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Highlights

What are the main findings?

• A novel generative AI model, MBES-DDPM, is proposed, which is the first application
of a denoising diffusion probabilistic model (DDPM) for restoring swath gaps in
multibeam echo sounder (MBES) bathymetric data.

• MBES-DDPM achieves superior performance, demonstrating an average reduction in
RMSE of at least 34.21% and an average increase in PSNR of over 3.71 dB compared to
baseline methods, while best preserving terrain slope accuracy.

What are the implications of the main findings?

• This research establishes a pioneering framework that demonstrates the significant
potential of advanced generative AI paradigms, coupled with multisource geophysical
data fusion, for solving key reconstruction challenges in underwater remote sensing.

• It will contribute to the advancement of the Seabed 2030 Project and enhance the
quality of seamless global seafloor topography modeling.

Abstract

The multibeam echo sounder (MBES) is a key tool for acquiring high-precision seabed to-
pographic data. However, measurement gaps resulting from its swath-based measurement
mode are prevalent, severely compromising the completeness of seabed terrain model-
ing. To address this issue, this study first categorizes multibeam data gaps into two data
degradation patterns with clear hydrographic survey backgrounds: “random degradation”
and “rule-based degradation.” Based on this categorization, a highly realistic training
dataset that closely matches actual conditions is constructed. To improve the reconstruction
accuracy and topographic fidelity, a novel multibeam echo sounder data reconstruction
model, the MBES-DDPM, is proposed. Based on the denoising diffusion probabilistic
model (DDPM) framework, this model innovatively incorporates gravity anomaly data
as prior knowledge. Then, with a designed multisource data fusion guidance mechanism,
macro-topographic structural constraints are injected during the diffusion process. Fur-
thermore, a targeted quantitative and qualitative evaluation system is established. The
experimental results show that compared with the baseline methods, the MBES-DDPM
achieves the best performance across various complex scenarios. Its restored results exhibit
an average reduction in root mean square error of at least 34.21% and an average increase
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in peak signal-to-noise ratio of more than 3.71 dB. Furthermore, it achieves the highest
reconstruction fidelity in teams of the terrain slope accuracy metrics. Thus, this research
provides a new and reliable solution for accurately restoring large-scale MBES data.

Keywords: multibeam echo sounder; seabed topography modeling; void area reconstruction;
diffusion model

1. Introduction
The seabed digital elevation model (DEM) is a digital representation of the real-world

seabed topography, providing an essential spatial framework for a series of marine scientific
studies, including those that have revealed the dynamics of plate tectonics [1], elucidated
marine geological activities [2–5], explored the Earth’s internal structure [6], and delineated
seafloor substrates [7]. At the application level, the seafloor DEM directly support subsea
pipeline routing planning and deployment [8], subsea oil and gas exploration [9], mineral
resource prospecting [10], and maritime safety assurance [11]. Consequently, the resolution
and completeness of the seabed DEM determine the credibility of scientific discoveries and
the reliability of engineering decisions based upon them.

Modern seafloor topography detection primarily involves two technical approaches:
indirect inversion and direct measurement. Indirect inversion techniques include two
main methods: gravity anomaly-based [12] methods and remote sensing image-based [13]
methods. Among these, gravity anomaly-based bathymetric inversion can rapidly outline
the macrostructure of the seabed topography over large areas, but its resolution is limited
to approximately 1 arc-minute, and it tends to lose a significant amount of high-frequency
detail in the seabed terrain [14]. Moreover, remote sensing-based depth inversion demands
higher water quality [15,16] and is limited to depths of tens of meters or shallower. Due to
the long-range penetration capability of sound waves through water, acoustic sounding
systems constitute the dominant direct measurement method [17]. The multibeam echo
sounder (MBES) employs fan-shaped beam scanning, resulting in the formation of water
depth swaths with a certain coverage width through which the survey vessel moves [18],
thereby achieving high-precision, full-coverage sweep measurements of localized sea areas.

Crowdsourced bathymetry represents a novel paradigm for extending seabed map-
ping from local to global scales. Its core concept involves integrating real-time bathymetric
data collected by ordinary vessels, fishing boats, and other marine participants during
routine voyages to construct high-resolution seabed topography models [19]. To accelerate
global seafloor mapping, GEBCO launched the Seabed 2030 Project [20] with support from
the International Hydrographic Organization and the United Nations Educational, Scien-
tific and Cultural Organization. This initiative has adopted the crowdsourced bathymetry
mode and data, while also incorporating the GMRT [21] compiled dataset and MBES bathy-
metric data from various regions worldwide, with the goal of producing a complete map
of the world’s ocean floor by 2030. Driven by the Seabed 2030 Project, the global coverage
of sonar-derived bathymetric data has increased from less than 9% [20] to 27.3% [22].

Despite the annual increase in the global coverage of MBES data, the persistent issue of
data voids in the final products remains significant. This problem primarily stems from two
levels: (1) At the data integration level, global bathymetric compilations typically rely on
multisource data from diverse origins and collected under varying standards. The absence
of unified survey line planning for these datasets makes data voids virtually inevitable
(Figure 1a). (2) At the survey implementation level, practical maritime operations are
constrained by economic costs and operational efficiency, sometimes opting for non-full-
coverage surveying strategies, which create gaps between bathymetric swaths (Figure 1b).
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This incompleteness of the data poses challenges to the accuracy and reliability of seabed
topographic models.

Figure 1. Representation of gaps in MBES swaths on the world seabed topographic map, where
(a) represents voids resulting from mosaicking multisource data, while (b) represents gaps arising
from non-full-coverage surveys.

To address the incompleteness of elevation data and achieve a continuous repre-
sentation of topography, researchers initially relied primarily on various interpolation
algorithms to address void areas in DEMs, such as inverse distance weighting (IDW) [23],
kriging [24,25], tension spline [26], and triangulated irregular network (TIN) [27] inter-
polation. However, most interpolation algorithms depend on mathematical smoothing
and spatial autocorrelation assumptions and lack consideration of the complexity and
randomness of seabed topography. Consequently, they are applicable only when repairing
DEMs with small-sized data voids [28] or in flat terrain areas [29]. When confronted with
large-scale data gaps or regions with complex topographic structures, traditional methods
often struggle to reconstruct authentic topographic features [30].

In recent years, generative deep learning methods have provided a new paradigm for
topographic data reconstruction, gradually overcoming the limitations of traditional inter-
polation techniques. Among them, two core approaches—generative adversarial networks
(GANs) and diffusion models (DMs)—have demonstrated remarkable effectiveness in data
reconstruction. GANs learn the data distribution of real terrain via adversarial training
between a generator and a discriminator, enabling the generation of visually coherent topo-
graphic structures and achieving promising results in the local reconstruction of terrain
data [31–33]. Qiu et al. specifically applied an enhanced DCGAN to avoid filling DEMs of
rugged mountainous terrain. The results demonstrated that DCGAN effectively adapts
to complex terrain variations and achieves good visual perception and reconstruction
accuracy across void filling tasks of varying sizes [31].

