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Abstract—In this paper, we present SonarSplat, a novel Gaus-
sian splatting framework for imaging sonar that demonstrates
realistic novel view synthesis and models acoustic streaking
phenomena. Our method represents the scene as a set of 3D
Gaussians with acoustic reflectance and saturation properties.
We develop a novel method to efficiently rasterize Gaussians to
produce a range/azimuth image that is faithful to the acoustic
image formation model of imaging sonar. In particular, we
develop a novel approach to model azimuth streaking in a
Gaussian splatting framework. We evaluate SonarSplat using
real-world datasets of sonar images collected from an underwater
robotic platform in a controlled test tank and in a real-world river
environment. Compared to the state-of-the-art, SonarSplat offers
improved image synthesis capabilities (+3.2 dB PSNR) and more
accurate 3D reconstruction (77% lower Chamfer Distance). We
also demonstrate that SonarSplat can be leveraged for azimuth
streak removal.

Index Terms—Mapping, Deep Learning for Visual Perception,
Marine Robotics

I. INTRODUCTION

ACOUSTIC sensors, such as imaging sonar, are commonly
used for infrastructure inspection, large-area mapping,

and target detection in underwater environments [1], [2], [3].
While optical sensors are severely range-limited due to water
column effects on light propagation, acoustic sensors can
capture data at long ranges to provide critical information
about subsea environments. However, acoustic phenomena like
elevation ambiguity, azimuth streaking, and multi-path reflec-
tions make sonar interpretation difficult for both operators and
computer vision algorithms.

Radiance field methods offer a promising approach to ad-
dressing these challenges. Neural radiance fields (NeRFs) have
demonstrated the potential for high-fidelity data synthesis, de-
noising, and 3D reconstruction using optical imagery [4], [5],
[6], [7]. The benefits of neural rendering have been recognized
by the underwater perception community, with prior work
exploring neural rendering for 3D object reconstruction using
underwater cameras [8], [9] and sonar data [10], [11], [12],
[13], [14]. While these innovations are promising, training
and processing NeRFs is costly and time-consuming, making
deploying them in real-time or on resource-constrained devices
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Fig. 1. We present SonarSplat, a novel 3D Gaussian splatting framework that
enables novel view synthesis of realistic sonar images, image de-streaking,
and 3D reconstruction. We model the acoustic reflectivity and azimuth streak
probabilities for all Gaussians, yielding a 3D scene representation that can be
queried for a variety of downstream tasks.

difficult. More recently, 3D Gaussian splatting (3DGS) [15]
was developed as a faster alternative to NeRF. Gaussian
splatting has been leveraged for underwater applications as
well [16], [17], [18]. Most relevant to our proposed work,
ZSplat proposes a Gaussian splatting framework for RGB-
sonar fusion [19]. However, ZSplat leverages the fusion of
sonar data to improve the rendering of RGB images and does
not focus on enabling high-fidelity data synthesis for sonar
imagery or providing evaluation for the quality of rendered
sonar images or 3D reconstruction. Thus, there is a clear gap in
the literature for a framework capable of efficient and effective
sonar image synthesis and 3D reconstruction using Gaussian
splatting.

In this paper, we propose SonarSplat (Fig. 1), a novel
Gaussian splatting framework for imaging sonar that enables
efficient and high-quality novel view synthesis, sonar image
de-streaking, and 3D reconstruction for underwater robotic
applications. To the best of our knowledge, SonarSplat is the
first sonar-only method that leverages Gaussian splatting to
perform these tasks. Our main contributions are as follows:

• We develop a novel 3D Gaussian splatting framework for
rasterization of range/azimuth sonar images from known
and arbitrary viewpoints.

• We develop a novel method for learning the probability
of azimuth streaking in a differentiable manner, which al-
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lows for removal of unwanted azimuth streaking artifacts
from rendered images.

• We introduce a novel densification strategy called the
Elevation Sampling Densification Strategy (ESDS) that
places Gaussians on elevation arcs and yields better novel
view synthesis and 3D reconstruction.

