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Water Body Detection Based on Multi—Scale Feature Fusion for Remote
Sensing Images
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Abstract: Surface water plays an important role in the global ecological environment and human life. Dynamically capturing the distribution
and extent of surface water on Earth is necessary. However, due to the high complexity of land surface environments, existing surface water
body detection methods have limitations in applicability and accuracy, especially in highly heterogeneous regions such as urban areas, moun-
tains, and cloud—covered areas. To improve the recognition accuracy of different types of water bodies in different land surface environments,
this study proposes a water body detection method for remote sensing images based on multi-scale feature fusion (MFWD). The proposed
method first extracts multi—level features of water bodies and land surfaces based on a deep residual network model. Then, an Atrous Spatial
Pyramid Pooling (ASPP) module and a Channel-Spatial Attention Mechanism (CSAM) module are designed to fully exploit advanced seman-
tic information and capture advanced features of water bodies. Finally, cross—scale connections are utilized to fuse multi-scale low-level spa-
tial details and high—level semantic information, obtaining comprehensive feature representations for effective water body recognition. Experi-
ments on Sentinel-2 data demonstrate that the proposed MFWD method achieves an overall recognition accuracy of 95.6%, exhibiting im-
proved accuracy in identifying different types of water bodies. Moreover, the detection of small-scale water bodies as well as water bodies in
highly heterogeneous regions is enhanced.
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Fig.1 Network architecture for water body detection based on multi-scale feature fusion
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Fig.3 Water detection results of different methods
B3 ARG ERKEENER

ANTRIJ7 5 4T Sentinel -2 B4 7K AU 285 5 ) 2 1t 437 o
M AT LAE B, MFWD J7 353585 T R A K ARG T A
JE, H OA 25 95.60% , #13¢F UNet 55 Deeplaby3+45 5 43 Jjl]
$EE T 431% M12.02%, UNet,Deeplabv3+ , WatNet 5 MF-
WD J7 % 1 Fl-score 73 5l 4 79.32% . 83.23% . 85.78% #il
86.46% , XA MFWD J7 74 g 31 E G H AR 5 A (A R 2%
34 HELXIE

MEFWD J7 v F FH 22 RUEEAR B 50 B K AR R 3R R AE , )
JFH 25 I A4 FEURN VE 3 ) WL S 1A RCRRAE , I it 2 R
JERHERLA & THRIERN . 2226 T2 I %8 (8] 4 7 8t
fb R LRI S 22 ROBERRAE Al A 0 DR R VR, MF-
WD I U T AR AR RIS SR . T 78/ e

Table 1 Quantitative analysis of water body detection results for Sen-

tinel-2 data

%1 Sentinel-2 HIFEKERNEREES T %
RS 0A Precision Recall Fl-score  MloU
UNet 91.29 80.30 77.41 79.32 71.80
Deeplabv3+ 93.58 85.72 90.86 83.23 77.44
WatNet 95.10 95.26 91.63 85.78 79.51
MFWD 95.60 92.83 92.57 86.46 79.82
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Fig.4 Results of water body detection in ablation experiments
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Table 2 Quantitative analysis of water body detection results in abla-

tion experiments

R2 OHBIBAKERNERERS T %
ik 0A Precision Recall  Fl-score  MloU
Without-CSAM ~ 93.26 92.30 9042 8472 7783
Without-ASPP 93.88 92.72 9130 8525 7846
MFWD 95.60 92.83 9257 8646  79.82
4 £iE

B X v S e DX 3K AR ARG I A AN 3 1 () R, AR SC 4
T Y R T 22 R R AE A ) 2 R AR K ARG T
WA i SCRREZ AR 22 R T SCEASOR 4075 R AR
Fo, AR T B 2R R T X SRR RS T RS R . R
ASPP B 5 CSAM BEH 47 22 R b N SCEBFIE Ry
TEHEHL , BEAZ AT KT AK (A SURFIE ) s e ik . 22 R 4y
I Tl B B B T IR 2523 [R) 2015 R TR R o 0 SURRAIE 35 T
TKARFETRBE 1. 30 4 T Sentinel—2 KA 1 /K A G I 52 56 5
TE R, AR SR 9 MEWD 77 5 B 7K AR TE S 13 AT 5k 5
95.6% , BEMEAT WO A | Ly b FN 2 78 55 X 3 AR ] 2 780
B KA, I 203 T /N KRR TR B o AR S 4 g i Sk
SAL KRR RS BE 3t T — R 80 i, B — 2 LS
WA AN SR R RS 5 SE0F 506 Ak 2 A AR B 25 4, E
— 2L R SRS ISR AR A IR B RIS

Sk

[1] LUO X, TONG X H, HU Z W. An applicable and automatic method for
earth surface water mapping based on multispectral images [J]. Interna-
tional Journal of Applied Earth Observation and Geoinformation, 2021,
103: 102472.

