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Abstract Detecting submerged targets in shallow waters from satellite platforms remains a challenge, as the
optical spectral information of targets is significantly distorted by the absorption and scattering effects of the
water column. In this study, we propose a new framework as the bathymetry‐informed target extraction, which
integrates the spaceborne lidar data and multispectral imagery. By using lidar assisted Satellite‐Derived
Bathymetry model, we convert the complex multispectral information into relative depth data. Through this
transformation, the challenging issue of distorted color domain image segmentation is converted into the task of
depth anomaly detection. The method is validated on submerged artificial stone weirs and breakwaters in typical
open ocean and coastal waters, which indicates significant improvements in target detection rate and reliability
compared to direct color‐based methods. This approach promises large‐scale surveys of submerged targets in
shallow waters, offering an alternative solution to on‐site surveys such as shipborne sonars.

Plain Language Summary Finding and locating the objects underwater from satellites has a great
demand for marine surveying and navigation safety, but it is one of the most challenging tasks in remote sensing.
An important reason is that the color information of light may be significantly distorted when it travels through
the water column before being reflected by targets, making it nearly impossible for common target detection
algorithms to extract features. To overcome this problem, we developed a new method that, for the first time,
successfully detects submerged objects only using satellite data. Instead of relying on color differences in the
image, which is accustomed to our human eyes, our approach uses satellite derived bathymetry that transforms
the color image into a three‐dimensional seabed map in shallow water. The depth differences among adjacent
pixels in the map clearly expose the underwater objects, which are not visible to our eyes. This method is
validated in typical open ocean and coastal waters and using satellite images and laser points, and we
successfully found all known underwater stone weirs. This breakthrough could significantly expand what
satellites can detect beneath the ocean surface in the future.

1. Introduction
The detection of submerged targets holds significant importance for marine surveying and navigation safety
(Zhang, Xing, et al., 2024, Zhang, Yang & Yang, 2024). Currently, the detection of submerged targets primarily
relies on shipborne and underwater platform based techniques (Feng et al., 2024), including shipborne sonar,
multibeam echosounder, hyperspectral imaging measurements, and underwater multispectral imaging (Bruno
et al., 2011; Menna et al., 2018). By actively emitting acoustic waves and receiving their echoes, shipborne sonar
and multibeam echosounder systems can accurately map bottom topography and detect protruding targets relative
to the surrounding seabed (Long et al., 2023; Yang et al., 2011). Meanwhile, with high spatial resolution better
than the decimeter level, on‐site hyperspectral imagery measurements of water surface remote sensing reflectance
have become an important approach to retrieve the water depths and boundaries of submerged targets (Doan
et al., 2022; Li et al., 2023). To further minimize the effects of sea surface waves and reduce the influence of the
water column, underwater imaging devices have been employed for high‐precision detection of submerged
targets and topography (Li et al., 2025; Yuan et al., 2022). Although these techniques provide abundant obser-
vation methods and accurate underwater information, it is hampered by vessel accessibility, rendering them
impractical for remote marine areas or hazardous marine environments.

Over past decades, satellite remote sensing techniques have provided cost‐effective observation data at a global
scale, revolutionizing our understanding of aquatic and terrestrial systems (Behrenfeld et al., 2019; Churnside &
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Marchbanks, 2015; Magruder et al., 2024; O’Malley et al., 2014). With the advancement of satellite image
processing algorithms, the image‐based detection of terrestrial targets has become a mature and efficient way,
which primarily relies on the significant differences in spectral (color) and textural features between the target and
its background pixels (Li et al., 2020; McCarthy et al., 2018). However, significant physical challenges exist when
the satellite image processing framework is directly transposed to underwater environments (Dumke et al., 2018;
Telem & Filin, 2013). Due to the strong absorption and scattering effects in the water column, light intensity
rapidly decreases with the rising water depth and varies across wavelengths (Wang et al., 2022; Werdell
et al., 2013). This leads to significant distortion of the spectral information from submerged targets (Lee
et al., 1998), and the satellite derived reflectance (or remote sensing reflectance) is no longer dominated by the
spectral characteristics of the target, making methods that solely rely on spectral and brightness information
exceptionally challenging for target detection.

