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Abstract—3D reconstruction of underwater structures is im-
portant for inspection and maintenance but due to turbidity
and low-visibility environments optical sensors fail to provide
reliable data. Acoustic imaging with multi-beam sonars provides
reliable data, but requires expensive hardware and produces
dense measurements. In contrast, forward-scan sonars are low-
cost and acquire data sequentially as sparse range-intensity
measurements. But this sparseness in the data leads to strong
elevation ambiguity and makes direct 3D reconstruction ill-
posed. Existing Gaussian splatting methods are mainly designed
for imaging sonars or multi-modal setups and do not handle
single-beam data effectively. This study proposes a Gaussian
splatting framework for forward-scan sonar. Each sonar ping
is modeled as an elevation-ambiguous arc, and multiple views
are combined to initialize and optimize 3D Gaussian primitives.
An elevation-aware densification strategy helps resolve geometric
ambiguity through multi-view consistency. The proposed method
is validated on simulated data, showing accurate and physically
consistent 3D reconstructions using low-cost forward-scan sonar
systems.

Index Terms—Gaussian Splatting, Forward-scan sonar, 3D
Reconstruction, Sparse Acoustic Sensing, Sonar imaging

I. INTRODUCTION

3D reconstruction of underwater structures is critical for
inspection, maintenance, and monitoring of infrastructure such
as pipelines, bridge piers, and offshore platforms. However,
underwater environments often suffer from turbidity, low illu-
mination, and light scattering, which significantly degrade the
performance of optical sensing systems. As a result, acoustic
sensing, particularly imaging sonar, has become the primary
modality for perception in such conditions.

Imaging sonars provide dense range—azimuth measurements
and have been widely used for underwater reconstruction
and mapping tasks. However, these systems are often expen-
sive and complex, limiting their deployment in cost-sensitive
and small-scale platforms. In contrast, forward-scan sonars
offer a compact and low-cost alternative. Unlike imaging
sonars, forward-scan sonars acquire data sequentially as sparse
range—intensity measurements, typically corresponding to a
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single beam at a time. This fundamental difference introduces
significant challenges for 3D reconstruction. Each measure-
ment provides only partial spatial information and suffers from
severe elevation ambiguity, making the reconstruction problem
inherently ill-posed.

Recent advances in neural rendering, including Neural Ra-
diance Fields (NeRF) [1] and 3D Gaussian Splatting [2], have
demonstrated strong capabilities for novel view synthesis and
3D reconstruction. These approaches have been extended to
sonar imaging, enabling reconstruction from multi-beam sonar
data [3], [4]. More recently, Gaussian splatting—based methods
such as SonarSplat [5] have shown improved efficiency and
realism in sonar image synthesis.

Despite these advances, existing methods are primarily
designed for imaging sonars or multi-modal sensing setups [6],
where dense observations are available. These assumptions
do not hold for forward-scan sonar, where measurements are
sparse, sequential, and ambiguous along the elevation dimen-
sion. As a result, directly applying existing frameworks leads
to poor geometric consistency and unreliable reconstructions.

This study addresses these challenges by proposing a Gaus-
sian splatting framework tailored for forward-scan sonar data.
Instead of treating sonar returns as discrete points, each
measurement is modeled as an elevation-ambiguous arc. These
arcs are accumulated across multiple viewpoints to initialize
a set of 3D Gaussian primitives. The scene is then optimized
by rendering synthetic sonar observations and minimizing the
discrepancy with measured data. To resolve elevation ambigu-
ity, multi-view consistency is leveraged and the geometry is
refined.

The proposed approach is validated on both simulated
datasets. The results demonstrate that accurate and physically
consistent 3D reconstruction can be achieved using low-cost
forward-scan sonar systems, highlighting their potential for
practical underwater inspection applications.



II. RELATED WORK
A. Sonar-Based 3D Reconstruction

Underwater 3D reconstruction using sonar has been widely
studied due to the limitations of optical sensing in turbid en-
vironments. Early approaches rely on geometric modeling and
sensor fusion techniques, combining multiple sonar modal-
ities to recover 3D structure [7]. Multi-beam and forward-
looking imaging sonars provide dense range—azimuth mea-
surements, enabling reconstruction through point cloud ag-
gregation or probabilistic modeling. More recent work has
explored forward-looking sonar systems for reconstruction
by introducing mechanical scanning or additional sensing
mechanisms to recover elevation information [8]. While these
approaches improve reconstruction quality, they often require
specialized hardware or additional motion constraints, limiting
their applicability in practical deployments.

