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Abstract

prove the limitations of optical remote sensing, this study proposes a deep-learning model utilizing multi-

In response to the demand for high-precision shallow sea topography inversion and to im-

ple feature inputs to inverse shallow sea topography from spaceborne Synthetic Aperture Radar (SAR)
images. For the data acquisition and dataset construction, six high-resolution Sentinel-1 dual-polariza-
tion SAR images covering the waters northeast of Hainan Island of China in 2024 under different phases
and sea conditions were collected, among which six images were used for model training, while the rest
were used for testing. The reference depth was obtained from ETOPO. In dataset creation, SAR images
are segmented into 8x8 sub-images. The model input is designed to consist of 8 feature variables, which
involve the VV polarization backscattering coefficient og", radar incidence angle 6, geography informa-
tion (latitude and longitude), and marine dynamic environmental parameters. The model output is refer-
ence depth from ETOPO with spatial consistency. The deep learning network comprises a convolutional
layer, two BottleNeck modules from ResNet, and a fully connected layer. The final model performances
in retrieving shallow water depth are shown as follows: For the training set, the model achieved a Root
Mean Square Error (RMSE) of 1.57 m, and the average absolute percentage error is 6.56%, with the
maximum detectable water depth reaching 49.05 m. The model presented with an RMSE of 1.95 m, and
the average absolute percentage error is 11.55% for the testing dataset. Additionally, there is little differ-
ence between the two scenes with different temporal and sea conditions, indicating that the model is sta-
ble and robust. Thus, the proposed model was based on the brightness patterns observed in SAR im-
agery, which can detect shallow-water depths up to 50 m with high precision.

Key words Synthetic Aperture Radar (SAR), Shallow sea bathymetry, Deep learning, Multiple

feature inputs
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Depth detection results of the SAR on 2 July 2024 (a) and on 8 June 2024 (b)
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Table 1 Predictions of different subimage sizes for SAR data on 8 June 2024
FEIR/AN MAE/m MAPE/(%) RMSE/m R?
4x4 1.42 12.31 2.26 0.96
8x8 1.31 11.86 1.98 0.97
16x16 1.26 10.97 2.05 0.98

®2 AEFERXR/M 2024 £ 7H 2 H SAR HIRMATMLER

Table 2 Predictions of different subimage sizes for SAR data on 2 July 2024
FEIRAN MAE/m MAPE/(%) RMSE/m R2
4x4 1.41 11.81 2.12 0.96
8x8 1.29 11.55 1.95 0.97
16x16 1.25 10.84 1.97 0.97

£ 3 AREFEKX/NI 2024 £ 8 A 19 H SAR HIFHTMLE R

Table 3 Predictions of different subimage sizes for SAR data on 19 August 2024
FEIRAN MAE/m MAPE/(%) RMSE/m R?
4x4 1.39 12.42 2.32 0.96
8x8 1.29 11.70 1.96 0.97
16x16 1.24 11.02 2.07 0.97




K7 BRI =K T HIE M. (a) 4x4 TISS

, (b) 8x8 il

433

Depth / m

B, (d) 25K

45 (c) 16x 16 T2
Fig. 7 Three-dimensional topography of the study area. (a) 4x4 prediction, (b) 8x8 prediction,

(c) 16x16 prediction, (d) reference water depth data

28 Mar. 2024, 10:41:58 UTC (a)

K8 Alulif
Fig. 8

FHIPKEEE, 3 A 28 H Y SAR B Tl 4% 5 30 H 4
KR ZE, A P4 22 2.19 m, HHRIRZE
7 2.61 m, P4 % E 4 iR 25 21.33%. 40 &
8(a) 7R, %5 SAR BRI BIK XK X,
SAR EIRAE K 46 DB FEAEAS 5 ] i, o IO 7R Hfe
PIMER B AT B, T DA TR K 38 3k f AER. X T
8 J1 19 HAY SAR ¥, W45 SRR BN “FI 2%
R2ZEH 1.29 m, HHARIRERZEHR 1.96 m, FILH >
FLiR2% 4 11.70%, %5 SAR 1% R TBU/MiR 2,
JEHRTE K DRI TR S K R X . X b AT 4, HA

19 Aug. 2024, 10:41:56 UTC  (b) Range

1.0
0.8
0.6
0.4
0.2
0

HL T SAR B

SAR images under different sea conditions

2B H G SAR IR, /KGRI RS 1 v, X
ﬁj%kl%{ﬁm%ﬁ%%ﬂ%, H R IR R BE AR 1Y
IREREAL T 10~30 m, ERKIX FNZE R ERWL, 5
IS BRI S K.