Generally, target detection based on remote sensing optical imagery requires targets to possess distinctive color
characteristics from the background. However, two challenges always arise in discerning these color differences
in underwater scenarios: (a) the surroundings are spectrally complex, which overwhelms the distorted target
spectral information, and (b) the target is indistinguishable due to the significant attenuation in the water column.
Currently, the data‐driven methods (e.g., deep learning) directly applied to optical imagery cannot effectively
resolve this issue, as human observers struggle to detect the target in the above cases, thus failing to provide a
reliable truth label for training. Therefore, a novel framework for achieving underwater target detection is ur-
gently needed. Acoustic‐based submerged target detection has demonstrated the feasibility of detecting targets
based on relative depth variations rather than relying on radiometric signatures.

Satellite Derived Bathymetry (SDB) is a technique that estimates the water depth for each pixel in remote sensing
imagery which has been extensively investigated and refined over the past few decades (Armon et al., 2020;
Kutser et al., 2020). Typically, SDB can achieve bathymetric measurements of several meters in coastal waters
and 20–30 m in open ocean waters, and it has an accuracy of better than 10% of the maximum depth (Ashphaq
et al., 2021; Kutser et al., 2020). The photon‐counting lidar on Ice, Cloud and land Elevation Satellite‐2 (ICESat‐
2) has further enhanced the capabilities of SDB (Markus et al., 2017; Parrish et al., 2019) and enables the global
bathymetric mapping without on‐site depth seeds (Babbel et al., 2021; Ma et al., 2020; Thomas et al., 2021; Xie
et al., 2021; Zhang, Xing, et al., 2024, Zhang, Yang & Yang, 2024). This lidar‐assisted SDB has created an
opportunity to find protrusions in the sea floor, which works as a means of submerged target detection solely from
satellite observations.

The target and environment induced spectral information is usually imperceptible in the original optical imagery.
In this study, to avoid the issue of directly processing spectral distorted images, a new framework of submerged
target detection is proposed and named as bathymetry‐informed target extraction (BITE). The core of this
framework lies in lidar assisted SDB, which compresses and remaps a multiple‐band optical image into one‐band
bathymetric image. Specifically, the wavelength‐dependent attenuation patterns of light in water are transformed
into depth information, meaning that subtle differences in multiple color channels are “compressed” into only one
channel, that is, the distinguishable depths. Through this transformation, the challenging problem of distorted
color domain image segmentation is converted into a problem of depth anomaly detection. Theoretically,
leveraging SDB for submerged target extraction in shallow waters has the potential to achieve results comparable
to those of shipborne acoustic‐based detection. With the derived bathymetric map, we further use a practical and
efficient salient target detection model to achieve automated and training‐free extraction of submerged targets.

2. Materials
To achieve the detection of submerged targets, this study integrated both lidar and optical data sources on satellite
platforms. (a) Optical remote sensing imagery: this study utilized multispectral imagery from Beijing‐3 and
Sentinel‐2 satellite. The Beijing‐3 data feature four spectral bands (i.e., blue, green, red, and near‐infrared band)
and a spatial resolution of 2 m (Yang, Jian, et al., 2023, Yang, Ma, et al., 2023), while the Sentinel‐2 data have
similar four bands with a resolution of 10 m (Drusch et al., 2012). The imagery provided the spectral information
sufficient for constructing the SDB model and was used to generate a comprehensive bathymetric map of each
entire study site. (b) Photon‐counting lidar points: this study utilized all available ATL03 data, generated by the
Advanced Topographic Laser Altimeter System aboard NASA's Ice, Cloud, and land Elevation Satellite‐2
(ICESat‐2) (Neumann et al., 2023). High‐accuracy bathymetric points were extracted from raw noisy point
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data, which underwent a process of automated classification, denoising, and correction for underwater bathy-
metric errors (Babbel et al., 2021; Chen et al., 2021; Fricker et al., 2021; Ma et al., 2020; Parrish et al., 2019).
These bathymetric points were essential for training the SDB model.