B. Neural Rendering for Sonar

Neural rendering methods such as NeRF [1] have revolu-
tionized 3D reconstruction by modeling scenes as continuous
volumetric functions. These methods have been extended to
sonar imaging by incorporating acoustic image formation
models. Neusis [3] introduces a NeRF-based framework for
reconstructing objects from imaging sonar, while subsequent
works improve efficiency and scalability using techniques
such as differentiable space carving [4]. Other approaches
extend NeRF to account for sonar-specific properties such
as acoustic propagation and noise [9]. While these methods
demonstrate promising results, they rely on computationally
expensive volumetric rendering and assume relatively dense
observations, which are not available in forward-scan sonar.

C. Gaussian Splatting for Underwater Reconstruction

3D Gaussian Splatting has emerged as an efficient alterna-
tive to NeRF, enabling real-time rendering and fast optimiza-
tion [2]. This approach represents scenes as collections of 3D
Gaussian primitives, which are rasterized to generate images.
Recent work has adapted Gaussian splatting to underwater
environments, incorporating physics-aware models for light
attenuation and noise [10]. In the context of sonar, Sonar-
Splat [5] introduces a Gaussian splatting framework for imag-
ing sonar, modeling acoustic reflectivity and azimuth streak-
ing. Similarly, fusion-based approaches such as Z-Splat [6]
combine sonar and camera data to improve reconstruction
quality. Recent extensions also address sonar noise modeling
within Gaussian splatting frameworks [11].

However, these methods are primarily designed for imaging
sonar or multi-modal setups and assume dense range—azimuth
measurements. They do not explicitly address the challenges
of forward-scan sonar, where data is acquired sequentially and
lacks elevation information.

D. Limitations of Existing Methods

Despite significant progress, existing approaches rely on
dense observations or additional sensing modalities to resolve
ambiguity. Forward-scan sonar, by contrast, provides sparse

and sequential measurements, where each observation corre-
sponds to a set of possible 3D locations along an elevation arc.
This makes reconstruction fundamentally under-constrained.

To the best of our knowledge, there is limited work that
directly addresses 3D reconstruction from forward-scan sonar
within a neural rendering or Gaussian splatting framework.
This motivates the need for a method that explicitly models
the ambiguity of forward-scan measurements and resolves it
through multi-view consistency.

III. PROBLEM FORMULATION

A forward-scan sonar measurement can be represented as
an image defined in polar coordinates. Specifically, a sonar
image is denoted as I(r,d), where r represents the range
from the sensor and 6 represents the bearing (azimuth) angle.
Each pixel in this image encodes the intensity of the acoustic
return received from a particular range and bearing direction.
Intuitively, the sonar image describes how strongly the emitted
acoustic wave is reflected back to the sensor from different
directions and distances in the environment.

Unlike conventional optical images, which are formed by
perspective projection, sonar images are formed through a
time-of-flight measurement process. As a result, the image
lies in the (7, 0) domain rather than Cartesian coordinates, and
each measurement corresponds to a set of possible 3D points
in space rather than a unique location.

Forward-scan sonar (FSS) differs fundamentally from imag-
ing sonar in the way measurements are acquired. Instead of
producing dense range—azimuth images, FSS systems acquire
sparse range-intensity measurements sequentially, typically
corresponding to a single beam at a given time step. This
measurement process introduces significant ambiguity in the
underlying 3D geometry.

A. Forward Model

Let the 3D scene be represented by a function G(x) that
encodes the acoustic reflectivity of points x € R3. Given a
sonar pose, a forward-scan sonar measurement corresponds to
acoustic returns along a beam direction in which the sonar is
facing. FSS operates by emitting an acoustic wavefront and
measuring the intensity of the returned signal as a function
of range and bearing. For a fixed bearing angle, the sonar
transmits energy that propagates outward and interacts with the
scene. The received signal at a particular range corresponds to
the aggregated reflections from all points that lie at that range
along the beam.

A key characteristic of this sensing process is that the
forward scan sonar does not directly resolve elevation. As a
result, all points that share the same range (1) and bearing (6),
but differ in elevation (¢), contribute to the measurement at the
same point in the resulting image. This measurement process
can be viewed abstractly as a forward operator that maps a
3D scene to a lower-dimensional set of sonar observations.
Importantly, this mapping is many-to-one and multiple distinct
3D configurations can produce identical sonar measurements.