However, GANs still face challenges in terms of their training stability and generation
diversity [34], and their reconstruction results may sometimes produce artifacts due to
mode collapse [35–37]. DMs, as advanced probabilistic generative models, have recently
demonstrated stronger capabilities in detail recovery and training stability [34,38]. The
“forward noise addition” and “reverse denoising” diffusion framework proposed by the
Denoising Diffusion Probabilistic Model (DDPM) [39] has become the core paradigm for
current image generation. By simulating diffusion and reverse-diffusion processes, it grad-
ually reconstructs data from noise, addressing issues such as training instability or blurred
outputs in traditional generative models. They not only generate high-quality images with
rich details and reasonable structures but also allow precise control over the generated

https://doi.org/10.3390/rs18030496

https://doi.org/10.3390/rs18030496


Remote Sens. 2026, 18, 496 4 of 29

content through flexible conditional guidance mechanisms, demonstrating significant po-
tential when handling incomplete information and content generation [40–42]. Inspired by
these findings, DMs are being introduced into the field of scientific data restoration [43,44].
Recent related studies indicate that DMs outperform traditional interpolation methods and
GANs in DEM restoration tasks. The generated terrain not only exhibits advantages in
terms of accuracy and visual coherence but also demonstrates greater stability in terms of
the restoration results [30,45,46].

The underlying rationale for employing deep learning in repairing voids in DEMs
stems from its ability to implicitly learn the complex patterns of terrain distribution from
vast numbers of training samples. The technical approaches can be broadly categorized
into two main types: One is the DEM restoration mode independent of prior data [45,47],
which primarily relies on local contextual constraints. It extracts multiscale spatial features
from known elevation data in the void neighborhood to capture terrain continuity within a
local scope, thereby achieving unsupervised inference based on context. Diff-DEM [45] is a
typical unsupervised DEM restoration method without prior constraints. Its primary ap-
proach involves excavating regular holes in land DEMs and utilizing DDPM for restoration,
achieving state-of-the-art performance in both qualitative and quantitative evaluations. The
other type is a restoration mode guided by prior data, which employs embedding auxiliary
information such as remote sensing imagery [48], terrain shading [49], or terrain contour
lines [31,50] into the generation process to constrain the model for more precise DEM void
restoration. This learning paradigm, which combines local contextual constraints with
global prior knowledge, enables the model to generate spatially coherent terrain surfaces
that are geomorphologically plausible.

However, the current DEM void filling methods focus primarily on land terrain,
where the restoration targets are typically voids caused by cloud cover or topographic
shadows. In contrast, seabed topography faces more widespread and severe data gap
issues due to the high costs of data acquisition and complex environmental interference
factors, creating a more pressing demand for high-fidelity restoration. Furthermore, most
current restoration models are built upon idealized degradation assumptions and are often
trained and validated by using artificially “excavated” regular-shaped (e.g., rectangular)
voids in complete data [32,45]. These conditions fundamentally differ in both morphology
and origin from the irregular, randomly distributed complex gaps that actually exist in
MBES data due to incomplete swath coverage. Consequently, the task of MBES bathymetric
swath restoration presents new challenges regarding the generalization capability and
robustness of models.

This paper addresses the special requirements of MBES bathymetric data restoration
by innovatively proposing the MBES-DDPM method. The core innovation of this study
lies in the first introduction of the DDPM into the field of multibeam bathymetric data
restoration. Unlike traditional methods, the MBES-DDPM constructs training samples
featuring data degradation that conforms to actual operational characteristics by simulating
the MBES seabed surveying process. Concurrently, gravity anomaly models are utilized as
prior knowledge, providing fine-grained topographic structural guidance for the diffusion
process via a multisource data fusion mechanism. Finally, a systematic model evaluation
framework is established. The experimental results demonstrate that this method signifi-
cantly outperforms the existing baseline models in terms of both restoration accuracy and
topographic fidelity, offering a novel technical approach for addressing data gap challenges
in marine surveying and mapping.
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2. Materials and Methods
This section first describes a random degradation simulation process for seabed DEMs

that was designed based on the operational mode of the MBES to systematically generate
training and test samples that replicated real-world data loss characteristics. Subsequently, a
DDPM incorporating a terrain feature guidance mechanism was constructed. By adopting
a conditional embedding approach, the surrounding valid bathymetric data and prior
terrain features were integrated as constraints to achieve the intelligent restoration of data
with gaps. Finally, a comprehensive evaluation system was established by using both
quantitative and qualitative metrics to thoroughly assess the restoration results from the
perspectives of numerical accuracy and terrain morphological fidelity. An overview of the
proposed methodology is illustrated in Figure 2.

 
Figure 2. Schematic diagram of the MBES-DDPM.

2.1. Data and Study Area

In this study, the GEBCO_2025 dataset was selected as the foundational topographic
model. GEBCO_2025 integrates multisource bathymetric data, including ship-based multi-
beam and single-beam measurements, airborne LiDAR surveys, and bathymetric informa-
tion derived from satellite gravity data inversion. This model provides globally continuous
coverage of ocean depths and land elevations with a grid resolution of 15 arc-seconds.
GEBCO also provides a corresponding type identifier (TID) grid, which labels the source
data types for each grid cell. Supported by the Seabed 2030 Project, GEBCO is updated
annually, ensuring high scientific rigor and data completeness.

In addition, this study employed the free-air anomaly model from SIO V32.1 as addi-
tional prior data to provide the model with general guidance on topographic trends. SIO
V32.1 is a marine gravity anomaly model released by the Scripps Institution of Oceanogra-
phy at the University of California, San Diego, with a spatial resolution of 1 arc-minute.
Its free-air anomaly model is height corrected, preserving the signal variations that are
primarily caused by the contrast in density between seawater and submarine rocks. Due to
their mass surplus, positive topographic features such as seamounts and oceanic ridges
generate significant positive free-air anomalies, while negative features such as trenches
and troughs exhibit negative anomalies due to mass deficits. These characteristics provide
clues for inferring topographic trends within void areas of the seabed.

As shown in Figure 3, two training areas and six independent test areas were selected
globally. Through degradation simulation experiments, we simulated multibeam bathy-
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metric swath gaps to create the low-quality data (LQ) used in this study, with GEBCO_2025
serving as the ground truth (GT). The test areas encompass typical seafloor topography
features including trenches, seamounts, abyssal plains, and mid-ocean ridges. Among
them, Tests 1–3 represent a random degradation pattern, simulating data voids resulting
from multisource data integration. Tests 4–6 represent a rule-based degradation pattern,
simulating inter-swath gaps formed by parallel survey lines in a planned survey. Further-
more, the hydrological analysis tools in ArcGIS (v10.5) were used to extract ridge and
valley lines from the V32.1 free-air anomaly data, serving as prior knowledge for this study.
Further details regarding the test area are summarized in Table 1.

 

Figure 3. Study area map.

Table 1. Test area information.