• We perform quantitative and qualitative evaluation of
our method on real imaging sonar data collected from
a robotic platform with a variety of sonar ranges and
environments.

For further information, please visit our project website at
https://umfieldrobotics.github.io/sonarsplat3D/.

II. RELATED WORK

A. Radiance Field Methods

NeRFs represent scenes implicitly using neural networks
and have been explored for a variety of robotic applications,
including novel view synthesis [4], data generation [20],
Simultaneous Localization and Mapping (SLAM) [21], [22],
manipulation [23], and image dehazing [7]. Despite their
success as a scene representation, a key challenge for the
practical application of NeRFs is the long training time and
the slow rendering speeds, primarily due to the computa-
tionally expensive volumetric rendering process [4]. A recent
development in radiance field methods is Gaussian splatting,
which uses more efficient rasterization instead of volumetric
rendering to produce a scene representation. This has led to
the use of radiance field methods in a variety of real-time
applications [15], [24], [25].

Despite their impressive performance and rapid adoption,
radiance field methods were developed with optical sensors
in mind, limiting their direct application to non-visual sen-
sors. Recent developments have integrated non-visual sensors,
including radar, LIDAR, sonar, thermal cameras, and event
cameras into NeRF and Gaussian splatting frameworks for
various vision tasks [26], [27], [21], [28], [10], [29]. We are
inspired by the faster rendering speeds and high fidelity of
Gaussian splatting methods and propose a novel Gaussian
splatting framework for imaging sonar.

B. Perception Challenges for Imaging Sonar

Imaging sonar is a popular underwater sensor for perception
tasks like object detection, segmentation, reconstruction, and
inspection [10], [30], [1], [31], [32]. However, the sensor is
susceptible to multi-path effects, nonlinear noise patterns, and
phenomena like azimuth streaking [33]. Azimuth streaking, in
particular, can make sonar image understanding difficult by
suppressing returns from specific ranges, causing black bars
in the sonar image [33]. In addition, the sensor inherently
loses information from 3D into 2D when capturing the acoustic
returns, causing an effect known as elevation angle ambiguity
[34]. This ambiguity has made the successful application of
imaging sonar to 3D vision tasks challenging [32], [35], [36].

C. Novel View Synthesis for Imaging Sonar

Prior work has incorporated the sonar image formation
model into signed distance field (SDF) and NeRF formula-
tions [10], [13], [12]. Neusis presents a volumetric rendering
framework for dense 3D reconstruction of objects using an
imaging sonar [10]. Neusis-NGP is an extension of Neusis
that leverages multi-resolution hash encodings to produce a
bathymetric heightmap of the environment [12]. Differentiable
Space Carving (DSC) proposes a faster method that models
echo probabilities to carve out a mesh of the scene [13].
Through our experiments, we demonstrate that these methods
render less realistic sonar imagery compared to SonarSplat
according to quantitative metrics including PSNR, SSIM, and
LPIPS. This limits their use in data generation and augmenta-
tion. Additionally, our experiments indicate that querying these
methods is time consuming, which limits their use in real-time
applications.

To the best of our knowledge, ZSplat is the only Gaussian
splatting paper that incorporates imaging sonar data, with
demonstrations on underwater data. However, ZSplat operates
with a simplified sonar model that does not model several
important sonar-specific phenomena. More importantly, ZSplat
only splats the opacities of Gaussians and does not consider
material properties like acoustic reflectance. This leads to
poor sonar renderings, which limits its application in sonar
novel view synthesis. We demonstrate that SonarSplat, which
more accurately models sonar image formation, produces more
realistic novel view synthesis, restores sonar images to remove
azimuth streaking artifacts, and produces 3D reconstructions
under a unified framework.

