTMET DistillMatch ZE=AHTEE 10% iRFEE THRBEE X E 5K NN
Table 7 Model complexity and detection performance of DistillMatch with different student backbones with 10% labeled
data
) ) ORSSD % ¥ 4 EORSSD % ¥ 4 ORSI-4199 % 4L
Sk SHE AR R R R
~ MAE MAE MAE
(M) (GMACs) F, 1 S 1 ! F, i S i | F, 1 S 1
458.18

ST-SAM3 631.28 0.0120 0.9328 0.9379 0.0073 0.9065 0.9348 0.0253 0.8831 0.8906
SegFormer—DistillMatch —— 24.72 16.36 0.0125 0.9263 0.9353 0.0072 0.8950 0.9267 0.0283 0.8767 0.8839
DINOv2-DistillMatch ~ 27.36 23.82 0.0124 0.9276 0.9338 0.0071 0.9013 0.9301 0.0253 0.8830 0.8895
DINOv3-DistillMatch ~ 26.91 14.19 0.0129 0.9211 0.9303 0.0078 0.8964 0.9276 0.0257 0.8812 0.8883

T R AR BT IR A (E
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MAE Ty, X2 HAE R IR 8 H AR R ARl S22 5t
A1 A0 b By TR ISR R . JEHE
TEALAE 5% HAARERAE ) Z50F T, ST-SAM3 /51
IR bR bR — R

RI0RY], ¥ RAREREA ST AR TIRTEA
Z AR IFAE " B O R 2 Bl 1) ] BAOC 2R T f 2 AE
iR M T R M B o R TR MU S A ]
5% JFARPRIE \95% JohR I FEA AT — Bty ) 1k
B, 75%/25% X)) 43 ff Max F-measure Fl1 S-
measure 73 7| #2157 0. 63% F10. 60% , 16 FHKs =5 ol £
PR Ny 5 W B LU B ALY R TChR T — Btk T ML
B AR SR, YRR ARGV Y A bR
HEBAE I , Max F-measure 11 S-measure 43 51| 5 75%/
25% J 53 T [k 0. 28% F11 0. 38% , 15t B 1K 1T {5 2 [ #f
FEA W BT AR 2, S BB | A DR bR 2
{EARIE R IR, 25%/75% 47 i LU ) T S iR (R MAE
(0.0087) , 1i1} 75%/25% % 73 £ Max F-measure Fll S-
measure | B E LS5 R, S AN [F]HE BR 2 [ A7 7E

BT . 285 5 IR ISR , A SCR A5 75%/
25% 353 7 ZH T SE Db FH B U 2, K A
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%8 DistillMatch 7£ 5% #J EORSSD | #Ji& B SL 36 %3 L
Table 8 Ablation study comparison of DistillMatch on the
EORSSD dataset with 5% labeled data

YT JUT—  Stitag

% % o MAE | F, 1 S, T
— — — 00133 08330 0.8878
N — — 00098 08786  0.9138
N N — 0009  0.8845  0.9192
N N N 0.0093  0.8890  0.9222

VB AR N AT Rl o N B T A, —FE R
HARIMA

*9 ETAESAM RAEETE 5% I EORSSD ##E 51
%tk Table 9 Comparison of different SAM—based founda-
tion models on the EORSSD dataset with 5% labeled data

MAE

Ty ERETE S ! F, 108,01
ST-SAM1 ViT-H 0.0112 0.8628 0.9064
ST-SAM2 ViT-Hiera-L 0.0113 0.8703 0.9120

ST-SAM3 (AL L) ViT-L+
IR R A T IR LA

0.0091 0.8943 0.9254

%10 DistillMatch 7€ 5% EORSSD A& th 72 %1 43 B9
xfEb
Table 10 Comparison of DistillMatch with different
pseudo-label partitions on EORSSD with 5% labeled data

Ve R

b g, AR R Sl
5%3(:5):*)L 9;0/;;?: 0.0098 0.8827 0.9162
25% 75% 0.0087 0.8851 0.9199
50% 50% 0.0096 0.8824 0.9188
60% 40% 0.0093 0.8856 0.9212
75% 25% 0.0093 0.8890 0.9222
100% 0% 0.0095 0.8862 0.9184
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Fig. 7 Visualization of pseudo-labels generated by different

methods on the ORSI-4199 dataset with 5% labeled data
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Fig. 8 Reliability assessment visualization of ST-SAM3 via

multi-dimensional consistency constraints
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Fig. 9 Failure cases of DistillMatch on 5% labeled EORSSD
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