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Physics-guided deep neural
networks for bathymetric
mapping using Sentinel-2
multi-spectral imagery
Shuo Qian1, Yingying Chen1, Wei Wang1*, Gaowei Zhang1,
Lei Li1, Zengzhou Hao2 and Yi Wang1

1School of Arti�cial Intelligence, Beijing University of Posts and Telecommunications, Beijing, China,
2Second Institute of Oceanography, Ministry of Natural Resources, Hangzhou, China
Satellite-derived bathymetry (SDB) based on multi-spectral imagery data has
been a critical tool for large-scale water depth in shallow water regions.
Traditional SDB models primarily rely on known laws relating the exponential
attenuation of light with the path length it traveled. In the past few years, deep
computer vision models have emerged as valuable new technologies for
bathymetry measurement. However, due to the black-box nature of these
deep models, they may produce bathymetry results that are inconsistent with
physical laws and exhibit limited generalizability across diverse areas. In this
paper, we propose a novel hybrid architecture, HybridBathNet, that integrates
UNet (extracting spatial and spectral feature) with a physical bathymetry network
(ensuring physical relationships). By embedding physical constraints directly into
the model architecture, HybridBathNet achieves improved bathymetric inversion
accuracy while maintaining consistency with established optical attenuation
laws. Experimental results demonstrate that the proposed model delivers high-
quality bathymetric estimations across diverse island regions. Comparative
evaluations against state-of-the-art methods further validate the superior
accuracy and generalization capability of HybridBathNet. The code of
HybridBathNet is available at https://github.com/qiushibupt/HybridBathNet.
KEYWORDS

satellite-derived bathymetry, deep learning, multi-spectral imagery, physics-guided
neural network, Sentinel-2
1 Introduction

Traditional bathymetric measurement methods primarily rely on acoustic equipment
such as sonar, which, despite their high precision, face challenges including low
measurement ef�ciency, high costs, and limited coverage (Constantinoiu et al., 2024; de
Moustier, 1988). Additionally, these large survey vessels often cannot access shallow waters,
resulting in a scarcity of nearshore bathymetric data. In recent years, with advancements in
technology and satellite payload capabilities, there has been a signi�cant increase in Earth
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observation satellite launches, providing various high-quality
observational data (Philpot, 1989; Manessa et al., 2016). Among
various remote sensing platforms available for bathymetric
mapping, Landsat series satellites, with their extensive temporal
archive dating back to the 1970s and free data policy, have been
widely applied in satellite-derived bathymetry (SDB) applications
(Jagalingam et al., 2015; Duan et al., 2022). High-resolution
commercial satellites such as WorldView-2 and WorldView-3
offer superior spatial resolution (2–3 meters) and additional
spectral bands, enabling more precise bathymetric inversion in
shallow waters within 6 meters depth, though their commercial
nature limits widespread accessibility (Evagorou et al., 2022;
Wicaksono et al., 2024). In the �eld of bathymetric inversion,
publicly available 10-meter resolution Sentinel-2 multispectral
imagery has been widely utilized, with its 10-meter spatial
resolution effectively enhancing the capability to identify sea�oor
features (Spoto et al., 2012; Immitzer et al., 2016). Furthermore, the
combination of free data access and regular acquisition schedules
makes Sentinel-2 particularly suitable for long-term monitoring
applications and climate change impact assessments. As remote
sensing technology develops, Satellite-Derived Bathymetry (SDB)
methods based on remote sensing imagery have gradually become
an important supplementary approach for shallow water depth
measurement due to their advantages of large coverage area, rapid
acquisition, and low cost.

The principle of Satellite-Derived Bathymetry (SDB) based on
multispectral imagery data is to construct a bathymetric inversion
model that utilizes the correlation between spectral imagery
captured by satellites and water depth to estimate water depth.
Currently, SDB methods are mainly divided into two categories:
physics-based methods and empirical model-based methods.
Physics-based methods primarily establish a direct relationship
between re�ectance and water depth by considering the
propagation of light in water bodies, taking into account imagery
of both the water column and the sea�oor. In 1970s, researchers use
re�ectance from different bands to correct for sea�oor albedo,
constructing the log-transformed linear band model for water
depth derivation (Lyzenga, 1978, 1981). To address the issue of
excessive parameters requiring �tting, the logarithmic band ratio
model (LBR) is more widely used. It employs a linear �t to the
logarithm of the ratio between the blue and green bands for water
depth, reducing the impact of sea�oor variations and offering
greater robustness (Stumpf et al., 2003). Building on this, the
polynomial logarithmic band ratio model (PLBR) is also proposed
to further capture non-linear relationships (Han et al., 2023). For
shallow water SDB tasks, advanced statistical �ltering methods have
been employed to accurately identify the re�ection times of light at
the water surface and sea�oor, thereby enhancing SDB performance
(Degnan, 2002; Chen et al., 2021, 2022). Subsequent research has
leveraged absorption and backscattering coef�cients derived from
multispectral satellite imagery to enhance the performance of SDB
models (Lee et al., 2016). Moreover, the incorporation of Tobler’s
First Law of Geography has been shown to reduce statistical bias in
model predictions (Traganos et al., 2018). These physics-based
methods typically require complex mathematical derivations, and
Frontiers in Marine Science 02
their prediction results are highly dependent on high-quality
input imagery.