4 ZRHKREEH

T TR IR S ) TR 5 5 KR AR A 2 TR] Y
FHSEME, $2H T —F LT 2R A IR 2 KT
HOEERIARERD (MR-WDI LAY, #5538 80T 2024 4



434 Chin. J. Space Sci. =AFFFIR 2025, 45(2)
b
50 ®) 1.0
MAE=2.19m MAE=1.29m 2%
RMSE=2.61 m RMSE=1.96 m .
MAPE=21.33% MAPE=11.70% e
. 401 R*=0.94 1 s 0.8
e %
5
< 30 0.6
= 2
.8 7
g 5
g A
'ﬁ 20 0.4
4
<
wn
10 0.2
( A= T " r 0
0 10 20 30 40 50 50

Reference depth / m

Reference depth / m

K9 KRR R 22 B A

Fig. 9

AN [l 5L 25 A 7 5 v I g 5 R AR I 6 B
Sentinel-1 L& SAR AR, Hr 4 S8R vH Ty
YIZRAE, HAR 2 SRl W H] TR AR Ak, 52 0 4540
I 8 FVEFIES I, 7332 VV RS a1 &=
B (oyV), THIBALA (0), HUBRZ LG DL KA AR
FR I T XU (KGR ) L sy (IR Il ), fif
5 HZs E VL —2 1 ETOPO /K T HUE ™ il 2
ZEAH, VT KA, #58 MR-WDI A8, 7E 125
£ |, KIFEEK MAE 4 1.08 m, RMSE & 1.57 m,
MAPE 4 6.56%, i KARM 7K G 3 FEl 5 49.05 m. 78
MR I, 2 5 %R RMSE 4 1.95 m, MAPE
H11.55%, 2 s8I 2 R i, Ui MR-WDI
RRA X T2 XK R ke HE i tEdcar. 5
BT IR L BRI )L IR A S S K TR
LM HOC R AR T A L, AR 9 MR-
WDI #2 BUAAN AL K BRI BBl LA pr 7, i HL 38
i 22 B A B Rl A, B TR R X A R A Ak Y R
P, 7E 2 SeEE 1 s B R

BEAk, BB TR AL AR SAR £ BURRE X 7K
RSB AR RR RS2 MR, — D7 T, A DL B A
ZRT RERBER, A TR, f g
EYsN & S I P NANUE o7 AL 3 e/ ) SR e TR
BHRZ, R HORS BERR, H3Z EIR S 7K IR S HE R
LA X IR AR TR), e T B R/ NS AN ], 5%
A EPE 8x8 T EIM AL . 5 —J5 i, MR-WDI
R PERESZ SAR S5BURHMIE RSN, X T 52 ¥ 2%
FFERZM R SAR BUE, REHRIME LUIAER i B KR 15 2,

Scatterplot of water depth inversion errors

JIT LAZK BRI 45 5 AE K X 53K KT 5% K
W, RERK MAFAEARE SAR SREUIE %, 7K
TR A R TR 25 KR, B T XK R 53 A
ZSRW, TE 30 m Lh L K R B0 25 AR T 2 %
IKER.

S MR-WDI B RIFE FMG AR SURIE AT X T A7
FE— 2 BRI, (HIRBE 2 2 7F SAR MR K RER M 5
HRR B R BT T, 5 S R AN TR] X 38 A 7K T 43
A AR A AT A I K R 525, Aok, AT LA
FIFHTE 209 SAR ¥t 454G SAR SR HE IS 5K
B2 BRI R, DA i i B AR
DU FRS B AR 2 LA B 7 KA A (1335 FH Y .