III. TECHNICAL APPROACH

Figure 2 shows an overview of SonarSplat, which uses
sonar images and their corresponding sensor poses to optimize
a scene representation. The scene is represented as a set
of 3D Gaussian primitives, each parametrized with a mean,
covariance, opacity, acoustic reflectivity, and azimuth streaking
probability. First, the Gaussians that fall within the view
frustum of the sonar are rasterized into a range/azimuth image.
Concurrently, we render an azimuth streak probability image
using the per-Gaussian azimuth streak probabilities. Based on
the relative probabilities in each range bin, we use a novel
adaptive gain module to adjust the acoustic returns and capture
azimuth streaking effects. Finally, we produce a sonar image
with azimuth streaks that can be optimized by taking a loss
with respect to the ground truth sonar image. We provide
further details of each of these components in the remainder
of this section.

A. Imaging Sonar Formation Model

To adapt the optical Gaussian splatting framework for imag-
ing sonar, we must incorporate the acoustic image formation
model into the rasterization process. Imaging sonar is a time-
of-flight sensor that provides the echo intensities at a given
range and azimuth bin.

A sonar image is defined as I ∈ RNa×Nr where Na

denotes the number of azimuth bins and Nr denotes the
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Fig. 2. Overview of SonarSplat. Our method takes as input a sensor pose and an initial set of 3D Gaussians representing the scene. Then, we transform
the 3D Gaussians into the sensor’s image space. We splat the reflectivity parameter νk to get the unsaturated image Iu. Additionally, we optimize and splat
per-Gaussian azimuth streaking probabilities pk . All of the probabilities in a range bin ri are considered in our novel Adaptive Gain Module, which adjusts
the gain A applied to Iu. Finally, we produce Î by multiplying the gain A by Iu. All parameters are optimized using gradient descent by taking losses with
respect to the sonar image pixel values. All sonar images shown are polar (range/azimuth) coordinates.

number of range bins. In spherical coordinates, the sonar has a
vertical field of view (ϕmin, ϕmax), a horizontal field of view
(θmin, θmax), and a maximum range, Rmax. Finally, Rmax

Nr

is the range resolution, ϵr, and θmax−θmin

Na
is the azimuthal

resolution, ϵa.
We leverage the sonar rendering equation introduced in [10],

which calculates the intensity of return at bin (ri, θj) in the
sonar image I by:

I(ri, θj) =
∫ ϕmax

ϕmin

∫ θj+ϵa
θj−ϵa

∫ ri+ϵr
ri−ϵr

Ee

r T (r, θ, ϕ)σ(r, θ, ϕ)drdθdϕ

(1)
where Ee is the intensity of emitted sound, r is the range of
the point, T (r, θ, ϕ) is the transmittance term, and σ(r, θ, ϕ)
is the density of the point. T (r, θ, ϕ) is the probability that a
ray travels to point (r, θ, ϕ) without hitting another particle.

B. Range/Azimuth Splatting Model

To evaluate this integral, prior methods use sampling and
quadrature [10], [11], [13]. However, motivated by the in-
creased efficiency of splatting techniques, we explore a point-
based approach adapted to the sonar image formation model.
To this end, we represent the scene with a set of 3D Gaus-
sian primitives G = {Gk}Nk=1. Formally, these Gaussians
are parametrized with a mean µk ∈ R3, scale sk ∈ R3,
orientation qk ∈ H, opacity ok ∈ R+, and azimuth streak
probability pk ∈ R+. We take inspiration from other Time-of-
Flight novel view synthesis work and use spherical harmonics
coefficients shk to model view-dependent acoustic reflectivity
νk [28]. Specifically, νk = SH(shk, v⃗), where v⃗ is the viewing
direction.