In Figure 1a, the first study area is Penghu Islands, China, located in Taiwan Strait at approximately 23.590°N,
119.671°E, with the SDB derived depth range of 0–12 m. The annual mean diffuse attenuation coefficient Kd is
∼0.15 m− 1 with seasonal variations of ∼0.10–0.17 m− 1 belonging to Case I open ocean waters (Mobley, 1994).
The nearshore seabed substrate consists of silt and dark sand, and the tidal range is ∼2.0 m. There are many stone
weirs near the coast, providing three independent sites for validation. Structurally, the stone weir consists of an
arc‐shaped stone dike, which has a width of approximately 4–8 m and extends from shallow to deep waters. These
stone weirs possess a distinct physical height, typically rising 0.5–1.5 m above the surrounding seabed, which
constitutes a clear topographic anomaly. The geographic coordinates for some of these weirs can be obtained from

Figure 1. Schematic diagram of the study area and some cases of submerged targets. (a) In Penghu Islands; (b) in Kuala Dungun. The inset remote sensing imagery in
(a) corresponds to the subfigure Figure 3a, while inset remote sensing imageries in (b) correspond to Figures 3d and 3f.
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the Penghu stone weir information platform (https://stoneweir.info). Beijing‐3 imagery captured on 2021/11/12
when the seasonal mean Kd is 0.15 m

− 1 was employed to detect these stone weirs.

In Figure 1b, the second study area is Kuala Dungun, Malaysia, located at approximately 4.414°N, 103.442°E,
with the SDB depth range of 0–6 m. The annual mean Kd is ∼0.33 m

− 1 belonging to Case II coastal waters, which
is much more turbid than that in Penghu Islands. Kuala Dungun exhibits significant seasonal fluctuations, with Kd

around 0.25 m− 1 in the first two quarters, increasing to 0.34 m− 1 in the third quarter, and sharply rising to
0.76 m− 1 in the fourth quarter. The nearshore seabed substrate consists of bright sand, and the tidal range is
∼1.9 m. There are three submerged breakwaters designed to reduce wave energy and mitigate coastal erosion of
the Kerteh town shoreline. These breakwaters are placed on the seabed at a depth of approximately 4 m relative to
local mean sea level, with a height of∼2 m above the seabed (Teh &Hashim, 2014). The three breakwaters have a
length of hundreds of meters and a width of nearly 30 m located 300 m offshore. Sentinel‐2 imageries were
employed here and captured on 2022/04/20 and 2022/08/18 corresponding the seasonal mean Kd of 0.26 m

− 1 and
0.34 m− 1.

3. Methodology
The proposed BITE framework for submerged target detection is illustrated in Figure 2a. The first step of this
framework involves transforming the pixel data of satellite imagery from the color domain to a domain repre-
senting relative bathymetric variations, which was achieved by an active‐passive fusion bathymetry inversion
approach (Ma et al., 2020; Zhuang et al., 2022). The second step of the framework is to perform submerged target
detection based on the generated relative bathymetry map, for which we have conducted a submerged target
detection algorithm.

The first step comprises the workflow for generating a SDB map by fusing ICESat‐2 bathymetric points with
Beijing‐3 or Sentinel‐2 spectral imagery. Specifically, an improved adaptive Density‐Based Spatial Clustering of
Applications with Noise algorithm is employed to separate the sea surface and seafloor signal points from ATL03
raw noisy points (Parrish et al., 2022). The refraction effect at the air‐water interface and in the water column, as
well as the scattering effect in the water column, are sequentially corrected using ICESat‐2's sea surface and water
backscattering data (Parrish et al., 2019; Shangguan et al., 2025; Yang, Jian, et al., 2023, Yang, Ma, et al., 2023;
Zheng et al., 2025). An example of the point classification and bathymetric correction is illustrated in Figure 2c.