Sk

[1] SHEN W, CHEN M Y, WU Z Q, et al. Shallow-water ba-
thymetry retrieval based on an improved deep learning
method using GF-6 multispectral imagery in Nanshan Port
waters[J]. IEEE Journal of Selected Topics in Applied
Earth Observations and Remote Sensing, 2023, 16: 8550-
8562

[2] PURKIS S J, GLEASON A C R, PURKIS C R, et al
High-resolution habitat and bathymetry maps for 65, 000
sq. km of Earth’s remotest coral reefs[J]. Coral Reefs, 2019,
38(3): 467-488

[3] AI B, WEN Z, WANG Z H, et al. Convolutional neural
network to retrieve water depth in marine shallow water
area from remote sensing images[J]. IEEE Journal of Selec-
ted Topics in Applied FEarth Observations and Remote
Sensing, 2020, 13: 2888-2898

[4] CUI Ziwei, XU Wenxue, LIU Yanxiong, et al. Current

status of the acquisition and processing of airborne laser


https://doi.org/10.1109/JSTARS.2023.3310166
https://doi.org/10.1109/JSTARS.2023.3310166
https://doi.org/10.1109/JSTARS.2020.2993731
https://doi.org/10.1109/JSTARS.2020.2993731
https://doi.org/10.1109/JSTARS.2020.2993731
https://doi.org/10.1109/JSTARS.2020.2993731

o

[5]

(6]

(7]

(8]

(9]

(10]

(1]

(12]

(13]

(14]

[16]

sounding data[J]. Remote Sensing for Natural Resources,
2023, 35(3): 1-9 (8 T-f, BRorae, X akhfe, 45, HLERBOCIIR
R3S b BERAR UK [J). AR IGE IR, 2023, 35(3): 1-
9)

LI Yujia, ZHOU Xiaoqing, LI Guoyuan, et al. Progress and
prospect of space-borne photon-counting lidar shallow wa-
ter bathymetry technology[J]. Infrared and Laser Engin-
eering, 2022, 51(10): 20220003 (Z=F{E, JEBT, Z2EG, 5.
B HETFROGE IR BOK R A R [J). 2045
S¥OETFE, 2022, 51(10): 20220003)

SCHWARZ R, MANDLBURGER G, PFENNIGBAUER
M, et al. Design and evaluation of a full-wave surface and
bottom-detection algorithm for LiDAR bathymetry of very
shallow waters[J]. ISPRS Journal of Photogrammetry and
Remote Sensing, 2019, 150: 1-10

WESTFELD P, MAAS H G, RICHTER K, et al. Analysis
and correction of ocean wave pattern induced systematic
coordinate errors in airborne LiDAR bathymetry[J]. IS-
PRS Journal of Photogrammetry and Remote Sensing,
2017, 128: 314-325

HEDLEY J, ROELFSEMA C, PHINN S R. Efficient radi-
ative transfer model inversion for remote sensing applica-
tions[J]. Remote Sensing of Environment, 2009, 113(11):
2527-2532

LIU Y M, TANG S L, DENG R R, et al. Mapping ul-
trahigh-spatial-resolution bathymetry for a wide range of
coastal optically shallow waters without in situ bathymet-
ric data[J]. IEEE Transactions on Geoscience and Remote
Sensing, 2023, 61: 4207716

CAO B, DENG R R, ZHU S L. Universal algorithm for
water depth refraction correction in through-water stereo
remote sensing[J]. International Journal of Applied Earth
Observation and Geoinformation, 2020, 91: 102108
LYZENGA D R. Passive remote sensing techniques for
mapping water depth and bottom features[J]. Applied Op-
tics, 1978, 17(3): 379-383

CAO Bin. A Study of Shallow Seafloor Relief Measure-
ment Using Optical Satellite Images[D]. Shanghai: Shang-
hai Ocean University, 2018 (. Y T ARGV IC H
JEM RIS (D). il FIgEEReE, 2018)

LAT W D, LEE Z, WANG J W, et al. A portable al-
gorithm to retrieve bottom depth of optically shallow wa-
ters from top-of-atmosphere measurements[J]. Journal of
Remote Sensing, 2022, 2022: 9831947

LIU Y M, ZHAO J, DENG R R, et al. A downscaled ba-
thymetric mapping approach combining multitemporal
Landsat-8 and high spatial resolution imagery: demonstra-
tions from clear to turbid waters[J]. ISPRS Journal of Pho-
togrammetry and Remote Sensing, 2021, 180: 65-81