Gk = (µk, sk, qk, ok, shk, pk) (2)

where the covariance Σk = RkSkS
T
k R

T
k for rotation matrix

Rk given by quaternion qk and scaling matrix Sk given by sk.
To render sonar images, we first transform the means and

covariances of the Gaussians into spherical coordinates. Let
µk = [xk, yk, zk]

T and Σk be the mean and covariance in the

sensor’s frame, respectively. The transformation to spherical
coordinates is as follows [37]:

µs =

rkθk
ϕk

 =

 ||µk||
arctan(yk, xk)

arctan(zk,
√
x2
k + y2k)

 (3)

The covariance matrix Σk is transformed by using a first-
order linearization of the coordinate transformation, which the
Jacobian describes:

Js =


xk

∥µk∥
yk

∥µk∥
zk

∥µk∥
−yk

x2
k+y2

k

xk

x2
k+y2

k
0

−xk·zk
||µk||2

√
x2
k+y2

k

−yk·zk
||µk||2

√
x2
k+y2

k

√
x2
k+y2

k

∥µk∥2

 (4)

and the covariance matrix becomes

Σs = JsΣkJ
T
s (5)

To convert the spherical coordinate mean and covariance
into range/azimuth image space, we first specify the intrinsic
matrix K of the sonar,

K =

 1
ϵr

0 0

0 1
ϵa

Na

2

0 0 1

 (6)

and then we perform the transformation:

µ′
k = Kµs, Σ′

k = JKWΣsWJT
K (7)

where µ′
k and Σ′

k are the mean and covariance transformed
to range/azimuth space, JK is the Jacobian of K, and W
is the sensor’s view matrix, similar to the camera splatting
formulation [15].

To find the intensity of acoustic returns at a given
range/azimuth bin [ri, θj ], we consider Gi,j ⊂ G, the set
of Gaussians transformed to range/azimuth image space that
overlap with the range/azimuth bin [ri, θj ]. The rasterization
equation to obtain the sonar image for SonarSplat is similar
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to that of [15], with a few key differences. Specifically,
we use single-channel acoustic reflectance ν instead of per-
channel color c and we form the image by splatting in the
range/azimuth plane using [r, θ] coordinates instead of tradi-
tional camera coordinates. SonarSplat’s rasterization equation
is given by:

Iu(ri, θj) =
∑

Gk∈Gi,j

1

rk
νk ok T k fk([ri, θj ]) (8)

fk(x) = exp(−1

2
∥x− µ′

k∥2Σ′
k
) (9)

T k =
1

|Pk|
∑
p∈Pk

T p
k (10)

where rk is the range of Gk from the sensor, fk(x) is the
evaluation of Gaussian Gk at range/azimuth point [ri, θj ] with
the norm as the Mahalanobis distance, T k is the average
transmittance of the Gaussian from the sensor origin to the
Gaussian along the range. To compute T k, 3D Gaussians
are splatted onto the azimuth/elevation plane to model oc-
clusions in the range dimension. We define Pk as the set of
azimuth/elevation pixels that the Gaussian Gk overlaps and we
calculate T p

k as the transmittance of Gk at pixel p according to
[15]. The subscript indicates that Iu is the unsaturated image,
meaning that it does not account for the azimuth streaking that
causes saturation across the image. Our sonar images are gain
adjusted, so 1

rk
is dropped.

C. Azimuth Streak Modeling (ASM)

Azimuth streaking, as shown in Fig. 4, is a phenomena
that is frequently observed in sonar images. It is a form of
saturation that occurs when the sonar receiver receives strong
returns from incident angles close to 0 at a specific range bin
ri [33]. In our model, we assign each Gaussian a probability
that it will cause an azimuth streak. The benefit of defining
this probability per-Gaussian is that it can be optimized to
produce azimuth streaks that are multi-view consistent. Let
pk be the probability that Gaussian k will contribute to an
azimuth streaking phenomena. We can then splat these per-
Gaussian probabilities into a range/azimuth bin to obtain an
azimuth streak probability image Pa:

Pa(ri, θj) =
∑

Gk∈Gi,j

pk ok T k fk([ri, θj ]) (11)

Ma(ri) =

Na∑
θ=0

Pa(ri, θ) (12)

where Ma(ri) represents the probability of an azimuth streak
occurring at range interval ri. The azimuth streak probabilities
across the range bins are then used to compute the final image
using an adaptive gain mechanism.