Test Set Name Test 1 Test 2 Test 3 Test 4 Test 5 Test 6

Degenerative
pattern

random
degradation

random
degradation

random
degradation

rule-based
degradation

rule-based
degradation

rule-based
degradation

Survey line
azimuth random random random 0◦ 45◦ −45◦

Percentage of
void space 29.90% 29.64% 34.58% 50.00% 47.28% 47.28%
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2.2. Simulation of the Seabed DEM Degradation Process

Unlike the regular and concentrated data gaps found in land DEMs, data gaps in
seabed topography primarily result from the swath-scanning measurement characteris-
tics of the MBES. These gaps typically manifest as unclosed strip-shaped voids between
bathymetry swaths. As illustrated in the two scenarios depicted in Figure 1, such gaps
exhibit inherent randomness while also displaying a degree of regularity. We categorize
this degradation process into two types: random degradation and rule-based degradation.
The primary distinction lies in whether the survey lines are randomly distributed.

To facilitate the mathematical modeling of the simulation process, we simplified the
actual measurement process of the MBES into two aspects: (1) The MBES survey lines
are modeled by using linear equations; and (2) the coverage width of the MBES swath
is a predetermined fixed value that does not vary with the terrain. Based on the above
assumptions, point A(x0, y0) on the survey line and its azimuth angle θ ∈ [−π/2, π/2] are
first determined within the survey area. The general equation of the survey line can then
be expressed as follows:

Ax + By + C = 0, (1)

where A = −k, B = −1, C = −k × x0 + y0, and k = tan(θ). For the random degradation
simulation, the coordinates of point A and the azimuth angle θ are obtained through random
sampling. For rule-based degradation simulation, the values of point A’s coordinates and
azimuth angle θ are predetermined through prior calculation. Once the equation of the
survey line is established, the scanning range of the seabed is determined based on the
coverage width of the MBES. To obtain this information, it is necessary to traverse the grid
points of the seabed topography and compute the planar distance d from each point to the
survey line, expressed as follows:

d =
|A × xi + B × yi + C|√

A2 + B2
, (2)

where xi and yi are the coordinates of any point within the survey area. If d < w/2, the
point lies within the MBES swath coverage and data exist for that location; otherwise, the
data for that point are void. As shown in Figure 4a, we employ a binary mask to record
the calculation results, where pixels in the data area are valued as 1 and pixels in the data
void area are valued as 0. The simulated LQ for seabed topography degradation is then
as follows:

LQ = GT × mask, (3)

Figure 4. Schematic diagram of the seabed topography degradation simulation. (a) Simulation of
MBES bathymetry and mask generation; (b) simulation results of random degradation, where the
bathymetry swaths for the LQ are based on random sampling of survey lines; and (c) simulation
results of rule-based degradation, where the survey line azimuths in the LQ are fixed at 45◦.
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2.3. Modeling the Diffusion Process in MBES Swath Restoration
2.3.1. Modeling of Bidirectional Diffusion Processes

In this study, we adopted the DDPM as the core mathematical framework to restore
MBES swaths. The data restoration process is formulated as a bidirectional Markov process.
The forward diffusion process progressively adds noise through a series of sequential steps,
while the reverse diffusion process gradually reconstructs the target topographic data from
the noise distribution through iterative denoising operations. Specifically, at each denoising
step, the terrain feature lines extracted from the V32.1 free-air model are incorporated as
conditional guidance to ensure that the data restoration aligns with the morphological
consistency and continuity of the seabed topography.

The forward diffusion process gradually transforms the original complete terrain
data (x0) into an isotropic Gaussian distribution (xT) by adding noise. This transformation
follows a predefined noise scheduling strategy, enabling the model to complete the full
transition from ordered terrain data to disordered noise. Each step in which random noise
is added is independent. Thus, the forward diffusion process is defined as a Markov chain:

q(xt|xt−1) = N (xt|
√

1 − βtxt−1,βt I), t = 1, 2, · · · , T, (4)

where βt is a predefined noise scheduling parameter. Equation (4) primarily achieves two
objectives: on the one hand, it scales xt−1 with

√
1 − βt; on the other hand, it controls the

intensity of the added Gaussian noise with βt. By utilizing the properties of the Gaussian
distribution, the distribution of xt at any given time can be derived as follows:

q(xt|x0) = ∏T
t=1 q(xt|xt−1) =N (xt|

√
αtx0, (1 − αt)I) t = 1, 2, · · · , T, (5)

where αt = ∏T
t=1(1 − βt). Reparameterizing Equation (5) yields:

xt =
√

αtx0 +
√

1 − αtϵt, (6)

where ϵt ∼ N (0, I) represents noise randomly sampled from a standard Gaussian distribu-
tion. Equation (6) indicates that the transition from x0 to any time point xt can be achieved
through a single noise addition.

The reverse diffusion process begins at the terminal point xT of the forward diffusion
process. Its core objective is to progressively reconstruct multibeam bathymetric data from
pure noise by learning a parameterized transition function. This process is fundamentally
an iterative probabilistic reconstruction problem under conditional constraints. As demon-
strated by Sohl-Dickstein et al. [38], the reverse diffusion process still adheres to Gaussian
distribution characteristics. Therefore, it can be expressed as follows:

Pθ(xt−1|xt, LQ, C) = N (xt−1|
∼
µθ(xt, LQ, C, t),

1 − αt−1

1 − αt
βt I), (7)

where C denotes the terrain feature line extracted from the V32.1 free-air model, which
is used to constrain the terrain trend generated in the data void area.

∼
µθ(•) represents

the estimated mean of this conditional distribution, and its specific form is expressed
as follows:

∼
µθ(xt, LQ, C) =

1√
αt
(xt −

1 − αt√
1 − αt

)ϵθ(xt, LQ, C, t), (8)

where αt = 1 − βt, and ϵθ(•) denotes the noise component predicted by the network. The
mean function of the reverse diffusion in Equation (8) is solved via neural network-based
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noise prediction. The model is trained by optimizing the following weighted variational
lower bound, with the loss function being defined as follows:

L = Ext ,LQ,C,t

[∥∥∥ϵt − ϵθ

(√
αtx0 +

√
1 − αtεt, LQ, C, t

)∥∥∥2
]

, (9)

where ϵt represents the noise added during the forward process according to Equation (6).

2.3.2. Eliminating Elevation Jumps Through Cycling Sampling

During the model inference stage, a key methodological challenge lies in addressing
the integration between known data and generated data. Unlike common image gener-
ation tasks, the central objective of MBES swath restoration is to utilize measured valid
bathymetric data to predict and fill values in void areas. The final requirement involves
seamlessly integrating the model’s restoration results with the original known data, to
form a complete and continuous seafloor topographic surface. However, the restoration
results generated by the diffusion model via multistep iterative sampling often exhibit
discrepancies with the original measured values at the boundaries of known regions. If a
simple direct replacement is used to stitch the restored areas with the known data, elevation
jumps occur between these two types of data, adversely affecting accuracy. Related studies
have shown that repeated predictions via neural networks can mitigate or even eliminate
such elevation discontinuities within the patch [30,51,52].