CHEN B Q, YANG Y M, XU D W, et al. A dual band al-
gorithm for shallow water depth retrieval from high spa-
tial resolution imagery with no ground truth[J]. ISPRS
Journal of Photogrammetry and Remote Sensing, 2019,
151: 1-13

XU Y, CAO B, DENG R R, et al. Bathymetry over broad

1 5 AT SR ONR L 3 3 6 XK T SAR T2 i A

(17]

(18]

(19]

(20]

[21]

[22]

(23]

(24]

(25]

(26]

(27]

435

geographic areas using optical high-spatial-resolution satel-
lite remote sensing without in-situ data[J]. International
Journal of Applied Earth Observation and Geoinformation,
2023, 119: 103308

MA S, TAO Z, YANG X F, et al. Bathymetry Retrieval
From Hyperspectral Remote Sensing Data in Optical-Shal-
low Water[J]. IEEE Transactions on Geoscience and Re-
mote Sensing, 2014, 52(2): 1205-1212

PACHECO A, HORTA J, LOUREIRO C, et al. Retrieval
of nearshore bathymetry from Landsat 8 images: a tool for
coastal monitoring in shallow waters[J]. Remote Sensing of
Environment, 2015, 159: 102-116

LEGLEITER C J, OVERSTREET B T, GLENNIE C L, et
al. Evaluating the capabilities of the CASI hyperspectral
imaging system and Aquarius bathymetric LiDAR for
measuring channel morphology in two distinct river envir-
onments[J]. Earth Surface Processes and Landforms, 2016,
41(3): 344-363

XI Xiaohuan, WANG Zijia, WANG Cheng. Bathymetric
extraction method of nearshore based on ICESat-2/AT-
LAS data[J]. Journal of Tongji University (Natural Sci-
ence), 2022, 50(7): 940-946 (M WEH, LT %K, L. #T
ICESat-2/ATLAS ¥t it 35 1 2 /K R HL [3]. [ PF R &%
R (ARBIEIR), 2022, 50(7): 940-946)

HU Qixin, CHENG Liang, CHU Sensen, et al. Water depth
extraction of ICESat-2 and application to bathymetric in-
version[J]. Chinese Journal of Geophysics, 2024, 67(3): 997-
1012 (W3R, B3, BARAR, 55, ICESat-2 /KRR 15 K
RN [J). Hiekpy B4z, 2024, 67(3): 997-1012)

FAN Kaiguo, HUANG Weigen, FU Bin, et al. SAR shal-
low water bathymetry surveys: a case study in Taiwan
Shoal[J]. Chinese Journal of Geophysics, 2012, 55(1): 310-
316 (TP, BH R, b, 4. AIEERMERIEKEE SAR K&
PRI SZFIWEST (7). M3k #~#4, 2012, 55(1): 310-316)
BRUSCH S, HELD P, LEHNER S, et al. Underwater bot-
tom topography in coastal areas from TerraSAR-X data[J].
International Journal of Remote Sensing, 2011, 32(16):
4527-4543

WANG Xiaozhen. Research on SAR Remote Sensing Ima-
ging Mechanism and Inversion of Typical Shallow Water
Topography[D]. Hangzhou: Zhejiang University, 2018 (/]
2. ki RK N B SAR 32 BB HLI A SO BF 5T (D).
BUM: WK, 2018)

YU Xiangzhen, CHONG Jinsong, HONG Wen. Shallow sea
topography imaging model by along-track interferometric
SAR and its optimal radar parameters analysis[J]. Journal
of Electronics & Information Technology, 2010, 32(10):
2377-2382 (THEML, IR, HESC. WHL T SAR i P
JEAG A K H A5 B R W S HO BT (0], LT SR B2 IR,
2010, 32(10): 2377-2382)

ALPERS W, HENNINGS I. A theory of the imaging mech-
anism of underwater bottom topography by real and syn-
thetic aperture radar[J]. Journal of Geophysical Research:
Oceans, 1984, 89(C6): 10529-10546