Fig. 3. Illustration of the proposed Elevation Sampling Densification Strategy
(ESDS). We randomly sample Np pixels (shown as green sectors) based on
the magnitude of L then randomly place Ng Gaussians (shown as green
ellipses) on the elevation arc of that pixel.

1) Adaptive Gain Module: We introduce a novel adaptive
gain term, A, that is produced by transforming the azimuth
streak probability image. We begin designing this gain term
with a few observations. First, when no Gaussian in a range bin
ri has a high probability of azimuth streaking, the gain should
be unity. Second, suppose a single Gaussian Gk exhibits a high
probability of azimuth streaking across the range bin ri. In that
case, we wish to adaptively suppress the other Gaussians in ri
and assign a high gain to Gk. Finally, if multiple Gaussians in
ri have high probabilities of contributing to an azimuth streak,
higher gain should be assigned to those Gaussians. Following
these observations, the adaptive gain term is generated for each
pixel: (ri, θj):

A(ri, θj) = Pa(ri, θj)Ma(ri)
eγ·Pa(ri,θj)−1

eγ−1 + (1−Ma(ri))
(13)

where γ is a scaling factor that dictates the steepness of the
adaptive gain. This behavior aligns with the insight presented
in [33]: if a certain percentage of returns exceeds a threshold,
an operation is applied to all of the values in a range interval.
However, our proposed model differs because we do not
restrict the gain to a fixed function (quadratic) but rather offer
a family of curves for our splatting model to explore during
optimization. The final sonar image Î(ri, θj) with azimuth
streaks is then computed by:

Î(ri, θj) = A(ri, θj) · Iu(ri, θj) (14)

D. Model Optimization

We optimize SonarSplat using gradient descent and by
taking losses (Ll1,Lssim) between Î and the ground truth
image IGT [15]. Next, we note that large Gaussians cause
increased training times and more distortion to the model
presented in Sec. III-B. To prevent Gaussians from becoming
too large, we use Lsize = ReLU(s− sinit), which encourages
the scale of the Gaussians s to remain smaller than their
initialized scale sinit [38]. Additionally, we find it useful for
reconstruction tasks to supervise the opacities of Gaussians
via an opacity loss Lo, similar to [19]. We compute Lo

between the predicted opacity map Îo and IGT thresholded at
τo to isolate strong returns. The threshold parameter is found
experimentally for each dataset. Lo then becomes an l1 loss
between Îo and IoGT. The final loss becomes:

L = λl1Ll1 + (1− λl1)Lssim + λoLo + λsizeLsize (15)

where λl1, λo, and λsize are the weights for the l1, opacity,
and size losses respectively.
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Fig. 4. We present our robotic platform and selected images from our diverse set of 9 sequences used in our experiments. We show RGB images in top
right corners for visualization. Our evaluation datasets focus on smaller objects and larger-scale structures such as the test-tank basin. Azimuth streaks clearly
occur in the infra_360 and piling_1 sequences.

E. Elevation Sampling Densification Strategy (ESDS)

Splitting and cloning Gaussians in image space is unintuitive
for imaging sonar given the elevation angle ambiguity. It
is possible that a Gaussian can be split then immediately
occluded by high opacity Gaussians in front of it. To address
this, we introduce an alternative strategy for densification
of Gaussians called the Elevation Sampling Densification
Strategy (ESDS) shown in Fig. 3. Given predicted image
Î and ground truth IGT, we sample Np pixels, where each
pixel’s probability is proportional to the magnitude of the loss
at that pixel. We initialize Ng Gaussians on each elevation
arc specified by the sampled pixel locations. This primarily
serves to provide SonarSplat enough opportunities to resolve
the elevation angle ambiguity and any possible occlusions by
placing Gaussians at different elevation angles. Low-opacity
Gaussians are pruned similar to [15].

