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Fig.4 Qualitative comparison of shadow detection on AISD dataset of different network models
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Fig.5 Rendering of ablation experiments on an AISD dataset for 5hdd0w§€{é‘g§m in remote sensing images

4 Qn Te

ASCE D] T e 1 R G B 52 A6 I 18 52 B 3L
R, FBRAUIRA R AR R, e 4% 2 2tk 55
PR o 0T R 28 0 45 7 3 BURTME AS BLBT 9 R
PR, FRATEH 3L T —Fh 45 & Transformer 55
CNN (1 X3 3 38 B R B 52 A I 7 12 o 3% 05 kAt
5 CNN [ 2% BE % M Transformer [ 26 25 U 42 Jiy 5 L
FRAE , 7 Transformer X 2% DU GE A CNN ] 25 55 B )
HAE ERHE . oAb, ATETIA T — 4 EgR 2 )R-
Jry iR ?EﬁﬂAffEﬁ% B EMG ) R &8 A5 S
I i %ﬁ;&i&ﬁmﬂm@mm
W@ﬁ@& FRMIBD @M TR 4 10 5 S
G, TR TR b B T R T o
" ARG K, 45 T TR 0 0
KV, 2% ) HE A R 0 = AT 3K 97.112%, iR
BRI R 4.275% (FEULSZEGHR Sy ), X EEFEAR AL

TR HAB B A R b, FRATT 0 i 7 ks
BB E 1 OB 3 @l’é_]f%fsﬂgﬁﬁiﬂ‘ﬂMéﬁﬂﬁﬁiﬂlﬁ
(PRI BT 380 ) o SR, FRATT L R B A S
PP T B S T A 6] o 21 i e PR AR A
155 A AFAE I 2 S 00 R T3 A2 2% B g 25 1)

M, Aok, FRATTHS 4R rPORS ) fi e LA n) uﬂ;ﬁ
PE— 5 4R T 38 SRR PR BH R A I A T RE AR .
%ﬁm,ﬁﬁ%E Uﬁﬁ‘ame%¢%ﬂ
T F AP RE .

’*Wﬂeiﬂrences )

Badrinarayanan V, Kendall A, Cipolla R. 2017. Segnet: A deep convo-
lutional encoder-decoder architecture for image segmentation.
IEEE Transactions on Pattern Analysis and Machine Intelligence,
39(12): 2481-2495 [DOI: 10.1109/TPAMI.2016.2644615]

Firdaus-Nawi M, Noraini O, Sabri M Y, Siti-Zahrah A, Zamri-Saad M
and Latifah H. 2011. DeepLabv3+ _encoder-decoder with Atrous
separable convolution for semantic image segmentation. Pertani-
ka Journal of Tropical Agricultural Science, 34(1): 137-143.

Guan Y, Chen X A, Tian J and Tang Y. 2022. Shadow Detection for Re-
mote Sensing Images//Proceedings of the 2022 6th International
Conference on Compute and Data Analysis (ICCDA). Shanghai,
ACM: 68-74. [DOI: 10.1145/3523089.3523101]

He K, Zhang X, Ren S and Sun J. 2016. Deep residual learning for im-
age recognition//Proceedings of the IEEE Conference on Comput-
er Vision and Pattern Recognition (CVPR). Las Vegas, IEEE: 770-
778. [DOI: 10.1109/CVPR.2016.90]

Hu X, Wang T, Fu C W, Jiang Y, Wang Q and Heng P A. 2021. Revisit-
ing shadow detection: A new benchmark dataset for complex
world. IEEE Transactions on Image Processing, 30: 1925-1934.
[DOTI: 10.1109/TIP.2021.3049331]

JinY, Xu W, Hu Z, Jia H, Luo X and Shao

202&%&%% To-

wards automatic shadow detecti(% 9 aerial imagery with

global-spatial-cont(&za}ﬁlﬂi@
2864. [DOLI: 1(«9 2172864]

Li H, Zhang L, Shen H. 2013. An adaptive nonlocal regularized shad-

le. Remote Sensing, 12(17):

ow removal method for aerial remote sensing images. IEEE Trans-
actions on Geoscience and Remote Sensing, 52(1): 106-120.
[DOL: 10.1109/TGRS.2012.2236562]

Li R, Zheng S, Duan C, Wang L and Zhang C. 2022. Land cover classi-
fication from remote sensing images based on multi-scale fully
convolutional network. Geo-spatial Information Science, 25(2):
278-294. [DOI: 10.1080/10095020.2021.2017237]

Liu D, Zhang J, Liu K and Zhang Y. 2022. Aerial remote sensing im-
age cascaded road detection network based on edge sensing mod-
ule and attention module. IEEE Geoscience and Remote Sensing
Letters 19: 1-5. [DOI: 10.1109/LGRS.2022.3190495]

Liu D, Zhang J, Wu Y and Zhang Y. 2021. A shadow detection algo-
rithm based on multiscale spatial attentionégimism for aerial

remote sensing images. IEEE Ggo

Letters 19: 1-5. [DOL: 1&:@9&3@ (2‘;
Liu Z, Lin Y, Ca0§ o B. 2021. Swin
transformer: erar@g‘a y\ sformer using shifted win-

dows//Proceedmgs%
Computer CV). Montreal, IEEE: 10012-10022. [DOI:

@&gﬁwwzz 2021.00986]

Long J, Shelhamer E, Darrell T. 2015. Fully convolutional networks

emote Sensing

E/CVF International Conference on

for semantic segmentation//Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition (CVPR). Boston,
IEEE: 3431-3440. [DOL: 10.1109/CVPR.2015.7298965]