Compared to physics-based methods, empirical methods directly
�t the relationship between re�ectance and water depth. In this line,
traditional machine learning-based methods can accept inputs from
more spectral bands and use in-situ data for �tting, allowing them to
establish more complex �tting functions. This capability leads to
better bathymetric inversion performance, as demonstrated by
models based on support vector regression (Hamilton et al., 1993;
Mateo-Pe�rez et al., 2020), multilayer perceptron (Le et al., 2022), and
random forest (Misra et al., 2018). Additionally, researchers employ
the K-nearest neighbors (KNN) algorithm to assign optimal linear
regression models to different subspaces, each with appropriate band
combinations, thereby improving the accuracy (Niroumand-Jadidi
et al., 2020). However, these methods operate on a per-pixel basis,
which constrains their receptive �elds and hinders the exploitation of
spatial context. As research progressed, researchers discover that
spatial information contained in multispectral imagery is critical. For
example, experiments from three different areas demonstrate notable
improvements in SDB accuracy when spatial information is
incorporated (Cahalane et al., 2019). The recent progress of
computer vision technologies–such as scene classi�cation (Chollet,
2017), object detection (Bochkovskiy et al., 2020), and semantic
segmentation (Sun et al., 2019)–demonstrate the effectiveness of
deep network architectures in capturing complex spatial patterns,
which holds great promise for enhancing SDB accuracy. Early efforts
in this direction apply Convolutional Neural Networks (CNNs) to
multispectral imagery from satellites such as ZY-3, GF-1, and
WorldView-2, resulting in SDB models based on single-layer
convolutional architectures (Ai et al., 2020). Building on this
foundation, more advanced deep architectures–such as U-Net and
Re�neNet–are later adapted for SDB applications to better capture
hierarchical spatial features (Mandlburger et al., 2021; Sun et al.,
2023). Recently, to effectively integrate multi-scale spatial features and
enhance generalization, researchers introduce a multi-scale center-
aligned hierarchical resampling module, which enables reliable
performance even with limited in-situ data (Qin et al., 2024).
Although SDB methods based on deep learning have achieved
certain successes, direct application of these black-box models
encounters two major challenges. (1) Physical inconsistency.
Physics-based SDB methods are grounded in established physical
principles and incorporate domain-speci�c prior knowledge,
allowing them to explicitly model the physical processes involved
in light propagation through water. In contrast, deep learning
methods operate as black-box models and do not explicitly account
for the underlying physical laws. As a result, they may generate
bathymetric estimates that are inconsistent with the physics of light
attenuation in ocean environments. (2) Limited generalization.
Relationships learned by deep learning-based SDB models are
primarily data-driven. As such, their predictions are often
constrained by the distribution of the training data and may
degrade in scenarios that differ signi�cantly from those seen during
training. For instance, a deep learning model trained on clear shallow
waters may produce inaccurate or unreliable depth estimates when
applied to complex environments.
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To address these challenges, this paper proposes a novel deep
learning framework that integrates domain knowledge and physical
principles into SDB. A straightforward strategy for enforcing
physical consistency in SDB is to incorporate physics-based loss
functions into the training objective, as inspired by approaches in
other domains [e.g (Daw et al., 2022; Beucler et al., 2019; Raissi
et al., 2019)]. However, the inclusion of such loss functions alone is
not enough to address the above limitations in the SDB �led. To this
end, we go beyond the use of physics-based loss functions by
embedding physical principles of SDB directly into the network
architecture, and propose a novel framework–HybridBathNet
(Hybrid Architecture for Physically Consistent Bathymetry).
Speci�cally, we �rst process the Sentinel-2 image data to remove
noise such as clouds and sun glint, and then match it with airborne
LiDAR Bathymetry (ALB) elevation data to the same dimensions to
construct the dataset. Second, this study pioneers the integration of
a physical network module within a deep learning framework
speci�cally for bathymetric inversion. Unlike conventional
approaches that impose soft constraints via loss function
regularization, HybridBathNet simultaneously predicts the Water
Depth Index (WDI) from radiative transfer theory as an intrinsic
part of the network. Moreover, through a feature fusion module
explicitly designed based on prior physical knowledge,
HybridBathNet enforces physical constraints at the feature level.
By embedding physical priors directly into the network
architecture, this method not only enhances interpretability but
also substantially improves the model’s �tting accuracy and
generalization capability. The contributions of this paper
are threefold:
Fron
• We develop a novel hybrid SDB model, HybridBathNet,
capable of automatically learning the mapping rules
between water surface radiance features and water depth
from multispectral satellite imagery and in-situ data,
performing well in various complex areas.