Elevation Ambiguity in Forward-Sonar (OmniScan 450 FS)
Multi-view Observations Required to Resolve Ambiguity
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Fig. 1: Illustration of elevation ambiguity in forward-scan
sonar. A single range—azimuth measurement corresponds to
an arc of possible 3D locations along the elevation dimension.
Any point along this arc can produce an identical mea-
surement, making the inverse problem ill-posed. Multi-view
observations are required to resolve this ambiguity.

This forward operator can be abstracted as follows:
I'=F(G) (1
where F maps the 3D scene (G) to sonar measurements ().

B. Elevation Ambiguity

A key challenge arises from the integration over elevation ¢.
A single measurement (r, 6) does not correspond to a unique
3D point, but rather to a set of points lying along an elevation
arc:

A(r,0) = {x e R® [ [|x[| = 7, Z(x) =0, ¢ € [bmin, Pmax]}

2

Thus, any point along this arc can produce an identical

measurement as shown in Figure 1. This leads to inherent
ambiguity in mapping sonar measurements to 3D structure.

C. Inverse Problem

The goal of 3D reconstruction is to recover the scene GG
from measurements I, i.e.,

G=F'(I) 3)

However, the characteristics of the inverse function (F~1)
make the problem ill-posed due to:

1) Non-uniqueness: Multiple 3D configurations can pro-
duce identical sonar measurements due to elevation
ambiguity.

2) Instability: Variations in measurement accuracy can lead
to significant variations in the reconstructed geometry.

3) Incomplete observations: Each measurement provides
only partial information about the scene.

As a result, directly inverting F is not feasible.

D. Optimization-Based Reconstruction

To address this, the reconstruction process is formulated
as an optimization problem. The goal of this optimization
process is to obtain the scene representation GG that, when

passed through the forward model, best explains the observed
measurements :

G = argmin L(F'(G). 1) 4)

where L is a loss function measuring the discrepancy between
predicted and observed sonar measurements. In practice, the
forward operator F is approximated using a tractable rendering
model F’, which simplifies the underlying acoustic wave
propagation process.

In this work, Gaussian based scene representation is adopted
and multi-view observations are leveraged to resolve eleva-
tion ambiguity. By aggregating measurements across different
viewpoints, the feasible set of solutions is progressively con-
strained, enabling recovery of a consistent 3D structure.

IV. SIMULATION MODEL AND DATA COLLECTION
A. Forward-Scan Sonar Simulation Model

To evaluate the proposed reconstruction framework in a con-
trolled setting, a physics-inspired forward-scan sonar simulator
that generates synthetic sonar images from 3D geometry is
used. The simulator follows the general sonar image formation
model used in prior work [3], while adopting a computation-
ally efficient ray-based approximation.

A forward-scan sonar is a time-of-flight sensor that mea-
sures acoustic returns in a polar image defined over range
and azimuth. The resulting sonar image is represented as
I € RV-*No where N, and Ny denote the number of range
bins and azimuth beams, respectively.

The continuous sonar image formation process can be
expressed as an integration over range, azimuth, and elevation:

I(rs,0 /%X/_ / E.T(r,0,6)0(r,0,0) drdf dé
&)

min

where FE. is the emitted acoustic intensity, 7'(-) denotes
transmittance, and o(-) represents the reflectivity of the scene.
Here 9; = 0; — €q 9}" = 0; + €, T, o= T; — €& and
rj-' = rj + ¢ where ¢, and ¢, are the azimuth and range
resolutions respectively

In practice, evaluating this integral directly is computation-
ally expensive. Therefore, it is approximated in the forward
model using discrete sampling within each beam. For each
azimuth beam 0;, finite set of elevation angles {¢;} and
azimuth offsets {6;} are sampled within the beam width. For
each sampled direction, a ray is cast into the scene to compute
intersections with the geometry.

Let rp;; denote the distance to the closest intersection point
along a sampled ray. The contribution of this ray to the sonar
image is assigned to the corresponding range bin r; if 1y €
[r; — €7 + €.]. The discretized approximation of the sonar
image can then be written as:

’I"“ Zw 9l7

where w(-) is a beam pattern weighting function and «(74)
represents the range-dependent contribution.

a(rnit) Ap AY (6)



In this study, the beam pattern is modeled as a Gaussian:

1/6,—6;\>
_Z : 7
5 (2= )
The range contribution is approximated using a simplified
model:

w(6,0;) = exp

alry=E.ToAr ®)

where T and o are treated as constants for computational
efficiency. This corresponds to a linear approximation of
the range integral used in the continuous formulation. This
modeling choice accounts for the gain adjusted outputs which
sonars provide as their measurements.