F. Implementation Details

SonarSplat is built on the gsplat repo [39]. We train our
method on an NVIDIA RTX 3090 GPU with 24 GB of vRAM.
We calculate the frames per second (FPS) of all methods on the
same NVIDIA A6000 GPU with 50 GB of vRAM. For every
pixel in a sonar image with intensity above a threshold τinit,
we initialize Ninit Gaussians on the elevation arc specified
by the pixel’s range, azimuth, and the sensor’s vertical field
of view. This process is repeated for all sonar images in a
dataset to produce the initial set of 3D Gaussians. To properly
optimize for the azimuth streaking probabilities pk of each
Gaussian, we first identify where azimuth streaks occur by
calculating the average intensity of the range interval ri. Then,
for the first Ns iterations, we train only on pixels in range
bins that exceed a certain average intensity threshold τs. This
avoids incorrectly supervising the splat in azimuth streaked
regions. Importantly, pk is not optimized during this interval.
After Ns iterations, we optimize only pk in order to capture
the azimuth streaking effects. We do not optimize µk, Σk, ok,
or νk during this interval. This allows the Gaussians to fit the
images before optimizing the azimuth streaking parameters.

IV. RESULTS & EXPERIMENTS

A. Robotic Platform and Datasets

We note that real, public datasets of posed sonar images suit-
able for novel view synthesis and reconstruction experiments

TABLE I
NOVEL VIEW SYNTHESIS PERFORMANCE ON REAL WORLD HELD-OUT

VALIDATION DATA (7 DATASETS). NOTE THAT ZSPLAT* IS ZSPLAT WITH
ONLY THE SONAR LOSS ACTIVATED FOR TRAINING. FIRST, SECOND, AND

THIRD BEST ARE SHOWN IN RED, ORANGE, AND YELLOW.

Sonar Image Synthesis
Method PSNR ↑ SSIM ↑ LPIPS ↓ FPS ↑
Neusis [10] 14.68 0.04 0.64 0.03
Neusis-NGP [12] 19.56 0.33 0.64 0.01
DSC [13] 14.70 0.07 0.66 0.03
ZSplat* [19] 10.06 0.02 0.69 155.32
SonarSplat (ours) 22.79 0.41 0.48 13.45

do not exist. Rather, we collect sequences using a BlueR-
obotics BlueROV2 platform, shown in Fig. 4. Our robotic
platform is equipped with a BluePrint Subsea Oculus M750-
d imaging sonar operating at 1.2MHz, capturing sequences
between 3-20m in range, with a 130◦ horizontal field of
view and a 20◦ vertical field of view. The Oculus M750-
d has a range resolution varying from 0.5-4 cm/pixel and
angular resolution of 0.6◦ with a beam separation of 0.25◦

[40]. We tilt the sonar both at 30◦ and 0◦ downwards
for various sequences. We use this platform to collect 9
trajectories inspecting a range of objects and in both a test
tank and river environment. We use 7 sequences for evaluating
image synthesis, and 2 sequences with higher coverage of
the inspected object for evaluating 3D reconstruction. Our
3D reconstruction datasets are called Concrete Piling
and Monohansett Shipwreck. Sensor poses are esti-
mated by filtering a Doppler Velocity Logger and IMU,
similar to [41], [10]. For Concrete Piling, we construct
ground truth for 3D reconstruction using RGB images and
MASt3R, scaling the reconstruction to metric scale [42]. For
Monohansett Shipwreck, we use an underwater LiDAR
scan of the shipwreck as ground truth.

B. Baselines
For baselines, we compare to Neusis [10], Neusis-NGP [12],

DSC [13], and ZSplat* [19]. Since we are focused on sonar-
only rendering, we compare to a modified version, ZSplat*,
trained with only the sonar loss since there is no other work
that has explored Gaussian splatting for imaging sonar [19].
All baselines were trained using official code and hyperparam-
eters were tuned to the best of our ability.