[2] LIUHY, SHIY, CHANG Q N, et al. A new extraction method of surface
water based on dense time—sequence images[]]. IEEE Journal of Selected
Topics in Applied Earth Observations and Remote Sensing, 2024, 17:
3151-3166.

[3] WANG C X, WANG P, MA N. A new water detection for multispectral
images based on data simulation and random forest [ C]/IGARSS 2022-
2022 IEEE International Geoscience and Remote Sensing Symposium,
2022: 3191-3194.

[4] CHENLF, CAIX M, XING J, et al. Towards transparent deep learning
for surface water detection from SAR imagery [T]. International Journal of
Applied Earth Observation and Geoinformation, 2023, 118: 103287.

[5] ZHAOBY, WUJJ, HANXY, etal. An improved surface water extrac-
tion method by integrating multi—type priori information from remote sens-
ing[J]. International Journal of Applied Earth Observation and Geoinfor-
mation, 2023, 124: 103529.

[6] PARAJULI J, FERNANDEZ-BELTRAN R, KANG J, et al. Attentional

[12]

[14]

[15]

[16]

[17]

[21]

dense convolutional neural network for water body extraction from sentinel—
2 images [J]. TIEEE Journal of Selected Topics in Applied Earth Observa-
tions and Remote Sensing, 2022, 15: 6804-6816.
LID, WU BS, CHEN B W, et al. Review of water body information ex-
traction based on satellite remote sensing[]]. Journal of Tsinghua Universi-
ty (Science and Technology ) , 2020, 60(2): 147-161.
FEBRAE ERESF. AT EZERGKRE LRI LIRS
BT e X 3 548 KA F)1),2020,60(2) : 147-161.
ZHOU Y, DONG J W, XIAO X M, et al. Open surface water mapping al-
gorithms: a comparison of water—related spectral indices and sensors [1l.
Water, 2017, 9(4): 256.
KAPLAN G, AVDAN U. Object-based water body extraction model using
Sentinel-2 satellite imagery [1l. European Journal of Remote Sensing,
2017, 50(1): 137-143.
YANG J, DU X R. An enhanced water index in extracting water bodies
from Landsat TM imagery[]]. Annals of GIS, 2017, 23(3): 141-148.
FEI'JY, LIUJ T, KE L H, et al. A deep learning—based method for
mapping alpine intermittent rivers and ephemeral streams of the Tibetan
Plateau from Sentinel—1 time series and DEMs [J]. Remote Sensing of
Environment, 2022, 282: 113271.
WANG Y D, LIZ W, ZENG C, et al. An urban water extraction method
combining deep learning and Google Earth engine [J]. IEEE Journal of
Selected Topics in Applied Earth Observations and Remote Sensing,
2020, 13: 769-782.
REZAEE M, MAHDIANPARI M, ZHANG Y, et al. Deep convolutional
neural network for complex wetland classification using optical remote
sensing imagery [J]. IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, 2018, 11(9): 3030-3039.
CHEN Y, FANR S, YANG X C, et al. Extraction of urban water bodies
from high—resolution remote—sensing imagery using deep learning [J].
Water, 2018, 10(5): 585.
YU F, KOLTUN V. Multi-scale context aggregation by dilated convolu-
tions[ DB/OL]. https://arxiv. org/abs/1511. 07122.
KADRY S, AL-BETAR M A, YASSINE S, et al. Automatic detection
of waterbodies from satellite images using DeepLabV3+[ C]//International
Conference on Mining Intelligence and Knowledge Exploration, 2023:
78-86.
GUOMH, XUTX, LIU JJ, etal. Attention mechanisms in computer
vision: a survey [7l. Computational Visual Media, 2022, 8 (3) :
331-368.
HU J, SHEN L, SUN G. Squeeze—and—excitation networks[ C ]//Proceed-
ings of the IEEE Conference on Computer Vision and Pattern Recogni-
tion, 2018: 7132-7141.
BELLO I, ZOPH B, VASWANI A, et al. Attention augmented convolu-
tional networks [C]//Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision, 2019: 3286-3295.
WOO S, PARK J, LEEJ Y, et al. CBAM: convolutional block attention
module [ C//Proceedings of the European Conference on Computer Vi-
sion , 2018: 3—-19.
HU K, LI M, XIA M, et al. Multi-scale feature aggregation network for
water area segmentali(m“ 1. Remote Sensing, 2022, 14(1): 206.
(T3 4t)