The final sonar image is obtained by accumulating contribu-
tions from all sampled rays across all beams. This formulation
provides a tractable approximation of the sonar image forma-
tion process while capturing key physical characteristics such
as beam spread and range-dependent accumulation.

B. Data Collection Strategy

To generate diverse multi-view sonar observations, an au-
tomated data collection pipeline that samples sensor poses
around the scene is implemented. The sensor is constrained to
lie on a predefined sampling plane (e.g., XY, XZ, or YZ), while
the remaining two coordinates are sampled within specified
bounds. This enables controlled coverage of the scene from
multiple viewpoints.

At each sampled position, the sensor is oriented to face
the centroid of the structure, ensuring that the region of
interest remains within the field of view. To increase viewpoint
diversity, small random perturbations are added to the sensor
orientation. This results in a distribution of poses that vary
in both position and viewing direction. For each pose, a
sonar image is generated using the simulation model, and
the corresponding sensor pose is recorded. The dataset thus
consists of paired sonar images and poses, which are used for
reconstruction. All captures, including sensor intrinsics and
extrinsics, are stored for reproducibility.

V. 3D RECONSTRUCTION METHODOLOGY
A. Gaussian Scene Representation

The 3D scene is represented as a set of N Gaussian
primitives:

G=1{G}Y, ©)

where each Gaussian G; is parameterized by its mean p,; € R3,
covariance 3; € R3*3, opacity «; € [0,1], and reflectivity
pi € R+,

The covariance is represented using anisotropic scaling and
rotation:

¥, =R;S’R, (10)

where R; is derived from a quaternion and S; is a diagonal
scale matrix. This representation enables continuous volu-
metric modeling while remaining efficient for rendering and
optimization.
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Fig. 2: Example of simulated data. The left image shows the
3D fence structure used in the simulation, while the right
image shows the corresponding forward-scan sonar image in
(r,0) coordinates. The sonar image demonstrates how the 3D
geometry is projected into the sonar domain with significant
elevation ambiguity.

B. Gaussian Initialization from Sonar Observations

Unlike imaging-based methods, forward-scan sonar mea-
surements do not directly correspond to unique 3D points. To
initialize the Gaussian set, the sonar measurements are first
converted into 3D point hypotheses by sampling along the
elevation dimension. For each active sonar pixel (r,0), a set
of candidate 3D points are generated along the elevation arc:

X(’I’7 97 ¢]€)7 d)k S [¢min7 (bmax]

where {¢y} are uniformly sampled elevation angles.

To reduce ambiguity, multi-view consistency is enforced by
retaining only those points that are observed from multiple
viewpoints. Specifically, points are clustered within a spatial
radius and retained if they are supported by at least M distinct
views. This results in a filtered set of points:

Y

P = {x; | observed in > M views} (12)
Each retained point initializes a Gaussian with position
p; = x;, reflectivity proportional to the measured intensity,
and initial opacity:
@ = /pi (13)
Additionally, each Gaussian is assigned a set of view tags
indicating the sonar scans in which it contributes. This enables
selective optimization based on observation support.

C. Sonar Rendering with Gaussian Splatting

Given a set of Gaussians and a sensor pose, a synthetic sonar
image is rendered by projecting the 3D Gaussian primitives
into the sonar image space and accumulating their contribu-
tions along each beam.



1) World-to-Sensor Transformation: Each Gaussian mean
p; € R? is defined in the world coordinate frame. To render
from a given sensor viewpoint, the Gaussians are transformed
into the sensor coordinate frame using a homogeneous trans-

formation matrix:

T = € R** 14
where R € R3*3 is the rotation matrix representing the sensor
orientation, and t € R3 is the translation vector representing
the sensor position in the world frame.

Using homogeneous coordinates, the transformed Gaussian

mean is given by:
p =T [ﬂ

The covariance is transformed using only the rotational
component:

5)

¥ —R¥,RT (16)

where uz(-s) = (mi,yi,zi)T denotes the Gaussian mean in

the sensor frame.

2) Cartesian-to-Spherical Transformation: To map the
Gaussian distribution from Cartesian coordinates to sonar
measurement space, the mean and covariance in sensor frame
is transformed into spherical coordinates:

r= /{E2+y2+227

6 = arctan 2(y, x),
¢ = arctan 2(z, \/x2 + y2)

Following SonarSplat [5], this nonlinear transformation is
approximated using a first-order linearization around the Gaus-
sian mean. The covariance is propagated using the Jacobian
of the transformation:

a7

() = 3,24 37 (18)
The Jacobian J; € R3*3 is given by:
z Y z
T T T
Y _z 0
Ji — m2+y2 12+,y2 (19)
xz Yz m2+y2
T2 \/r2+y2 T2 \/m2+y2 r2

This linearization enables efficient propagation of uncer-
tainty into sonar measurement space while avoiding nonlinear
integration.