As shown in Figure 5, for the sampling process at each time step, we introduce a
multistep iterative cycling sampling strategy. First, the prediction of xt−1 from xt is obtained
through the conventional reverse diffusion process. By multiplying it with the binary mask
image (1—mask) that records the positions of measured points, the unknown portion of
xt−1 is extracted. Simultaneously, forward diffusion is applied to the LQ up to time step
xt−1, and by multiplying with the mask, the known portion of xt−1 is obtained. These two
parts are then summed to yield the single-step sampling result for xt−1. However, since the
known and unknown parts of xt−1 are derived through different computational methods,
directly concatenating them may leave visible seams. To address this issue, single-step
forward diffusion is performed on xt−1, and noise is added with Equation (4) to obtain xt.
The cyclic process of “xt → xt−1 → xt” is repeated N times until the elevation discontinuity
between the two parts data is eliminated. The pseudocode for the cycling sampling strategy
is provided in Algorithm 1.

Algorithm 1: Cycling sampling

1: xT ∼ N (0, I)
2: for t = T, . . . ,1 do
3: for k = 1, . . . , N do
4: Pθ(xt−1|xt, LQ, C) → xt−1 ⊙ (1 − mask) → xunknow

t−1
5: q(xt−1|x0) → xt−1 ⊙ mask → xknow

t−1
6: xt−1 = xknow

t−1 + xunknow
t−1

7: if k < N
8: q(xt|xt−1) → xt

9: end if
10: end for
11: end for
12: return x0
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Figure 5. MBES-DDPM cycling sampling strategy.

2.4. Noise Prediction Network of MBES-DDPM

The reverse diffusion process introduced in Section 2.3.1 is achieved by predicting
the noise at each timestep. For this purpose, we specifically designed a noise prediction
network based on the U-Net architecture [53]. As shown in Figure 6, the overall network
is structured with five layers. First, a convolutional layer increases the channel count to
32. Then, through progressive downsampling, the original input image size of 128 × 128
is reduced to 8 × 8, while the channel count is gradually expanded to 256. Subsequently,
via progressive upsampling, the image size is restored to 128 × 128, and the channel count
is progressively reduced to 1, ultimately outputting the predicted noise. As described in
Equation (7), this model incorporates terrain feature lines C as prior knowledge to guide the
training process. Accordingly, we designed a dedicated conditional encoder for C, which
injects the encoded conditional information at the bottom of the model. This information is
fused with the deep features extracted by the model to jointly predict the noise.

The integration of transformer with diffusion models, which can leverage the self-
attention mechanism to enhance the performance of diffusion models, holds significant
research and application potential. For instance, the notable diffusion transformer (DiT)
model has surpassed traditional stable diffusion models [54]. However, the computational
complexity of transformer is substantial, and further increases when it is applied to the
image domain, resulting in high training costs [55]. CNNs excel at capturing local image
features, but their limited receptive field makes it challenging to model complex relation-
ships between distant components within an image. In contrast, Transformers possess
a strong capacity for global modeling. However, their application in the image domain
leads to an explosion in computational complexity, and their handling of local features
may not be as fine-grained as that of CNNs. Therefore, this hybrid CNN-Transformer
architecture design has been extensively utilized and validated within the noise prediction
process of diffusion models [56–58]. In our noise reduction network, the transformer layer
incorporates multi-head self-attention layers to extract global features, while densely con-
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nected residual blocks [36,59] serve as the foundational modules with which the CNN can
capture local features. These two components work in tandem, not only consuming fewer
computational resources but also leveraging their respective strengths during multiscale
feature extraction.

 
Figure 6. Noise reduction network and its submodule structure diagram.

3. Results
3.1. Experimental Setting

The experiments were conducted on a computing platform equipped with an NVIDIA
RTX 4090 GPU, utilizing the PaddlePaddle 3.0 deep learning framework. The MBES-DDPM
adopts the DDPM framework, with a total diffusion timestep T = 500. The noise schedule
parameter βt is linearly interpolated between 0.0001 and 0.02, and the number of cycling
sampling iterations N = 5. During training, the Adam optimizer was employed with a
learning rate of 1 × 10−5 and a batch size of 8. A total of 1000 epochs were completed to en-
sure sufficient model convergence. To comprehensively validate the model’s effectiveness,
this study selected three interpolation algorithms—IDW, Kriging, and Spline—along with
two generative deep learning models: DCGAN [60] and Diff-DEM [45]. All methods were
tested under identical datasets and training strategies to ensure fair comparison.

Furthermore, this study also designed both qualitative and quantitative evaluation
systems. First, the restoration results were displayed and analyzed through multi-level
comparison. Subsequently, the results were evaluated using relevant metrics across two
dimensions: accuracy and similarity. Accuracy was assessed using the root mean square
error (RMSE) and mean absolute error (MAE), while similarity was evaluated using the
peak signal-to-noise ratio (PSNR) and the structural similarity index measure (SSIM).

3.2. MBES Swath Restoration Results

To systematically evaluate the generalizability and robustness of the proposed method
across different real-world data acquisition scenarios, in this study, two sets of experiments

https://doi.org/10.3390/rs18030496

https://doi.org/10.3390/rs18030496


Remote Sens. 2026, 18, 496 12 of 29

were designed and conducted. These experiments were based on distinct data degra-
dation mechanisms that simulated two typical types of data gap issues encountered in
multibeam bathymetry operations: (1) random degradation restoration experiments to
simulate incomplete terrain with randomly distributed gaps in size and location resulting
from multisource data stitching without survey line planning (the restoration results are
shown in Figure 7), and (2) rule-based degradation restoration experiments to simulate the
strip-like missing data characterized by uniformly spaced gaps resulting from systematic
survey line intervals (the restoration results are shown in Figure 8). These two experimental
scenarios address the challenges associated with random and regular degradation patterns
in seabed topography restoration, with the goal of comprehensively validating the overall
performance of the model in terms of addressing complex real-world problems. In addition
to the comparative presentation of restoration effects across large regions, detailed local
restoration results are provided.

Figure 7. Random degradation seabed topography restoration results.
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Figure 8. Rule-based degradation of seabed topography restoration results.