• By introducing a physical bathymetry network in
HybridBathNet, we explicitly incorporate physics
guidance into the deep learning model. Unlike approaches
that rely solely on physics-based loss functions, our method
embeds physical knowledge directly into the model
structure, thereby tailoring the network speci�cally for
bathymetric inversion. This internal incorporation of
physical constraints enhances the model’s generalization
capability. As a result, HybridBathNet achieves higher
accuracy and improved robustness across diverse and
complex seabed topographies.

• We selected a total of �ve research areas located in the
Atlantic Ocean, Caribbean Sea, and Paci�c Ocean to
construct training and testing data, as well as real-world
dataset. Training data comes from Oahu Island, while real-
world dataset come from St. Croix Island, Saipan Island,
Tinian Island, and Vieques Island. Analysis of the test
datasets and real-world dataset demonstrates that
HybridBathNet consistently outperforms traditional
physics-based models (e.g., PLBR) and deep learning-
tiers in Marine Science 03
based approaches (e.g., UNet++) in terms of accuracy
(RMSE) and reliability (R2).
2 Data

In our research, data preprocessing can be broadly divided into
the processing of Sentinel-2 multispectral imagery data and ALB
data. The processing of Sentinel-2 imagery includes the removal of
interference pixels and the �lling of invalid pixels, which determines
the quality of the model input data. For ALB data, due to the
resolution differences between it and satellite imagery data, we
downsampled it to the corresponding resolution for matching.
Figure 1 illustrates the detailed data preprocessing work�ow for
constructing our dataset.
2.1 Sentinel-2 multispectral imagery data

Sentinel-2 is an Earth observation mission under the European
Space Agency’s “Copernicus Programme”, consisting of two polar-
orbiting satellites (Sentinel-2A and Sentinel-2B) designed to
provide continuous high-resolution optical imagery for global
land and coastal areas. The Multi-Spectral Instrument (MSI) they
carry can acquire 13 spectral bands covering visible, near-infrared,
and short-wave infrared spectral regions. This includes 4 bands (B2,
B3, B4, and B8) with 10-meter spatial resolution, 6 bands (B5, B6,
B7, B8a, B11, and B12) with 20-meter resolution, and 3 bands (B1,
B9, and B10) with 60-meter resolution. We use atmospherically
corrected L2A Surface Re�ectance (SR) data processed by Sen2Cor
for satellite-derived bathymetry research. Although Sentinel-2 L2A
data has undergone preliminary atmospheric correction, the
original images still contain interference from clouds, shadows,
and sun glint. This noise affects the accuracy of water depth and
surface feature analysis. Therefore, we use band information along
with three auxiliary Sentinel-2 products in Google Earth Engine
(GEE) to further address these issues: the Scene Classi�cation Layer
(SCL), the Cloud Probability Layer (MSK_CLDPRB), and the
Quality Assessment Layer (QA60). To mitigate the effects of sun
glint, we calculate the ratio of NIR to SWIR re�ectance. If this ratio
exceeds a threshold of 2, the pixel is considered part of a sun glint
area and is subsequently masked out.

In several recent studies, researchers have applied median
�ltering to multi-temporal surface re�ectance imagery to better
eliminate noise effects, thereby generating fused surface re�ectance
data (Han et al., 2023; Xu et al., 2023). Here, we similarly use Google
Earth Engine (GEE) to implement ef�cient multi-temporal data
fusion. For Oahu Island, which serves as our training and testing
dataset, we integrate L2A data acquired from January 2018 to
January 2022 into one fused surface re�ectance images. This
operation reduces interference caused by factors such as
variations in inherent optical properties and cloud cover,
enhancing the clarity and stability of the surface re�ectance
imagery. Similarly, for all study areas, we construct one fused
frontiersin.org
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surface re�ectance image for each region. Detailed information on
the multi-temporal Sentinel-2 surface re�ectance image fusion for
each study area is shown in Table 1.
2.2 ALB data