3) Projection to Image Space: The sonar image is defined
over discrete range and azimuth bins. Let H denote the number
of range bins and W the number of azimuth beams.

The continuous spherical coordinates are mapped to pixel
coordinates as:

T — T'min 0 + FOV/2
Up = ———, U= — 7~

= -1
€ FOV (W )

(20)

where:

e Tmin 1S the minimum sensing range,
e ¢, is the range resolution,

e FOV is the azimuth field of view.

The projected Gaussian mean in image space is:

w; = (ur, up) " @D
The covariance is reduced to the (r, ) subspace:
2 = %9 :2,0: 2] (22)
To convert to pixel units, a scaling matrix is applied:
1
= 0
D= {56 1 ] (23)
€9
where €y = %.
The pixel-space covariance is:
=P —px" DT (24)

4) Gaussian Splatting: Let p = (rp,6,) denote a pixel
location in the sonar image grid. Each Gaussian contributes to
pixel p via a 2D Gaussian kernel:

fi(p) = exp (—;(p —u) 2 (p - ui)> (25)

where:

e u; is the projected mean of Gaussian 1,

e 3, is the covariance in pixel space.

5) Volumetric Accumulation and Transmittance: Following
a volumetric rendering formulation, Gaussians are sorted along
each beam in increasing order of range ;.

The opacity contribution of Gaussian ¢ at pixel p is:

ai(p) = a; fi(p) (26)

where «; is the opacity of the i-th Gaussian. The transmit-
tance up to Gaussian ¢ is defined as:

Ti(p) = [[ (1 - o(p)) 27)
J<i
The rendered intensity at pixel p is:
(28)

I(p) = ZTi(P) ai(p) pi

where p; denotes the reflectivity of Gaussian <.

6) Approximate Transmittance Computation: Computing
per-pixel transmittance for all Gaussians can be computa-
tionally expensive. To improve efficiency, the transmittance
per Gaussian by averaging is approximated over its effective
support region.

Let A; denote the set of pixels where f;(p) is non-
negligible. The approximate transmittance is:

- 1
Ti= 7 2 Tp) (29)
Wil 2%
The rendered image is then computed as:
(30)

I(p) = ZTiai pi fi(p)

This approximation preserves the ordering effects of occlu-
sion while significantly reducing computational cost.



7) View-Dependent Subset Selection: To improve computa-
tional efficiency and reduce spurious gradients, only a subset
of Gaussians contributes to each rendering pass. Specifically,
each Gaussian is associated with a set of views in which
it is observed, and only those Gaussians relevant to the
current view are considered during rendering. This results in
a view-dependent sparse splatting process, which significantly
stabilizes optimization.

D. Optimization Objective

The reconstruction is formulated as an optimization prob-
lem:
gzargrnginz:ﬁ(fk,fk) (31
k
where Ij, and I, denote predicted and observed sonar images
for view k. The reconstruction loss is calculated as the /1 norm
between the predicted and the observed image.

Leceon = > I = Iy (32)
k

1) Opacity and Scale Regularization: In addition to the
reconstruction 10ss, Liecon, regularization terms are used to
minimize the number of Gaussians required to represent the
underlying 3D geometry. This is achieved by including regu-
larization terms to reduce the opacity and size of the Gaussians
and then pruning the Gaussians whose opacity or distance from
the surrounding Gaussians reduces below a specified threshold
value.

2) Elevation-Ray Regularization: When only the image
reconstruction loss is used, the optimizer may distribute Gaus-
sian opacity along elongated tubes in 3D that project to the
same sonar image, resulting in vertical smearing and floating
Gaussian trails. To mitigate this ambiguity, an elevation-ray
regularization term is introduced. This term is introduced
to discretize not only the azimuth dimension, but also the
elevation dimension, and encourage the Gaussian mass along
each discretized (6, ¢) ray to remain compact in range.