Luo S, Li H, Shen H. 2020. Deeply supervised convolutional neural

network for shadow detection based on a novel aerial shadow im-



10

agery dataset. ISPRS Journal of Photogrammetry and Remote
Sensing, 167: 443-457. [DOL: 10.1016/j.isprsjprs.2020.07.016]

Luo S, Li H, Zhu R, Gong Y and S c 1. ESPFNet: An edge-
aware spatial pyramid ork for salient shadow detec-
tion in aerlal r% vlng images. IEEE Journal of Selected
Topi arth Observations and Remote Sensing, 14:

§646 [DOL: 10.1109/JSTARS.2021.3066791]

Ronneberger O, Fischer P, Brox T. 2015. U-net: Convolutional net-
works for biomedical image segmentation//Medical Image Com-
puting and Computer-Assisted Intervention (MICCAI 2015): 18th
International Conference, Munich, Germany, October 5-9, 2015,
Proceedings, Part III 18, 234-241. [DOI: 10.1007/978-3-319-
24574-4 28]

Shao Z, Wang L, Wang Z and Deng J. 2019. Remote sensing image su-

Walker H J. 2006. Evelyn Lord Pruitt, 1918 - 2000. Annals of the As-
sociation of American Geographers, 9%2): @39. [DOI: 10.
1111/1.1467-8306.2006.00487. x]

Xu Z, Zhang W, Zhang T, Yai 1 202} g
for remote sensg?@ﬂg @@n&?ﬁm Refnpte Sensing, 13(18):
3585. [DOI: 10 90/@31‘

Zali S A, Mat-Desa S, C 4@&){ and Mohd-Isa W N. 2022. Post-
Processing XQRQ‘)W Detection in Drone-Acquired Images Us-
ing Future Internet, 14(8): 231. [DOI: 10.3390/
fi14080231]

Zhang Y, Chen G, Vukomanovic J, Singh K K, Liu Y, Holden S and
Meentemeyer R K. 2020. Recurrent Shadow Attention Model

-

ran sformer

(RSAM) for shadow removal in high-resolution urban land-cover

mapping. Remote Sensing of Environment, 247: 111945. [DOI:

per-resolution using sparse representation and coupled sparse au-
toencoder. IEEE Journal of Selected Topics in Applied Earth Ob-
servations and Remote Sensing, 12(8): 2663-2674. [DOL: 10.1109/
JSTARS.2019.2925456]

Ufuktepe D K, Collins J, Ufuktepe E, Fraser J, Krock T and Palaniap-

10.1016/j.rs¢.2020.111945]

Zhao H, Shi J, Qi X, Wang X and Jia J. 2017. Pyramid scene parsing
network//Proceedings of the IEEE Conference on Computer Vi-
sion and Pattern Recognition (CVPR). Honolulu, IEEE: 2881-
2890. [DOI: 10.1109/CVPR.2017.660]

pan K. 2021. Learning-based shadow detection in aerial imagery Zhu Q, Yang Y, Sun X and Guo M. 2022. CDANet: Contextual detail-

using automatic training supe

ceedings of the IEEE/CV 1 Conference on Computer

Vision (ICCV) 3935 [DOI: 10.1109/1C- Sensing, 60: 1-15. [DOI: 10. 1109@ 43886]
CVWS N S

?&“; «\“ W

)\

ﬁ@»\p‘lgll?c):atlon of Dual-Branch Network Integrated with Transformer and
> CNN in Remote Sensing Image Shadow Detection

jon from 3D point clouds//Pro- aware network for high-spatial-resolution remote- sensu“nagery

shadow detection. IEEE Transactions on Ge d Remote

WANG Yifan, HUANG Xian, WANG Jianlin,ZHOU Tong,ZHOU Wenjun,PENG Bo

School of Computer Science and Software Engineering, Southwest Petroleum University, Chengdu 610500, PR. China

Abstract: (Objective) Shadows in remote sensing imagery play a crucial role in image interpretation and feature extraction but are also
known to introduce significant challenges in image analysis. Traditional methods often struggle with complex shadow scenarios, leading to
missed or false detections. This paper introduces a novel approach that enhances shadow detection accuracy and reliability in high-resolution
remote sensing images. (Method) The proposed dual-branch network synergistically combines the strengths of Transformer and
Convolutional Neural Networks (CNNs) ﬁtackle the challenges of shadow detection. The network leverages a Tgﬁt‘r‘mer branch to

capture global contextual relationshd DS a CNN branch to emphasize local textural details. This architecture e to exploit the

od\dlso introduces a
it a primary loss
curacy. (Result) The

ng s@@ ﬁl improvements in shadow
detectlon metrics. It achieved a shadow detection accuracy of 97.112% and significantly reducid k}‘ ¢ detection rate, with a balance error

complementary nature of local information, providing a comprehensive feature represen%@\ﬁl‘ is

at integrates these features for effective shadow segmentation. A g@\@ p§

shadow predlctlo
and auxili utlhzed to refine learning and accelerate convergence, thereby?}a

et od was rlgorously tested on the Aerial Imagery Shadow Dataset (AISD), demons
rate (BER) decrease of 0.389. These results not only validate the effectiveness of -branch architecture but also showcase the
advantages of integrating global and local features through our innovative netwo n.(Conclusion) The dual-branch network provides a
robust solution to the perennial challenges of shadow detection in remote sensing imagery. By effectively minimizing missed and false
detections, the network holds significant promise for enhancing the interpretability and utility of high-resolution satellite images in various
applications, such as urban planning and environmental monitoring. The future work will focus on optimizing the network architecture and
exploring its applicability to other complex imaging conditions.

Key words: remote sensing image, shadow detection, semantic segmentation, dual-branch network, feature integration, Transformer, CNN,
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