3.2.1. Overall Restoration Results

To visually evaluate the restoration performance of the different methods, a qualitative
comparative analysis was conducted on randomly degraded seabed restoration results
across three representative regions (Areas 1–3) with distinct topographic characteristics. As
shown in Figure 7, the mid-ocean ridge terrain in Area2 is characterized by complex folds,
with a large void zone present in its upper left corner. In this region, IDW and kriging
introduced noticeable topographic distortions and generated apparent interpolation arti-
facts, whereas the spline method produced overly intricate and unrealistic textures within
the void area. These results highlight the inherent limitations of traditional interpolation
methods when addressing extensive data gaps in complex terrains. Area 3 is a highly
rugged submarine mountainous region, where traditional interpolation methods resulted
in unnatural “terrace-like” artifacts, significantly compromising topographic details. Al-
though DCGAN restored some details, it exhibited pronounced elevation discontinuities
along the boundaries of the original data. In contrast, the predictions from Diff-DEM
contained numerous unreasonable anomalous elevation protrusions. Overall, across all of
the complex scenarios that were tested, the proposed MBES-DDPM demonstrated superior
performance in terms of visual fidelity and topographic detail restoration, and its results
maintain high consistency with those of the GT.
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In the rule-based degradation restoration experiment illustrated in Figure 8, we fur-
ther evaluated the performance of the different methods across three seabed areas with
representative survey line azimuths (Area 4: 0◦; Area 5: 45◦; and Area 6: −45◦). The experi-
mental results indicate that the restoration outputs of traditional interpolation methods
(IDW, kriging, spline) all exhibit systematic stripe-like artifacts that are highly aligned
with the original survey line directions. In regions with pronounced topographic relief,
such as the ridge edges in Area5, these artifacts were particularly prominent, leading to
noticeable sawtooth-like distortions in the terrain contours. Although the DCGAN method
was able to reconstruct the basic macro-morphology of the terrain, visible discontinuities
persisted at the junctions between known data and restored regions. The Diff-DEM method
continued to demonstrate issues with overestimated elevations, producing scattered pro-
trusion artifacts. In contrast, our proposed MBES-DDPM method effectively suppressed
directional artifacts and outliers across all orientation-based gap tests. The generated
terrains appeared visually continuous and natural, without significant topographic struc-
tural distortions, demonstrating the proposed method’s robust ability to restore rule-based
degradation patterns.

3.2.2. Local Detail Restoration Effect

To further evaluate the effectiveness of different methods in terms of restoring terrain
details, we present a local magnification of the feature-rich area (Figure 9) and extracted
topographic profile lines (Figure 10). Figure 9 displays a local enlargement of Area3 from
Figure 7, where the LQ exhibits random degradation with significant data gaps in the
central area. The GT data indicate substantial terrain variation in this area, making it a
representative case. The IDW, kriging, and spline interpolation methods produced no-
ticeable “step-like” elevation discontinuities in the void areas. In the DCGAN restoration
results, discontinuous elevation transitions are observed between the predicted and mea-
sured regions, with the restored terrain in the gap area generally lower than that in the GT.
The Diff-DEM restoration avoids the elevation jumps seen in interpolation methods and
DCGAN, presenting more natural terrain changes and realistic visual effects. However,
most terrain details within the restored area are inaccurate and inconsistent with the GT.
In contrast, our proposed MBES-DDPM method yields more authentic restoration results,
accurately recovering the basic topographic trends compared to the GT, although some
high-frequency details are not fully restored. Overall, the restoration performance of the
MBES-DDPM surpasses that of the other baseline models.

Figure 9. Local detail comparison in Area 3.
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Figure 10. Profiles of the seabed topography restoration results, the arrows in LQ indicate the position
and direction of the profiles.

As shown in Figure 10, Profiles 1–3 traverse a narrow ridge, whereas Profiles 4–6
are located in a mid-ocean ridge region. The analysis reveals that the profile curves
generated by the IDW and kriging methods exhibit sharp fluctuations, which correspond
precisely to the step-like interpolation artifacts observed in Figures 7 and 8, confirming
the inherent limitations of such methods in restoring continuous terrain. The Diff-DEM
predictions exhibit systematic bias, significantly underestimating true elevations across
multiple profiles (e.g., Profiles 1, 2, 4, 5) while overestimating them excessively in Profile 6.
Overall, it shows a tendency to deviate from the actual terrain. In contrast, the profile curves
of MBES-DDPM closely align with the GT in most cases, particularly in Profiles 4–6 under
rule-based degradation scenarios, where the alignment with GT is even more pronounced.
These terrain profiles further confirm that MBES-DDPM outperforms the comparative
methods in both restoring terrain details and maintaining elevation accuracy, demonstrating
significant advantages especially when handling rule-based degradation patterns.

3.3. Accuracy Evaluation of MBES Swath Restoration

Figure 11 displays the residual error distributions of the restoration results in two
representative regions. The results show that in Area 1, which features a prominent moun-
tainous ridge with significant topographic variation, the residuals of all of the methods
are generally greater near the ridge. In contrast, over relatively flat areas, even when
there are extensive data gaps, the residuals remain effectively controlled, indicating that
terrain complexity is a key factor influencing restoration accuracy. Specifically, traditional
interpolation methods such as IDW, kriging, and spline exhibit similar residual distribution
patterns, which are characterized by fine-grained, high-frequency errors, which reflects
their limitations in recovering fine-scale terrain structures and continuous variations. Diff-
DEM results in widespread negative residuals in both regions, which is consistent with
the presence of anomalous elevation protrusions in its predictions. In comparison, the pro-
posed MBES-DDPM method demonstrates the most spatially uniform residual distribution
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with the smallest overall magnitude. This observation visually confirms the significant
advantage of MBES-DDPM in enhancing both the overall accuracy and stability of the
restoration results.

Figure 11. Residual distribution map of the seabed topography restoration results. Negative residuals
indicate GT values lower than the restoration results, whereas positive residuals indicate GT values
higher than the restoration results.

Tables 2 and 3 present the error and similarity quantification metrics of each method
across the six test regions, respectively. The quantitative results reveal a consistent phe-
nomenon: for rule-based degraded data (Tests 4–6), the errors for all methods are signif-
icantly lower, and the similarity is notably higher compared to those for random degra-
dation data (Tests 1–3), confirming that random degradation data pose greater challenges
to restoration algorithms. Specifically, IDW and kriging exhibit comparable error levels
across all regions, demonstrating stable performance. The spline method yields higher
errors in random degradation scenarios (Tests 1–3) but achieves lower errors in rule-based
degradation scenarios (Tests 4–6), indicating its varying sensitivity to different data gap
patterns. Across all test regions and every evaluation metric, the proposed MBES-DDPM
method consistently achieves optimal performance. Statistically, compared with the second-
best baseline model, the MBES-DDPM reduces the RMSE of the restoration results by an
average of at least 34.21% and improves the PSNR by more than 3.71 dB on average. This
significant quantitative improvement confirms that the proposed method offers higher
accuracy and robustness when addressing different types of data gaps.
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Table 2. Accuracy statistics for seabed topography restoration results (the best results are highlighted
in bold blue font).

Indicator Methods Test 1 Test 2 Test 3 Test 4 Test 5 Test 6

RMSE
(m)

IDW 119.73 137.21 91.38 100.40 94.14 68.91
Kriging 111.47 137.15 91.40 99.53 94.16 68.56
Spline 137.36 149.08 114.86 88.83 66.16 46.14

DCGAN 144.37 154.79 102.33 147.69 138.76 110.61
Diff-DEM 232.58 217.70 151.43 160.27 168.49 168.89

MBES-DDPM 89.35 111.52 68.37 51.63 43.21 32.20

MAE
(m)

IDW 32.31 40.68 31.35 42.90 28.22 23.54
Kriging 28.72 40.90 31.54 43.56 28.46 23.58
spline 32.95 35.27 35.11 36.42 18.88 14.87

DCGAN 45.51 42.47 36.39 58.35 60.30 42.62
Diff-DEM 85.01 70.97 60.43 76.36 73.68 72.55

MBES-DDPM 26.49 28.03 24.23 19.76 13.39 11.38

Table 3. Statistical table of the similarity in the seabed topography restoration results (the best results
are highlighted in bold blue font).