Figure 2. (a) Workflow diagram; (b)–(e) intermediate results of submerged artificial targets detected using the bathymetry‐informed target extraction framework.
Specifically, (b) satellite optical images after applying land mask where the black area with a yellow edge represents land and the green line represents the ICESat‐2
track shown in (c). (c) ICESat‐2 bathymetric points after type classification and bathymetric correction, where the purple points represent the water surface, the red
points represent the seabed, and the green points represent the seabed after bathymetric correction. (d) Derived satellite‐derived bathymetry map in Step (1).
(e) Submerged artificial targets which are automatically detected using multi‐scale and detail‐enhanced segment anything model.
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By incorporating local tidal information from FES2014 model (Carrere et al., 2015; Wang et al., 2023), the
vertical datum of ICESat‐2 derived bathymetric points is transformed into the local depth datum. Through these
steps, the seed depths from ICESat‐2 bathymetric points are obtained.

Then, for Beijing‐3 and Sentinel‐2 multispectral imagery, the Normalized DifferenceWater Index is calculated to
mask and filter out the pixels covered by clouds and located on land (B. Gao, 1996), thereby retaining only water
pixels. The mask boundaries are highlighted in yellow curves in Figure 2b. By applying a projection algorithm,
the coordinates of ICESat‐2 seed points are transformed into the projection coordinate system of remote sensing
imagery. Then, ICESat‐2 seed points are matched with the corresponding geographic pixels in the imagery. This
process results in the construction of a SDB data set, where four band remote sensing reflectance values corre-
spond to one depth value. Many algorithms have been proposed to derive SDBmodels (Albright & Glennie, 2021;
Armon et al., 2020; Caballero & Stumpf, 2023; Dekker et al., 2011; Hsu et al., 2021; Lyzenga, 1985; Manessa
et al., 2016; Peng et al., 2022; Stumpf et al., 2003; Thomas et al., 2021).

In this study, we used three algorithms which represent the physics‐based linear band model (Lyzenga
et al., 2006), machine learning‐based random forest algorithm (RF) model (Mudiyanselage et al., 2022), and deep
learning‐based physics‐assisted convolutional neural network model (Peng et al., 2022). The depth seed points
were randomly divided into training and validation subsets to separately train and evaluate the model, where ten‐
fold cross‐validation is applied to verify the accuracy. Here, the root mean square error and R‐square between the
validation seed depths and their corresponding estimated depths is used to assess the performance (Chai &
Draxler, 2014). Using three SDB algorithms, the trained models which link the remote sensing reflectance with
water depths are applied to the entire image and then produce the bathymetric map of each study site, where an
example is shown in Figure 2d.

As potential submerged targets normally lack fixed shapes or common features, we utilize a salient target
detection algorithm, which can automatically detect and focus on the most eye‐catching or “unusual” areas within
an image (Borji et al., 2019). Specifically, a deep learning‐based target detection model, Multi‐Scale and Detail‐
Enhanced Segment Anything Model (MDSAM), is used (S. Gao et al., 2024). MDSAM integrates salient target
detection and Segment Anything Model (Kirillov et al., 2023), which can segment any targets within the image
without training for specific tasks. In Step (b), the bathymetric map is linearly normalized into a grayscale image
ranging from 0 to 255 Gy levels, where the gray level 0 corresponds to the deepest depth and 255 corresponds to
the sea surface (0 m). This grayscale image is then used as the input to MDSAM. The heatmap output byMDSAM
is binarized using Otsu's thresholding method (Otsu, 1979) to obtain a binary mask, and some extracted targets are
labeled by red marks in Figure 2e as examples. Precision, Recall, and F1 score are used as the metrics to evaluate
the BITE detection performance (Sokolova & Lapalme, 2009).

