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Fig.5 Examples of remote sensing image samples without shadows and with shadows in a special orientation
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Fig.8 Shadow detection of remote sensing images based on self-supervised pre—training
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Table 1 The accuracy of the model to identify the

horizontal and vertical flipping of the remote sensing image

PG B O =X OA/%
IR BH 93.11+0.46
21 B 99.31+0.43

FA LI EE—RBAE A (Selvaraju s, 2017)
Xof I 8 R R AT RTRR A 0 B o AR —28 3

%

FI10  F B B SRR 27 2T D00 246 1) ol — 2 TR el mT Ak

i PR PP R TR S X T AR 4 2R, RE A8 o A TR
i T 3o S 1B 7 A 14 D DR A T P T
ARTOR ] Jet B R B E—K 0 I, 0@
B 0 DX A 3R 0 A B 73 S 25 R0 R R K
P 10 2y 3 82 A5 i W B 52 7 1) A ) 28 ) s P —
W I PTRALEE 2R, AT Ll R AR R T O T
S AR R IR A S TR s ) R L R R A R X
o X RWIMEBY A ME T, R
15 1) B 1 D AR 28 3 D AT B2 AT 55, I 2R iy ]
A A 3l A B S (4 M ) B 52 4 G 1) v T SO
fit., I HLATREE > 2 H N AR B9 80 45 28 5
FE AT S B o R R DT 55 3R ORI AR T
HSRI WAL S5, BIAnER SRy S lC. BI2 A L
LG Gy s RN A X SRR T RE 4R TH R
Ui AR 55 HITPERE .

. 2

Fig.10  Gradient—class activation maps of shadow images for self—supervised feature learning model
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Fig.11 The comparison of horizontal and vertical flipped for the shadow in remote sensing images
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Table 2 Ablation experiments of different modules on the
AISD dataset(N,,,)

ResNet18 VGG16

DTICT Contrastive=Crop Color Jitter

oU/% ¥ /% 10U/% F /%

x x x 7742 88.63 79.96 89.59
N x x 79.05 89.44 81.01 90.15
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Table 3 F,—scores for different shadow detection methods

Jrik: e e F/%
CADNet (2021) 91.21
DSSDNet (2020) 91.79

100%
ESPFNet (2021) 92.04
CDANet (2022) 92.99 +0.17
AR T7 1k (ResNet 18) L0 89.93
0
A P(VGG16) 90.96
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Fig.12  Example of removing noise samples using DTICT
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Table 4 IoU and F,—scores of various methods under different proportions of training data

BRI R (9 LA
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ImageNet 73.26 86.04 77.33 88.35 79.34 89.39 80.36 89.72
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ImageNet 77.98 88.39 79.40 89.16 80.19 90.09 80.91 90.63
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AT 79.53 89.26 79.86 89.49 80.34 90.21 81.41 90.96
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Fig.13  IoU of various methods under different proportions of

training data

BRit =z oh, FE N ZR B BUBEAT FRAG TS &0 T
JLFJT A7 B9 J7 9561 e B 5 vy 1) 3t g B 2 A i oA
A IR O ALSD ds 4 7 =8 ) S B0 Sl iy
X, @HRYBT & BB, REHEHY P A
AR R2 BA AR SCE B, BIEEAT 76 A i 50
Yy # BA 82 401 XSl B — 2852 % Y B R AR M
DX a3, fELJR J S R S B2 O ) My B 52 B ot X
BN, DRI A0 o R AR 2 B A TH Al IR A



788 National Remote Sensing Bulletin i & 54k 2025, 29(3)

X e R ) B 52 AR TR

92
91
90
89
§_ 88 |
a5
87
86 [
85+
84 :
1 2 5 10
ARSI ZRBUE 1 E A%
—— ResNet18 Random VGG16 Random
ResNet18 ImageNet — VGG16 ImageNet
—— ResNet18 MoCo VGG16 MoCo

