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Wi (BeckerZ:, 2009; CostaZy, 2009), (&
T AT SR 110 23 18] 3 B S5SNI ) 53 9 230 1Y) A W 4

HEWA . R R H (45 : 2025GXNSFAA 069642 ,2024GXNSFBA010172) 5 Fl % H AR BL 34 (45 : 42201463 ,42371341) ;)
T B T AR MR T LRI AE 74 TH H (405 :2023KY0265) 5 ) 76 25 [a] {5 B 45 0 28 B S22 P 4 (45 21-238-21-26)

E—EEE N =V U NI R A IR b E % . E-mail: gaoertao@glut.edu.cn
BEEEEN: FEE, 57 2SR RO TR . E-mail: gzhou@glut.edu.cn



2560 National Remote Sensing Bulletin i & 54k 2025, 29(8)

f (FuZs, 2022; Gao Al Zhou, 2023), i#EHA
AINAE TR BRI K IR R (Yang 55, 2022;
JRAEE 4, 2023; Zhou %, 2023). i T AW
IR R R R BRI SA%, HAEHE K
YO PR AT LI, AR K AR O A K
BV S (XuE, 2022). HRIE AT ILGTEK 15
Bk, 38 K IR B T R AT DL ST B SR RS S K
TRI & Z AL K IR KR A (IRER 5,
2023), — BT, HAL A RO R, WAk
P B K DR AT 5t B S b S X3 A K IR
I3AE (Yang %, 2022).

HaT, EPWAMEE IR T KR TEEY
QR K R ST IT o 3k 2805 1k 0] LA 43 oA R f AT
B | 2B L I BRI AR 328 (3%
%, 2018) . BRISMEATALALE I TG 46 1L i
Dy AR, SO R B R Y R S KR
JEE TS 59 B @ AT AR (Cao %5, 2021) . 3X JEAEEAY
KRR, WEE MR, (R KOS SR
%, THEE 2 AR R A, PR BR AR T N
(BLIEWE 45, 2023), RBE P00 UK WIS 2
¥ TE (Traditional Empirical) 5%, J24&{di 1 H5
AN 2656 2 B 45 5 10 O 1k 5 B B0 't 32 Jek
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RMSE BB REAR, 76 BT KR L3 Jm RS AT
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G B ShRmE b g S R 3%

2 WFSE XRS5 R IR
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Fig. 1 Distribution map of the research area
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ey i 4 B 7 R S AR A ORAR IE AR B
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F1 SHERWERES

Table 1 Modeling elements for each model

i HRT R

Stumpf In(b1)/In(b3)

Lyzenga In(b1).In(b2) .In(b3) .In(b4)

LR In(b1) .In(b2) \In(b3) \In(b4) \In(b1)/In(b3)
In(b1)/In(b4) In(b2)/n(b3) \In(b2)/In(b4)

BPNN 5 MLR #H[A]

LS-SVM 5 MLR A [
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Index) . £Lii 4R AH B AEECREC] (Red Edge Clre
Index) . 3 —A4k 22 {H K 5335 % NDWI (Normalized
Difference Water Index), LIS HEE B RE (L7
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HFSHHEE,

3.3.1 KihZihIB A EIREL

JKNZE FL (Flowage Line) J&48 7KK [l o i
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AE% (NDWI) SREEBUKINZ . ZF8EOR KA
Xof B D EL AT 5 R W AR g T 5 SR S R AR
X, AT RS IRAE B, LR B X r Kk
B0 BBy B, A58 R NDWI R $
Sentinel -2 S A5K AL

T F) O A S DX 22 IR S I K R
P, DAL el Y 5 D0 04 ok Iz DX ) 7K 30 2k 3
W B HAE S . HiEa Mg H, S