The in-situ data used in this study are ALB data collected by the
National Oceanic and Atmospheric Administration (NOAA),
which can be downloaded from the internet (https://
coast.noaa.gov/dataviewer/). The ALB data are Digital Elevation
Model (DEM) raster data that can be used after appropriate
processing and include not only underwater topography but also
partial land terrain elevation data. Detailed information about the
ALB data is shown in Table 1. The original spatial resolution of
these Digital Elevation Models is 1 meter; during data
preprocessing, we downsampled them to a 10meter resolution to
facilitate spatial alignment with Sentinel-2 L2A surface re�ectance
imagery. This multi-temporal fusion strategy is speci�cally designed
to address temporal inconsistencies in satellite observations and
mitigate the effects of variable atmospheric conditions, seasonal
changes in water optical properties, and transient environmental
factors. By creating a temporally stable composite, we obtain a more
representative characterization of sea�oor re�ectance properties
that is less susceptible to short term variations, thereby improving
the reliability of bathymetric inversion. The median �ltering process
effectively removes transient atmospheric effects and temporal noise
Frontiers in Marine Science 04
while preserving the underlying spectral-depth relationships that
are fundamental to satellite-derived bathymetry.
2.3 Study areas

Figure 2 shows the global distribution and topographical
conditions of the study areas. We select Oahu Island for the
training and testing datasets, with the remaining four islands
constituting the real-world dataset for inference. Oahu Island has
the largest number of water depth samples, with over 3,000,000
effective points, making it the most extensive study area among the
�ve datasets. The division of the training and test sets is shown in
Figure 3. The bathymetric ground truth data for validation consist
of high-precision ALB datasets from these four geographically
distributed study areas spanning two ocean basins. The
independent validation datasets from St. Croix and Vieques
(Caribbean Sea) and Saipan and Tinian (Western Paci�c) provide
comprehensive spatial coverage for assessing model generalization
across diverse bathymetric environments including steep
underwater slopes, coral reef systems, shallow lagoons, and
complex nearshore topographies. All ALB datasets were acquired
by NOAA using state-of-the-art airborne LiDAR systems with
bathymetric accuracies ranging from 0.1 to 0.696 meters at 95%
con�dence levels, with collection timeframes spanning from 2013 to
2019 as detailed in Table 1. The eastern side of Oahu Island has
extensive coral reef coverage, with numerous arti�cial structures
FIGURE 1

The work�ow of data preprocessing for dataset construction.
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along the shore, creating complex topography. The fused SR
imagery and DBM in the real-world dataset are shown in
Figures 4–7. St. Croix Island is located in the Caribbean Sea of
the Western Atlantic Ocean; its northwestern side has steep
underwater slopes, while its southern side features a relatively �at
sea�oor, offering diverse underwater topography. Vieques Island is
also located in the Caribbean Sea and is geographically and
topographically very similar to St. Croix Island, with uniformly
smooth underwater topography and clear water conditions. Saipan
Island and Tinian Island are located in the Commonwealth of the
Northern Mariana Islands in the Western Paci�c, distinctly isolated
from other study areas in the real-world dataset. Among the two,
Saipan Island has unique topographical features: its underwater
Frontiers in Marine Science 05
topography differs signi�cantly between the eastern and western
sides. The eastern side has steep slopes, while the western side
features a large lagoon formed by coral debris, extending more than
4 kilometers offshore. In contrast, the underwater topography
around Tinian Island is primarily steep, except for its
southwestern part; areas with water depth less than 25 meters are
typically within 500 meters of the coastline.
3 Method

This study proposes a novel neural network architecture
HybridBathNet, which integrates prior physical laws to improve
FIGURE 2

Geographic distribution of the study areas used in our research, including Oahu, St. Croix, Vieques, Saipan, and Tinian. Oahu is selected as the
training and testing dataset.
TABLE 1 The information of SR data and ALB data are used in this study for water depth.

Area (Number of
Fused SR Imagery)

Sentinel-2 SR
Data Period

ALB Survey Date/
LiDAR Type

DEM Vertical Datum/
Bathymetric
Accuracy (95%
con�dence level)

DEM Horizontal Datum/
Bathymetric Accuracy
(95% con�dence level)

Oahu 2018/01/01—2022/01/01 2013/CZML MSL/sqrt
(0.52+(0.013d)2) m (shallow water)
sqrt
(0.32+(0.013d)2) m (deep water)

NAD83(PA11)/
3.5 + 0.05d m

St. Croix 2018/01/01—2022/01/01 2019/VQ880-II VIVD09/0.121 m NAD83 —UTM 20 N/
0.696 m

Vieques 2018/06/30—2021/06/30 2019/VQ880-II PRVD02/0.13 m NAD83—UTM 20 N/
0.696 m

Saipan 2018/05/30—2021/06/30 2019/Hawkeye 4X NMVD05/0.1 m NAD83(MA11)—UTM 55 N
/Not Provided

Tinian 2018/05/30—2021/06/30 2019/Hawkeye 4X NMVD05/0.1 m NAD83(MA11)—UTM 55 N
/Not Provided
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