BIAN X L, SHAO Y, WANG S A, et al. Shallow water


https://doi.org/10.11908/j.issn.0253-374x.22126
https://doi.org/10.11908/j.issn.0253-374x.22126
https://doi.org/10.11908/j.issn.0253-374x.22126
https://doi.org/10.11908/j.issn.0253-374x.22126
https://doi.org/10.11908/j.issn.0253-374x.22126
https://doi.org/10.11908/j.issn.0253-374x.22126
https://doi.org/10.11908/j.issn.0253-374x.22126
https://doi.org/10.11908/j.issn.0253-374x.22126
https://doi.org/10.6038/cjg2023Q0837
https://doi.org/10.6038/cjg2023Q0837

436

(28]

29]

(30]

31]

32]

33]

(34]

[35]

[36]

37]

38]

depth retrieval from multitemporal sentinel-1 SAR data[J].
IEEE Journal of Selected Topics in Applied Earth Observa-
tions and Remote Sensing, 2018, 11(9): 2991-3000

YUAN Y L, HUA F, PAN Z D, et al. LAGFD-WAM nu-

merical wave model

1. basic physical model[J]. Acta
Oceanologica Sinica, 1991, 10(4): 483-488

ZHANG S S, LIU B, LI X F, et al. Automatic extraction of
internal wave signature from multiple satellite sensors
based on deep convolutional neural networks[C]//IGARSS
2020 - 2020 IEEE International Geoscience and Remote
Sensing Symposium. Waikoloa: IEEE, 2020: 5717-5720
WANG J, ZHANG H G, YANG J S, et al. A new map-
ping method of underwater bottom topography in the shal-
low sea by using SAR images[C]//Remote Sensing of the
Ocean, Sea Ice, Coastal Waters, and Large Water Regions
2016. Edinburgh: SPIE Remote Sensing, 2016

FAN Kaiguo. Shallow water bathymetry surveys by SAR
based on M4S for simulations of microwave imaging ocean-
ic surface[D]. Qingdao: Ocean University of China, 2009
(ETFE. ST GO R R 05 5 M4S 3RIFR SAR I HIE
TR [D]. 355 thEEEAER:, 2009)

LI D F, ZHAO Z Q. Facet-based hybrid method for elec-
tromagnetic scattering from shallow water waves modu-
lated by submarine topography[J]. IEEE Transactions on
Geoscience and Remote Sensing, 2022, 60: 2004314
HUANG L Y, MENG J M, FAN C Q, et al. Shallow sea
topography detection from multi-source SAR satellites: a
case study of Dazhou Island in China[J]. Remote Sensing,
2022, 14(20): 5184

BIAN X L, SHAO Y, TIAN W, et al. Underwater topo-
graphy detection in coastal areas using fully polarimetric
SAR data[J]. Remote Sensing, 2017, 9(6): 560

PEREIRA P, BAPTISTA P, CUNHA T, et al. Estimation
of the nearshore bathymetry from high temporal resolution
Sentinel-1A C-band SAR data - a case study[J]. Remote
Sensing of Environment, 2019, 223: 166-178

RONG Feicheng, MENG Junmin, JI Yonggang. Shallow
sea underwater topography detection based on SAR subap-
erture image[J]. Journal of Telemetry, Tracking and Com-
mand, 2024, 45(1): 106-115 (5 K, FHREL, &K N]. IEF
SAR FALA LA B i K T HGHEI [J). JE 08 7, 2024,
45(1): 106-115)

FANG Chao, WANG Sheng, LIU Guihong, et al. Spatio-
temporal distribution characteristics of arctic ice eddies
based on SAR satellite observations[J]. Chinese Journal of
Space Science, 2023, 43(6): 1125-1134 (J5#8, TEME, XIH:4T,
S5 BT SAR TR WAL KGR I 23 S A SAE (9], 25 IR
SR 2023, 43(6): 1125-1134)

REN Shihe, HAN Yanhong, LI Jingshi, et al. Oceanic front
detection model based on U-Net network[J]. Chinese
Journal of Space Science, 2023, 43(6): 1091-1099 ({E 7S,
BRARLL, ZRER), 4. BT U-Net I VEE R RER AR (7).
a3 ARk, 2023, 43(6): 1091-1099)

(39]

(40]

(41]

[42]

(43]