TKRTE O m [ 1 SSAR D, ARMERL A B — 2552 4 1)
Mg, B, ABF5E 256 R H NDWI 42 B 7K i
2 MUK TRAE 0—0.1 m A9 20 550k #0147k 1 2k
(K6), HARMARMT: (1) HNDWILE R
e R R, TR B S G AR
(2) Bk 2k LB A A5 =0, 1 71 Rl P S 0 7K O s
M2 2h B S AMATLABH; (3) 3 JJ5 T A7 NDWIZK
R, A ] N4 R I A O A S K R
R, W2 JUEL M SRR KDL R (4) 3t
BRI, AFRK L A SO B AR bR . AS B
FER A FEA B 57K 2 0 e R B A AR 2R

21°03'N

21°02'N

21°01'N
100°04E  109°05E  109°06E  109°07E
o <0.1m SEMIKIFS Z PRSP /m
— NDWI /Kilig - (2)1'64
Bl 6 b M & PE A NDWI 7K 28 FZ I 5 0—0.1 m
S K R

Fig. 6 The NDWI waterline and multi-beam measured 0-0.1 m
water depth on the west side of Weizhou Island in Beibu Gulf
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R2 CMEEARNERAS

Table 2 Six combinations of modeling elements

GSpIES LEE SN

In(b1) .In(b2) .In(b3) .In(b4) .In(b1)/In(b3)

%1
RES In(b1)/In(b4) .In(b2)/In(b3) .In(b2)/In(b4)

Lat .Lon .FL.In(b1) .In(b2) .In(b3) .In(b4) .In(b1)/In(b3)
Jr%2
In(b1)/In(b4) .In(b2)/In(b3) .In(b2)/In(b4)

Lat .Lon .FL.In(b1) .In(b2) .In(b3) .In(b4) In(b1)/In(b3) .
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Remote sensing inversion method for offshore water depth considering
geographical location characteristics
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Abstract: Bathymetric maps with high spatial resolution can display topographic details and provide data support for maritime navigation,
coastline management, and marine resource utilization and development.

This study conducted experiments in the sea areas of Weizhou Island in China and Molokai Island in USA. With the support of Sentinel-
2 and Landsat-9 images, a water depth inversion method was proposed first, which incorporates geographic location features as modeling
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elements. Then, an optimal water depth inversion model based on a Back Propagation Neural Network (BPNN) was constructed. Finally,
different remote sensing data were used to perform accuracy tests of the inversion method proposed in this paper in various sea areas.

During model selection, machine learning models consistently outperformed empirical models across all accuracy metrics. The BPNN
model exhibits the highest modeling accuracy in machine learning models. In addition, the machine learning model is more stable, its
inversion of the water depth map can better invert the actual water depth change in the experimental area, and its inversion image is
smoother. The introduction of geographic location features can significantly improve the accuracy of water depth inversion. Experimental
results have shown that the inversion accuracy in the Weizhou Island was improved from an R’ value of 0.7666 to 0.9952, and the RMSE
was reduced from 2.5016 m to 0.3578 m. As a validation experiment, the R* value in the Molokai Island area was 0.9939, and the RMSE
decreased from 3.0165 m to 1.0189 m. At the same time, the introduction of geographic location features can also eliminate the influence of
some clouds and fog on remote sensing images, with more accurate water depth inversion results being generated.

The conclusion demonstrated that, using all bands of the image for modeling, the inversion of the water depth map is smoother. This
method can better invert regional bathymetry trends, with fewer outliers and more accurate inversion results. After geographic location
features were incorporated, the addition of vegetation index features did not yield better results. Instead, it slightly decreased the modeling
accuracy of the model. Therefore, analyzing the autocorrelation between each element and making comprehensive decisions on
modeling factors are important. In summary, the water depth inversion model constructed in this study has high accuracy, strong reliability,
and good portability. It can be effectively used to measure shallow sea depth.

Key words: optical remote sensing, offshore waters, geographic location characterization, BPNN model, Weizhou Island, Molokai Island,
accuracy validation
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