Indicator Methods Test 1 Test 2 Test 3 Test 4 Test 5 Test 6

PSNR
(dB)

IDW 35.08 33.16 35.00 34.03 37.33 37.12
Kriging 35.70 33.17 35.00 34.11 37.33 37.17
Spline 33.89 32.44 33.01 35.10 40.39 40.61

DCGAN 33.46 32.12 34.02 30.68 33.96 33.01
Diff-DEM 29.32 29.15 30.61 29.97 32.27 29.34

MBES-DDPM 37.62 34.97 37.52 39.81 44.09 43.73

SSIM

IDW 0.98 0.98 0.98 0.96 0.98 0.98
Kriging 0.98 0.98 0.98 0.96 0.98 0.98
spline 0.97 0.97 0.96 0.96 0.99 0.99

DCGAN 0.97 0.97 0.97 0.94 0.97 0.96
Diff-DEM 0.96 0.96 0.96 0.94 0.96 0.94

MBES-DDPM 0.99 0.99 0.99 0.99 0.99 0.99

3.4. Accuracy Evaluation of the Slope in the MBES Swath Restoration Results

To further evaluate the morphological fidelity of the restored terrain, in this study, the
residual errors between the slopes of the restored results and the GT slopes were analyzed,
with results shown in Figure 12 and Table 4. The quantitative metrics in Table 4 show
that the IDW and kriging methods produce relatively high slope residuals (in terms of
both the RMSE and the MAE) across all test regions. Notably, while the slope residuals
of the DCGAN and Diff-DEM are lower than those of the traditional interpolation meth-
ods, their corresponding absolute elevation errors (Table 2) are higher. This seemingly
contradictory phenomenon indicates that although such generative methods can produce
rich high-frequency textures, these details are not necessarily accurate. In contrast, tradi-
tional interpolation methods produce overly smooth results that approximate the average
elevation but completely lose the critical slope information reflecting terrain structure.
Therefore, generative methods demonstrate a relative advantage in capturing slope metrics
that characterize terrain morphology. Among all of the compared methods, the proposed
MBES-DDPM in this paper achieved the best results for the majority of the tested metrics.
This finding proves that the MBES-DDPM can not only achieve high-precision elevation
reconstruction but also most accurately restore the first-order derivative features of the
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terrain, realizing a higher-order restoration of the real seabed topography in terms of
morphological structure.

 
Figure 12. Spatial distribution of the slope in the MBES swath restoration results.

Table 4. Statistical table of the slope accuracy for the MBES swath restoration results (the best results
are highlighted in bold blue font).

Indicator Methods Test 1 Test 2 Test 3 Test 4 Test 5 Test 6

RMSE
(m)

IDW 12.71 10.66 13.93 13.37 16.10 15.29
Kriging 11.25 10.58 13.91 13.63 16.14 15.29
Spline 9.13 7.19 10.43 8.66 13.38 11.67

DCGAN 10.43 6.36 10.79 8.19 14.96 12.15
Diff-DEM 11.42 7.58 13.32 10.80 15.27 14.13

MBES-DDPM 8.97 5.60 9.94 6.65 10.89 9.55

MAE
(m)

IDW 4.31 3.15 5.29 5.28 7.24 6.86
Kriging 3.69 3.14 5.31 5.62 7.31 6.91
spline 2.67 1.66 3.44 3.47 5.61 4.84

DCGAN 3.43 1.78 3.90 3.18 6.74 5.20
Diff-DEM 3.91 2.34 5.23 4.57 6.96 6.45

MBES-DDPM 2.83 1.53 3.59 2.29 4.39 3.77

3.5. Analysis of the Gap Restoration Effects for Different Sizes

To quantitatively evaluate the impact of the data gap size on restoration effectiveness,
we systematically simulated four different swath gap widths (7.5 km, 12 km, 16.5 km and
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21 km) in the Test 5 area and performed restoration by using the MBES-DDPM. A compari-
son of the simulated low-quality data (LQ), restoration results, and residual distributions
for the local region (Area5) is shown in Figure 13, and the corresponding quantitative
accuracy assessment results are summarized in Table 5.

Figure 13. Restoration results of the MBES-DDPM on gaps of varying sizes. The numbers below
the LQ correspond to the widths of the gaps between adjacent swaths, specifically 7.5 km, 12 km,
16.5 km, 21 km, 25.5 km and 30 km.

Table 5. Accuracy of the restoration results for gaps of different sizes.

Gap Widths (km) RMSE (m) MAE (m)

7.5 22.76 5.81
12 43.21 13.39

16.5 71.54 25.01
21 101.95 39.19

25.5 124.28 51.76
30 159.14 70.47

The experimental results indicate a clear negative correlation between the restoration
accuracy and gap width. When the gap width is 7.5 km, the original data remain relatively
intact, and the narrow gaps result in overall smaller residual errors in the model’s restora-
tion. As the gap width increases, the range of residual errors in the restoration results
expands significantly, and the ability of the model to recover topographic details tends
to decrease. This visual pattern was also rigorously validated with quantitative metrics.
As shown in Table 5, as the gap width increases from 7.5 km to 30 km, both the RMSE
and the MAE of the restoration results increase systematically. This finding demonstrates
that, under the same topographic conditions, larger geographic data gaps correspond to
increased challenges and uncertainties in the restoration task.

Furthermore, a detailed examination of the spatial distribution of the residuals
(Figure 13) reveals that larger residual values are not uniformly distributed but are notably
concentrated in regions with significant topographic variation, such as trenches and their
flanking ridges. In contrast, over relatively flat seabed areas, residuals remain at low levels
even when the gaps are wider. These observations clearly indicate that the restoration
accuracy is constrained by both the gap width and local terrain complexity. Areas with
complex topography, which are characterized by drastic elevation changes and rich struc-
tural features, impose greater demands on the model’s contextual inference and detail
generation capabilities, thereby becoming the primary source of restoration errors.
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Furthermore, quantitative experimental results further reveal that the decline in
restoration accuracy with increasing gap size is not linear but exhibits a distinct non-
linear, accelerating downward trend. Analysis of the data in Table 5 shows that as the
gap size increases in fixed increments (4.5 km), the corresponding degradation in accuracy
increases significantly. For example, when the gap width expanded from 7.5 km to 12 km,
the RMSE and MAE of the restoration results increased by 20.45 m and 7.58 m, respectively.
However, starting from a larger base gap of 25.5 km to 30 km, the increases in RMSE and
MAE reached 34.85 m and 18.71 m, respectively. This phenomenon indicates that larger
gap sizes are associated with higher risks and greater uncertainty regarding accuracy loss
from further expansion.

The underlying mechanism of this phenomenon is that restoring large gaps fundamen-
tally and critically depends on the model’s ability to extract and infer global topographic
features from the limited surrounding known areas. When the gap is relatively small, the
model has sufficient contextual information to constrain the generation process. As gap size
increases, the available effective contextual information decreases drastically. The model is
then forced to perform feature inference and synthesis over longer distances with higher
uncertainty. This exponentially intensifies the demands on the model’s structural priors
and feature extraction capabilities, leading to accelerated error reduction.