C. Novel View Synthesis
We report validation PSNR, SSIM, and LPIPS following

[15], using the lpipsPyTorch library. For our validation
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Fig. 5. We present qualitative novel view synthesis results from selected datasets and selected baselines. Note that SonarSplat produces more realistic sonar
image synthesis compared to baselines and is better able to capture finer details in the environment. Note that ZSplat* indicates ZSplat trained only with the
sonar loss. Images are cartesian.

set, we take every 8th image from the dataset as introduced
in [4]. We report SonarSplat’s performance compared to base-
lines in Tab. I. We find that SonarSplat consistently synthesizes
more realistic sonar images, quantified by its higher PSNR
and SSIM, and lower LPIPS values. Qualitative results from
selected sequences are presented in Fig. 5. We also report the
rendering speed in FPS of each method in Tab. I. SonarSplat
and ZSplat* both leverage Gaussian splatting, which offers
significantly faster rendering speeds compared to neural ren-
dering methods. ZSplat* is optimized for fast rendering, which
will be a focus of future work.

D. Ablation Studies

We perform ablation studies on the view-dependent re-
flectivity parameter νk (VDR), the azimuth streak modeling
(ASM), and the Elevation Sampling Densification Strategy
(ESDS). Ablation studies are averaged across 7 evaluation
datasets and trained with exactly the same hyperparameters
as results from Sec. IV-C. Methods that don’t use ESDS use
the mcmc strategy in gsplat [39]. Results are reported in
Tab. II and shown in Fig. 6. Clearly, the addition of azimuth
streak modeling, view-dependent acoustic reflectivity, and the
elevation sampling densification strategy improves the image
synthesis capabilities of SonarSplat.

E. Azimuth Streak Removal/De-Streaking

Using SonarSplat, we can undo the adaptive gain to render
images without azimuth streaks present and recover suppressed
returns. This vision task is most similar to image de-striping
from the remote sensing literature. We present quantitative
results in Tab. III using the inverse coefficient of variation
(ICV) metric, which is a common no-reference metric used

TABLE II
ABLATION STUDY RESULTS FOR THE PROPOSED ACOUSTIC REFLECTANCE

PARAMETER (VDR), AZIMUTH STREAK MODELING (ASM), AND
ELEVATION SAMPLING DENSIFICATION STRATEGY (ESDS). BEST IN

BOLD.

SonarSplat Rendering Ablations
VDR ASM ESDS PSNR ↑ SSIM ↑ LPIPS ↓

✗ ✗ ✗ 21.32 0.35 0.53
✓ ✗ ✗ 21.16 0.34 0.55
✓ ✓ ✗ 22.51 0.40 0.52
✓ ✓ ✓ 22.79 0.41 0.48

SonarSplat w/o ASM SonarSplat w/ ASMGround Truth Image

Fig. 6. Qualitative comparison of SonarSplat without and with azimuth streak
modeling (ASM) for piling_1. Note that if ASM is not modeled, rendered
views will produce erroneous streaks (indicated with red arrows) instead of
capturing the true streaks (indicated with blue arrows).
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Fig. 7. Qualitative results for azimuth streak removal capabilities of Sonar-
Splat. Locations of azimuth streaks in the captured images are indicated by
blue arrows.

TABLE III
WE REPORT THE INVERSE COEFFICIENT OF VARIATION (ICV) FOR

AZIMUTH STREAK REMOVAL. BEST IS IN BOLD.

De-Streaking Performance (ICV) ↑
Captured Image De-Streaked Prediction

Average 2.91 18.58

in de-striping works [43], [44], [45]. We present qualitative
results of de-streaked images in Fig. 7. The Azimuth Streak
Modeling allows SonarSplat to qualitatively and quantitatively
remove streaks effectively and improves the finer features in
sonar images.

F. Real-World 3D Reconstruction

3D reconstruction is crucial for inspection and visualization
of underwater structures. In a test tank, we demonstrate
inspection of Concrete Piling, a structure commonly
found in bridges and dams. We also surveyed Monohansett
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Fig. 8. Qualitative results from 3D reconstruction of SonarSplat compared to baselines. We inspect Concrete Piling in a test tank. Monohansett
Shipwreck was surveyed in Lake Huron, Michigan. Ground truth is created using collected RGB images and LIDAR respectively. Readers are encouraged
to zoom in.