4. Results
The results are presented in two steps: (a) the enhancement of submerged target detectability through SDB, and
(b) the performance of submerged target labeling using the MDSAM model. In Step (a), the detailed model
construction and validation results are in Text and Figure S1 in Supporting Information S1, which indicates three
SDB algorithms achieve relatively similar performance. In subsequent experiments, we adopted the RF model,
which balances the accuracy and complexity, as the method for SDB. Three sites from Penghu Islands are
presented in Figures 3a–3c, which illustrate typical challenges in detecting shallow‐water submerged targets from
remote sensing imagery. Figure 3a involves the targets, which are visible to human eyes but are difficult to
automatically extract due to highly complex backgrounds. Specifically, the submerged target is situated at a depth
of approximately 1–2 m, surrounded by sediments and rocks which exhibit spectral colors similar to the targets.
The targets in Figures 3b and 3c are located at depths of 3–6 m, which are nearly imperceptible to human eyes
because the slight color variations among adjacent pixels are nearly undetectable in the imagery.

One site in Kuala Dungun is shown in Figures 3d and 3e, where submerged targets are located at depths of 2–3 m
and the seasonal variations of water qualities are considered. Due to coastal water conditions, these targets are
likewise difficult to directly observe from remote sensing images, especially in Figure 3e. In contrast, the SDB
map amplifies the discrepancy among adjacent pixels through the depth differences, as shown in Figures 3f–3j. As
shown in Figure 3f, the spectrally complex background is transformed into a combination of a nearly uniform
background and a prominent object, and the submerged target clearly arises. In Figures 3g–3j, after SDB
inversion, the targets are significantly enhanced against the surrounding seabed, revealing a clear outline and
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features indicative of an artificial structure. However, comparing Figures 3i and 3j, worse water qualities have an
impact on the protrusion feature and may further influence the target detection. In summary, the SDB trans-
formation significantly enhances the submerged target detectability and renders even optically obscured targets
distinguishable to the human eye.

Then, in Step (b), the SDB maps are input into the MDSAM model to conduct submerged target detections. In
Figure 4, based on the local reference data, we manually annotate ground‐truth labels on SDB maps using green
markers. Figures 4a–4e indicate that all submerged targets are successfully detected by BITE. As contrast, the red
markers in Figures 4f–4j present the results obtained by directly applying MDSAM to multispectral remote
sensing imagery rather than firstly transforming into SDB map. In Figure 4f, only three complete profiles and a
partial profile of stone weirs are detected. The results in Figures 4g–4j indicate that the MDSAMmodel struggles
to extract low color contrast targets which are also imperceptible to human eyes in original optical images. Across
all SDB‐based detections, the MDSAM model exhibits good detection performance and barely any
misjudgments.

The quantitative analysis indicates the detection precisions range from 47% to 89%, recalls from 74% to 92%, and
F1 scores from 0.50 to 0.90. Specifically, Site 2 achieved the best performance (Precision: 89%, Recall: 92%, and
F1: 0.90), while Site 4 with bad water quality showed lower precision (Precision: 47%). One reason is that, the
SDB accuracy is strongly correlated with water quality. In turbid waters, inversion uncertainty significantly
increases, which substantially impedes the framework's ability to detect complete target structures. This lower
precision is also caused by the MDSAM computation involving downsampling and upsampling, introducing the
detected contours wider than the ground‐truth annotations. This also leads to the recall values being consistently
higher than their corresponding precision values across all study sites. Such a trend reflects the conservative bias
of the detection process, favoring the inclusiveness to ensure that potential targets are not missed. In practical
applications, this characteristic is beneficial to surveying submerged structures, since omission errors (false
negatives) are generally more detrimental than commission errors (false positives).

5. Discussion
The applicability of the BITE method primarily depends on two key factors: (a) the spatial resolution of satellite
imageries and (b) the environmental conditions, including water quality and target reflectance. The imagery
spatial resolution is a critical constraint influencing underwater target detection. This stems from the fundamental