3.6. Ablation Study
3.6.1. The Effectiveness of Cycling Sampling

To validate the effectiveness of the proposed cycling sampling mechanism in enhanc-
ing the internal consistency of the restored results, we designed a dedicated analytical
experiment. This mechanism aims to mitigate local elevation discontinuities caused by the
direct embedding of LQ into the predicted output. As shown in Figure 14, when the num-
ber of cycling sampling steps N = 1, distinct boundaries from the embedded LQ is clearly
visible in the restoration result, forming discontinuous artifacts. As N increases, these
discontinuous pseudo-artifacts are progressively eliminated through iteration. At N = 5,
the restored topography exhibits a smooth and natural transition, demonstrating high
conformity with the reference ground truth (GT). Quantitative analysis further supports
this observation: as indicated in Table 6, the RMSE of the restoration result is 131.26 m at
N = 1, which decreases significantly to 89.35 m at N = 5, representing a reduction of 31.92%.
This result demonstrates that, even without introducing any additional information, opti-
mizing the sampling strategy and increasing the number of cycling sampling can effectively
promote the seamless integration of topography and elevation between restored areas
and LQ, thereby significantly enhancing the overall consistency and geometric stability of
the results.

Figure 14. Seabed topography restored using different numbers of cycling sampling.
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Table 6. Accuracy of restoration results at different numbers of sampling cycles.

N RMSE (m) MAE (m)

1 131.26 44.33
2 102.39 32.05
3 94.00 28.33
4 89.89 26.57
5 89.35 26.49

3.6.2. The Effectiveness of Feature Line

To validate the effectiveness of using topographic feature lines derived from marine
gravity anomaly data as prior constraints, we designed a set of ablation experiments. In the
comparative model without feature line constraints, we removed the conditional encoder
from the noise prediction network and adjusted the input-output structure of the relevant U-
Net layers accordingly. This model was then trained using the identical dataset and training
strategy as the complete MBES-DDPM. A visual comparison of the restoration results is
shown in Figure 15, with quantitative metrics summarized in Table 7. The experimental
results indicate that with the introduction of feature line constraints, the restoration results
show significantly higher agreement with the GT, exhibiting lower overall error and a
more spatially uniform error distribution. In contrast, the unconstrained model produced
results with greater deviation and more scattered errors. Concurrently, the results in Table 7
confirm this pattern: after applying the topographic feature line constraints to the model,
the RMSE of the restoration results decreased by 37.21%. This clearly demonstrates the
important role of external prior topographic knowledge in enhancing restoration accuracy.

Figure 15. Comparison of restoration effects with and without terrain feature lines.
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Table 7. Accuracy of restoration results with and without feature line guidance.

RMSE (m) MAE (m)

with feature line 68.37 24.23
without feature line 108.88 36.07

The restoration of gaps in MBES bathymetry swaths is inherently an ill-posed problem,
with solutions possessing a high degree of uncertainty. The inherent diversity in diffusion
model generation can produce seemingly plausible but “deceptive” details that violate
macro-scale terrain structures. The topographic feature lines introduced in this study, serv-
ing as prior knowledge describing regional topographic trends, provide macro-structural
constraints for the diffusion process. They effectively restrict and guide the model’s reason-
ing and generation, forcing the restoration process to adhere to true topographic structures.
This suppresses the generation of implausible details and ensures that the restoration results
remain consistent with the actual seabed topography in both overall structure and local
features. Therefore, the constraint mechanism of topographic feature lines fundamentally
enhances the model’s capability to address this type of ill-posed problem.

4. Discussion
4.1. Analysis of the Restoration Effects for Different Data Degradation Patterns

In this study, the incompleteness of the MBES data is categorized into two patterns,
random degradation and rule-based degradation, and a systematic evaluation framework
was thus established accordingly. Both the quantitative and qualitative experimental
results collectively reveal an important finding: Although our proposed MBES-DDPM
achieves the best restoration accuracy on both types of degraded data, the margin of its
performance improvement over the second-best model differs substantially between the
two degradation modes.

Specifically, in the random degradation scenario (Test 1–3, average data void ratio
~30%), compared with the second-best baseline method, the MBES-DDPM reduced the
average RMSE by 21.24%. In contrast, in the rule-based degradation scenario (Tests 4–6,
with an average data void ratio as high as ~50%), the average reduction in the RMSE reached
35.59% compared with the second-best baseline method. These results indicate that the
complexity of the data gap pattern may pose a greater challenge to restoration algorithms
than the data void ratio alone. Although the overall void ratio is lower in randomly
degraded data, its gaps vary in size and exhibit highly random spatial distributions and
shapes; thus, this pattern is particularly prone to forming isolated large-area data voids.
As analyzed in Section 3.5, the restoration accuracy is generally lower for larger gaps.
This random degradation pattern disrupts the spatial autocorrelation of topographic data,
increasing the difficulty for models in terms of accurately inferring the terrain structure in
unknown regions.

In contrast, although rule-based degradation data have a higher void ratio, their gaps
exhibit a uniform, directional strip-like distribution with predictable spatial patterns. Such
systematic gaps partially preserve the continuity of terrain features along specific directions,
making it easier for models—including certain traditional interpolation methods—to learn
and perform restoration. Consequently, the more pronounced performance advantage
demonstrated by the MBES-DDPM on rule-based degradation data, precisely demonstrates
its robust ability to capture and exploit the latent regular structures within the data.

In summary, this study identifies and analyzes key characteristics of MBES data
restoration tasks: The difficulty of restoration depends not only on the total amount of
missing data but also, more critically, on the randomness and structural nature of the

https://doi.org/10.3390/rs18030496

https://doi.org/10.3390/rs18030496


Remote Sens. 2026, 18, 496 23 of 29

missing patterns. The MBES-DDPM remains stable even in the more challenging random
degradation scenario, further validating its enhanced applicability and robustness when
addressing complex, unstructured real-world marine surveying data gaps.

4.2. Analysis of the Restoration Effect of MBES Measured Data Sources

To further validate the model’s generalization capability in real-world scenarios, we
conducted swath restoration experiments on actual MBES survey data. Specifically, we
utilized the type identifier (TID) grid of GEBCO_2025 to extract a section of seafloor
topography from GEBCO_2025 that is entirely based on MBES measurement sources, as
shown in the GT in Figure 16. This region features a seamount with complex, rugged terrain
and a water depth range of 12 to 5797 m. We applied a random degradation simulation
to this data, resulting in an LQ version where approximately 35% of the area consists of
data voids.

Figure 16. The repair effect of MBES actual measured data.