Shipwreck, a wooden shipwreck at a depth of 18 feet in
Lake Huron, Michigan, measuring 160 feet in length and 30
feet in width.

We show that SonarSplat learns the geometric properties of
the scene by converting the optimized splat into a mesh for
visualization. We sample a set of points from the probability
density functions described by the Gaussians, then query the
opacities and use marching cubes to produce a mesh. Specifi-
cally, we used between 10-50 samples per Gaussian depending
on the size of the scene and the density of the Gaussians.
We compare to state-of-the-art sonar reconstruction methods:
Neusis, DSC, and ZSplat* [13], [10], [19]. Additionally, we
ablate ESDS (denoted as “SonarSplat w/o ESDS”). Qualitative
results are shown in Fig. 8 and quantitative results are shown
in Tab. IV. Following [10], [13], we report Root Mean Squared
(RMS) l1 Chamfer Distance (CD-l1) and Hausdorff Distance
(HD), which are both in meters. We produce meshes from all
methods then randomly sample 30,000 points from the surface
for 30 iterations to calculate RMS. We use ICP to align the
predictions and ground truth meshes then crop the predictions
to the bounding box of the ground truth. Note that neither
DSC, Neusis, nor ZSplat* is able to reconstruct the object
whereas SonarSplat is able to produce an accurate reconstruc-
tion of the piling. For Monohansett Shipwreck, we see
that SonarSplat captures details like the wooden ribs of the
shipwreck more accurately than baselines.

TABLE IV
QUANTITATIVE EVALUATION OF 3D RECONSTRUCTION USING RMS l1

CHAMFER DISTANCE (CD-l1) AND HAUSDORFF DISTANCE (HD). UNITS
ARE METERS. BEST IN BOLD.

3D Reconstruction Performance
Concrete Piling Monohansett Shipwreck

Method CD-l1 ↓ HD ↓ CD-l1 ↓ HD ↓
Neusis [10] 0.32 0.78 1.75 3.67
DSC [13] 0.29 0.82 1.60 6.77
ZSplat* [19] 2.93 4.88 3.06 8.30
SonarSplat w/o ESDS 0.92 1.77 3.62 12.52
SonarSplat (ours) 0.14 0.57 0.29 1.06

V. CONCLUSION & FUTURE WORK

We propose SonarSplat, the first sonar-only Gaussian splat-
ting framework for imaging sonar in underwater applications.
First, we adapt the sonar rendering equation for efficient
range/azimuth splatting by evaluating 3D Gaussians. We
model azimuth streaking within the Gaussian splatting frame-
work, allowing us to learn per-Gaussian azimuth streaking
probabilities and produce high-quality de-streaked images. We
also introduce a novel densification strategy (ESDS) to enable

SonarSplat to resolve elevation angle ambiguities and associ-
ated occlusions. From our extensive experiments on a diverse
set of real-world data in test tank and lake environments, we
find that SonarSplat outperforms state-of-the-art methods in
novel view synthesis (+3.2 dB PSNR) and 3D reconstruction
(77% lower Chamfer Distance), and additionally allows for
de-streaking of sonar images.

Future work will focus on leveraging SonarSplat for sonar
data synthesis by randomizing scene parameters including
acoustic reflectance and azimuth streaking probability. This
can yield more diverse datasets for training sonar-based scene
understanding algorithms, including multi-view target recog-
nition algorithms [46], [47]. We will also work to improve
SonarSplat’s ability to perform dense 3D reconstruction by
better modeling additional acoustic phenomena like speckle
noise and multi-path reflections. Our choice of Gaussian
splatting as a 3D scene representation also opens possibilities
for real-time sensor fusion and SLAM [24].
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