Figure 3. Satellite‐derived bathymetry (SDB) maps and their preliminary detection for submerged targets. (a)–(c) Original remote sensing color imageries from Beijing‐
3 in Penghu islands; (d)–(e) Original color imagery from Sentinel‐2 in Kuala Dungun considering seasonal variations of water qualities; (f)–(j) the corresponding SDB
maps of (a)–(e). The red box indicates the locations of submerged targets.
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requirement that a target must exhibit distinct spatial features within the imagery to be reliably detected. The
BITE framework also needs to follow the basic rule of detecting targets from images, that is, the smallest size of a
target should be at least twice or three times than the spatial resolution of the used image (Blaschke, 2010; Early &
Long, 2001). This guideline ensures that the target covers multiple pure pixels, thereby mitigating significant
signal contamination from the mixed pixel effect and allowing for the unambiguous confirmation of the target's
outline and presence. In the Text S2 and Figure S2 in Supporting Information S1, we list a quantitative com-
parison of submerged targets observed by Sentinel‐2 and Beijing‐3 imageries.

BITE operates most effectively in clear and shallow waters where sufficient light penetration through the water
column is possible. Better water clarity (i.e., smaller Kd) allows for greater maximum depths in SDB, conse-
quently extending the operational depth of the BITE framework. A detailed discussion on the maximum effective
depth of different environmental conditions and the seasonal variations of water qualities is provided in the Texts
S3 and S4 and Figures S3 and S4 in Supporting Information S1, and here is a brief conclusion. The environmental
adaptability of the BITE framework is limited by both water quality and target reflectivity. Under ideal conditions
(e.g., white coral reef bottom of Rb ≈ 0.4 and very clear water of Kd ≈ 0.058 m− 1), the detection limit using
Sentinel‐2 data can theoretically reach∼20 m. However, in more typical coastal water environments and artificial
submerged targets such as Penghu (Kd ≈ 0.15 m− 1, Rb ≈ 0.2) and Kuala Dungun (Kd ≈ 0.34 m− 1, Rb ≈ 0.2), the
effective depth decreases sharply to 8.4 and 3.7 m, respectively. In Penghu islands and Kuala Dungun, the
artificial submerged targets are located in depths of 3–6 m and 2–3 m, respectively, which are generally in
accordance with the depth limits of theoretical predictions. These results imply that the BITE framework is
unlikely to succeed in extreme cases of turbid waters, where the signal‐to‐noise ratio is insufficient for stable
detection. Consequently, the applicability of the framework should be considered restricted to Case I open ocean
and Case II coastal waters (Mobley, 1994).

6. Conclusions
This study proposes and validates a novel framework for detecting shallow‐water submerged targets from satellite
lidar points and optical imagery, named BITE. The main concept is the “dimensionality transformation”, which
utilizes the lidar assisted SDB technique to “compress” the complex multispectral information in color images

Figure 4. Results of submerged target detections. (a)–(e) Target detection using multi‐scale and detail‐enhanced segment anything model (MDSAM) from satellite‐
derived bathymetry maps, that is, using BITE; (f)–(j) target detection using MDSAM from original color imagery. The green markers represent the mask of submerged
target regions based on local reference data, and the red marks represent the mask of submerged target regions detected by MDSAM.
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and remap it onto depth data. This process simplifies a challenging image segmentation problem to a more
straightforward depth anomaly detection task.

In practice, the absolute accuracy of SDB is not the primary factor for target detection, but the relative depth
differences among adjacent pixels are the key point, as long as the SDBmodel can roughly reflect the “protrusion”
of the submerged target relative to its surrounding seabed. Therefore, we recommend using any feasible SDB
algorithm to conduct this framework. To highlight the target detection process in BITE, we select a zero‐shot deep
learning model, MDSAM, which requires no annotation or training. Even if the absolute depth values from the
SDB transformation are not perfectly accurate, this final detection of submerged targets remain solid in the
experiments.

Compared to shipborne sonars and multibeam echosounders, the proposed BITE framework enables large‐scale
submerged target surveys of extensive and shallow sea areas. Nevertheless, this framework does have some
limitations, mainly limited to the water clarity. In turbid waters, the penetration depth of SDB is severely limited.
Furthermore, as MDSAM is a generic salient target detection model, its output may not perfectly align with the
specific geometric shapes of targets. Future works may explore the use of SDB data to fine‐tune deep learning
models to further improve their accuracy and robustness in submerged target segmentation.
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