Baseline models and the proposed MBES-DDPM were employed to restore the LQ data.
The results are shown in Figure 16, with the quantitative accuracy summarized in Table 8.
Analysis reveals that traditional interpolation methods (IDW, Kriging, Spline) continue to
exhibit significant limitations on the real measured data. Their restoration results contain
systematic step-like elevation artifacts and generate a substantial amount of non-physical,
distorted topographic textures. The results from deep learning methods, DCGAN and
Diff-DEM, show some improvement in visual coherence. However, the topographic details
they generate deviate significantly from the GT. As indicated in Table 8, their accuracy
metrics are even lower than some interpolation methods, highlighting the risk of these
methods producing “plausible but erroneous” details when lacking strong constraints.
In contrast, the proposed MBES-DDPM maintains high visual consistency with the GT
and achieves the best quantitative accuracy among all baseline models, reducing RMSE
by approximately 27.95% compared to the second-best model. This result confirms that
MBES-DDPM exhibits no strong dependency on the data source, demonstrating excellent
potential for practical application.
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Table 8. Accuracy of MBES measured data restoration.

Methods RMSE (m) MAE (m)

IDW 84.23 29.96
Kriging 76.54 26.34
Spline 96.27 29.12

DCGAN 118.80 42.46
Diff-DEM 132.42 52.89

MBES-DDPM 55.15 20.48

The strong generalization capability demonstrated by MBES-DDPM fundamentally
stems from two key technical strengths: first, a context feature extraction and modeling
mechanism that enables the model to effectively learn from and infer the topographic
structure of missing regions based on the complex spatial relationships present in known
areas; and second, the prior knowledge constraint mechanism, which provides stable
macro-topographic guidance for the diffusion generation process by incorporating external
knowledge such as gravity anomalies. These dual capabilities work in concert, allowing the
model to learn the intrinsic distribution patterns of seabed topography from the training
data, rather than simply memorizing or fitting the superficial characteristics of specific
data sources.

4.3. Limitations and Future Prospects

The model proposed in this study performs well when handling typical MBES data
gaps, yet its performance remains constrained by the inherent limitations of the current
deep learning restoration paradigms. The primary limitation lies in the fact that, to suit
the model input requirements and computational efficiency, large-area seabed topography
must be cropped into fixed-size image patches (e.g., 128 × 128 pixels) for independent
processing. Due to the randomness of actual survey line distributions, the density of valid
data varies significantly across different patches. Some patches may contain very few valid
measurements, resulting in a high proportion of “open-type” gaps (i.e., gap regions that
contact or approach the patch boundaries), as illustrated by the extreme case shown in
Figure 17. Under such conditions, the model suffers from a notable decline in restoration
performance due to the lack of necessary surrounding topographic context. The root cause
of this issue is that the local processing scheme based on fixed-size patches possesses a
limited receptive field and is unable to capture the spatial correlations and constraints
required for restoration from a broader geographic scope.

To overcome these limitations mentioned, future research could explore next-
generation restoration architectures that go beyond fixed local receptive fields. A highly
promising direction is to draw inspiration from the Latent Diffusion Model (LDM) frame-
work in the natural image processing domain [40,54]. This approach adopts a multi-stage
generation pipeline: First, a large-scale seabed topography map is compressed into a low-
dimensional latent space via an encoder; diffusion-based restoration is then performed
within this latent space; and finally, a decoder reconstructs the restored latent features back
to the original geographic spatial scale. Such a paradigm allows the model to capture and
leverage global topographic structures and contextual relationships over broader spatial
extents through the compressed latent representation, thereby offering a potential solution
for restoring “open-type” gaps located in extremely data-sparse regions that lack local
neighborhood information. The incorporation of such mechanisms is expected to signifi-
cantly increase the model’s robustness and restoration accuracy when handling extremely
sparse and uneven data distributions, thereby advancing generative artificial intelligence
toward deeper and more practical applications in complex marine surveying scenarios.
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Figure 17. “Open-type” data void formed under conditions of extreme sparsity and its restoration results.

Additionally, as mentioned in Section 2.1, when constructing the data degradation
model in this study, the coverage width of the MBES bathymetric swath was assumed
to be a fixed value, primarily to simplify mathematical expressions. However, in actual
operations, swath coverage width varies dynamically with factors such as water depth
and topographic relief. For instance, insufficient coverage may occur in areas with steep
slopes, such as seamounts, leading to localized data gaps. This simplifying assumption
introduces a discrepancy between the simulated data and the complexity of real-world
conditions. It is worth noting that irregular gaps caused by topographic variations can be
categorized as a type of non-systematic gap pattern. The random degradation simulation
method employed in this study, to some extent, captures the characteristics of such irregular
gaps. Therefore, the proposed method remains effective in addressing certain gap issues
arising from real topographic variations. In future research, it will be necessary to consider
more realistic application scenarios. On one hand, the degradation algorithm should be
refined to incorporate mechanisms that account for the dynamic influence of terrain on
swath coverage width. On the other hand, efforts should be made to accumulate higher-
quality, multi-scenario measured datasets. By enhancing the realism and diversity of
training samples, it is anticipated that the model’s generalization capability and restoration
accuracy in complex real-world scenarios can be further strengthened.

5. Conclusions
This study addresses the core challenge of restoring gaps between MBES bathymet-

ric swaths by proposing a complete solution framework that encompasses a problem
definition, data simulation, and model construction. First, based on practical marine sur-
veying operations, two data degradation models, random degradation and rule-based
degradation—are explicitly defined, both of which have clear real-world implications. This
categorization provides a highly realistic and quantifiable data foundation for model train-
ing and evaluation. Furthermore, the MBES-DDPM is introduced; its core innovation is the
development of a multisource data-fusion-guided denoising diffusion probabilistic frame-
work. For the first time, gravity anomaly data are incorporated as a macro-topographic
prior. With a carefully designed conditional injection mechanism, the diffusion process
is guided to generate seabed topography consistent with regional geophysical princi-
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ples, thereby advancing the paradigm from “data-driven interpolation” to “multisource
knowledge-guided generation”.

The experimental results demonstrate that the MBES-DDPM exhibits outstanding and
stable restoration performance across various typical and complex seabed topographic
scenarios. Compared with mainstream interpolation methods and state-of-the-art deep
learning models, the proposed approach achieves significant quantitative advantages: the
RMSE of the restored results is reduced by an average of at least 34.21%, and the PSNR
is improved by more than 3.71 dB on average. More importantly, in qualitative assess-
ments and analyses of the terrain morphological metrics (such as the slope fidelity), the
MBES-DDPM successfully recovers more continuous and reasonable macro-topographic
structures as well as finer micro-geomorphic details, effectively avoiding common issues
such as over-smoothing distortions, structural artifacts, or spurious feature generation.
These outcomes fully validate the effectiveness and superiority of the multisource informa-
tion fusion guidance mechanism.

Thus, this study provides a reliable new method for the high-precision restoration of
large-scale MBES bathymetric swaths, contributing to the advancement of full-coverage,
high-resolution seabed topographic modeling. However, the current approach remains
constrained by its patch-based local processing paradigm when handling extremely large-
area scenes, experiencing challenges when addressing gaps that are highly sparse or
unevenly distributed. In the future, we will explore global restoration frameworks based
on architectures such as Latent Diffusion Models to overcome the local receptive-field
limitations and leverage broader spatial contextual information, thereby further enhancing
the model’s performance in large-scale restoration tasks.
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