(44]

(4]

[46]

Chin. J. Space Sci. =AFFFIR 2025, 45(2)
LEE S, KIM D J, LI C L, et al. A new model for high-ac-
curacy monitoring of water level changes via enhanced wa-
ter boundary detection and reliability-based weighting av-
eraging[J]. Remote Sensing of FEnvironment, 2024, 313:
114360

YANG H Y, FANG C, WANG S, et al. On the ambiguity
removal of wind direction derived from space-borne SAR
imagery using deep learning[J]. Remote Sensing of Environ-
ment, 2024, 308: 114202

YUROVSKY Y Y, KUDRYAVTSEV VN, YUROVSKAYA
M V, et al. Tropical cyclone signatures in SAR ocean radi-
al Doppler Velocity[J]. Remote Sensing of Environment,
2024, 311: 114251

ZHAO X N, WANG D Q, XU H L, et al. Water deep map-
ping from HJ-1B satellite data by a deep network model in
the sea area of Pearl River Estuary, China[J]. Open
Geosciences, 2021, 13(1): 782-795

WU Z Q, MAO Z H, SHEN W, et al. Satellite-derived ba-
thymetry based on machine learning models and an up-
dated quasi-analytical algorithm approach[J]. Optics Ez-
press, 2022, 30(10): 16773-16793

KALOOP M R, EI-DIASTY M, HU J W, et al. Hybrid ar-
tificial neural networks for modeling shallow-water bathy-
metry via satellite imagery[J]. IEEE Transactions on
Geoscience and Remote Sensing, 2022, 60: 5403811
ZHONG J, SUN J, LAI Z L, et al. Nearshore bathymetry
from ICESat-2 LIDAR and Sentinel-2 imagery datasets us-
ing deep learning approach[J]. Remote Sensing, 2022,
14(17): 4229

LI X F, YANG X F, ZHENG Q N, et al. Deep-water ba-
thymetric features imaged by spaceborne SAR in the Gulf
Stream region[J]. Geophysical Research Letters, 2010, 37:
119603

EE BN

EEE B, 20014 12 A HAETI
TRATEMNTT, B ER B2 KI5 B A
o Be e ST AE, BB ST Oy 1) A 3
T SAR WK T HUEESE.

E-mail: cuiyide23@mails.ucas.ac.cn

F B GEREEE) L, 19824
12 AT Rig, 3oy ERE R E R
15 B AVHHIT 5 B 12 8% 5 7 M Bk R i 9L
OB 0L, EENSEIT W A3 T B
S R U T R LR R G
S

E-mail: yuyang@Qaircas.ac.cn


https://doi.org/10.1109/JSTARS.2018.2851845
https://doi.org/10.1109/JSTARS.2018.2851845
https://doi.org/10.1109/JSTARS.2018.2851845
https://doi.org/10.11728/cjss2023.06.2023-0088
https://doi.org/10.11728/cjss2023.06.2023-0088
https://doi.org/10.11728/cjss2023.06.2023-0088
https://doi.org/10.11728/cjss2023.06.2023-0088
https://doi.org/10.11728/cjss2023.06.2023-0097
https://doi.org/10.11728/cjss2023.06.2023-0097
https://doi.org/10.11728/cjss2023.06.2023-0097
https://doi.org/10.1016/j.rse.2024.114360
https://doi.org/10.1016/j.rse.2024.114202
https://doi.org/10.1016/j.rse.2024.114202
https://doi.org/10.1016/j.rse.2024.114202
https://doi.org/10.1364/OE.456094
https://doi.org/10.1364/OE.456094
https://doi.org/10.1364/OE.456094
https://doi.org/10.3390/rs14174229
mailto:cuiyide23@mails.ucas.ac.cn
mailto:yuyang@aircas.ac.cn

	0 引言
	1 研究区域与数据
	1.1 研究区域
	1.2 Sentinel-1 A数据
	1.3 风和流数据
	1.4 水深参考真值

	2 水深探测模型
	2.1 数据集构建
	2.2 浅海水下地形反演模型

	3 模型结果分析与验证
	3.1 模型输入对性能的影响
	3.2 SAR图像特征对模型性能的影响

	4 结论与发展趋势
	参考文献