ResNet18 Ours - VGG16 Ours
K14 252807 AR AR L BT EREE T ) F 22X e
Fig.14  F,—score of various methods under different

proportions of training data

WE 15 Fs, ST R, BEPLRI G
A B 7 2O AR J31) 248 8 14 4 52 R0l 50 40 300 2 1) B
%, MoCo Fll ImageNet [ 77 1% BE 1% 45 I 2] 1 4645 Jy
I RIS, HIR B R A A X 5 2% o AR L
THAB T, A SCI7VE B8 B Hh i I ) B 52
B ESHIEA, 153071 A py B2 e 5 . TE R
15 W AT IR IE R P, AR 2 BN
WA, TR ARRUN, Bk 4RIk
PR REA BOHN X 2e /N R RS AR, T3 3L
T B3 S [T X B R A AR A o 3 [ R —
T3 T T R0 As R AN B X T 3k S G INBR 52 1) 20
G35 T, Rk S RN B AR B B AR S R

3.6.3 i#IBARSIR R &5 RO RTAL4L 4 H

AT ALAL G T LAY BT U0 b %o 391 00 245 S 2k 1 7
EMETEN, AR LI ResNet18 4 4 i 25 KLl 45 44
ARSI 2R B HE R R 10% B L 5], £ AISD
MRAE P £ T 4 5k B AR B g, o
WETEE MY AR, W A F Ty
TSI M B SE A, RE S A TR B AR SO
P RS S ek . 15 W B AR I 4
(TR RS, o (R T AE X 3 A AN [R] O 7k 4
FAZF o T 25 SR A 22 A K. o, 25151
RUE R R IR R BG83 28 BAERRZE, 5535
Z55 5B Ry HAXT 7 R R ZE R, S 6 B AR
SRR RIS R, 0] DUE B AR SO TR T AR B
WIS 110 0 8 R RO 200 A e i

ImaéeNe
K15 ORIED7 s B2 A I A5 R T A (V)

Fig.15 Shadow detection results for different methods (NW)
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Abstract: Given the high cost and difficulty of shadow annotation, the shadow detection performance of supervised learning models in
high-resolution remote sensing images is severely limited mainly because of the lack of training samples. To solve this problem, this study
proposes a shadow detection method that is based on shadow direction prior, which has unique advantages in learning the inherent shadow
information contained in unlabeled high-resolution remote sensing images. Through self-supervised learning methods, the advanced
semantic information of ground object shadows contained in remote sensing images can be deeply explored, thereby improving the
applicability and accuracy of the model. This innovative approach provides a new way to overcome the data limitation problem in shadow
detection and offers new possibilities for improving the model’s ability to understand complex high-resolution images.

This study proposes an innovative shadow detection method for high-resolution remote sensing images that is based on prior
knowledge of the shadow direction and explores the effectiveness of shadow direction prior in representing high-level semantic features of
object shadows in remote sensing images. The key task in this method is to construct an auxiliary task through shadow direction prior so that
the deep neural network can effectively understand the shadow of objects in remote sensing images. Moreover, to further enhance the deep
neural network’s ability to learn the key features of object shadows, this study designs a direction transformation-independent noise
processing mechanism and data enhancement strategy for self-supervised shadow detection, both of which improve the generalization ability
of the model.

The effectiveness of the proposed method is proven through verification on the Aerial Imagery Dataset for Shadow Detection (AISD).
Experimental results show that compared with the traditional Unet benchmark model, the proposed method can successfully learn prior
knowledge in unlabeled high-resolution remote sensing images. By leveraging this prior knowledge, the developed method improves the
accuracy of the Unet model and demonstrates competitive efficiency and performance in small sample cases. The results of this study
highlight the superiority of the proposed method in addressing the challenge of shadow identification in high-resolution remote sensing
images, especially in the absence of labeled samples. By fully utilizing prior knowledge, the method successfully extends the performance of
the Unet model and provides a promising solution for processing unlabeled high-resolution remote sensing images in practical applications.

The qualitative and quantitative results consistently show that using a shadow direction prior method can considerably improve the
accuracy of shadow detection. The use of the DTICT strategy helps alleviate the interference caused by shadow-free samples and samples
containing shadows in special directions during network training. The data enhancement strategy combined with contrast cropping and color
transformation provides the network with diverse training samples, thereby enhancing the pre-trained model’s ability to extract object
shadow features. The proposed method achieves competitive object shadow detection accuracy by using a small number of labeled samples.
Key words: shadow detection, self-supervised learning, data augmentation, shadow direction prior, high-resolution remote sensing imagery
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