For each Gaussian, the mean position transformed into the
sensor frame is first converted to spherical coordinates. The
azimuth coordinate is discretized using the same field of view
and beam spacing as the renderer:

| 6 + FOV/2
boi = {FOV(W - 1)J

Similarly, the elevation coordinate is discretized into bins

of width A¢:
b¢.77; — \‘sz _AzmmJ

All Gaussians sharing the same pair of indices (bg, b,) are
considered to lie on the same acoustic ray. Within each ray,
the Gaussians are sorted by increasing range. For a Gaussian
k on a particular ray, a scalar score is computed:

(33)

(34)

U =1y fi (35)

where nj is the number of views in which the Gaussian
is observed and fj, is an image-consistency weight derived

from the measured sonar intensity at the Gaussian’s projected
range—azimuth pixel. Gaussians supported by more views and
stronger sonar returns therefore receive larger scores.

The scores are converted into a normalized mass distribution
along the ray using a softmax:

- eXp(gk)
Pk S exn(6;)

A compact reconstruction along the ray is encouraged using
two terms. First, the entropy of the mass distribution is
minimized:

(36)

Hray = - Zpk IOg(pk + 6) (37)
k

where € is a small constant for numerical stability. Minimizing
this entropy encourages the Gaussian mass to concentrate
around a small number of locations instead of being spread
across many depths. Second, the weighted variance of the
Gaussian depths along the ray is minimized. Let

r= Zpid“k
k

denote the weighted mean range of the Gaussians on the ray.
The depth variance is then

Var, = Zpk(rk —7)2
k

(38)

(39)

The regularization loss for a single ray is considered as

Lray = Hray + Adeptn Var, 40)

where Agepnn controls the strength of the depth compactness
term.

The final elevation-ray regularization is obtained by averag-
ing over all rays containing at least two Gaussians:

Ny
1 ray
Loew = 57— D LG (41)
ray m=1
The overall training objective is modified as:
Liotal = Lrecon + Ao ”04”2 + )\SHSHQ + ActevLelev (42)

where a denotes the opacity regularization and S denotes
the scale regularization. Thus regularization suppresses diffuse
vertical trails and encourages the Gaussians to converge onto
compact, physically plausible structures that are consistent
across multiple views and with the observed sonar intensities.

E. Opacity Gradient Alignment

Additionally an opacity update strategy is used that aligns
opacity changes with the reconstruction loss gradient. To aid
3D geometry shaping with the gaussians, instead of only
relying on standard gradient descent, the gradient of the
reconstruction loss with respect to opacity is also computed:

L aﬁrecon
Gi 90,

(43)



Opacity is then updated multiplicatively after the optimiza-
tion step as:

a; < o - exp(—ng;) (44)

where 7 is the hyperparameter to control the strength of opac-
ity gradient alignment. To suppress Gaussians that consistently
cause poor reconstruction, an exponential moving average of
the gradients is maintained and an additional decay is applied:

hgt) _ Bhgt—l) + (1 — 8) max(g;,0) (45)

a; < a5 - exp(—Aph;) (46)

where (3 controls the momentum of the contribution of
the Gaussians which are causing poor reconstruction, Ap
is the decay rate factor for reducing the opacity of these
poorly contributing Gaussians. This encourages removal of
inconsistent Gaussians while preserving stable ones.

F. Density-Based Pruning

To remove floating or isolated Gaussians, a density-based
pruning strategy is also introduced. For each Gaussian, the
number of neighboring Gaussians within a radius 74 is com-
puted:

ni = {7 [l = pyll <ra}l (47)

Gaussians with fewer than a minimum number of neighbors
are removed:

g — {gz | n; Z Nmin}

This effectively eliminates spurious isolated structures and
improves reconstruction consistency.

(48)

G. Reconstruction-Aware Pruning Guard

To prevent removal of important Gaussians, the contribution
of each Gaussian to the reconstruction loss is estimated using
a first-order approximation:

aEICCOH .
80&1‘ !
Gaussians with high impact scores are protected during
pruning, ensuring that important structural elements are pre-

served even if they have low opacity or density initially during
the training.

(49)

H. Discussion

The proposed formulation adapts Gaussian splatting to
forward-scan sonar by explicitly accounting for sparse, am-
biguous measurements. Key design choices such as elevation-
based initialization, view-dependent gradient computation, and
reconstruction-aware pruning enable stable optimization de-
spite the ill-posed nature of the problem. Furthermore, col-
lecting sonar data from diverse viewpoints also significantly
improves reconstruction quality by reducing ambiguity and
increasing multi-view consistency.

VI. RESULTS AND DISCUSSION

In this section, two test cases from the simulation analysis
are shown.

A. Case 1 : Reconstruction of a Fence Structure

The proposed method is implemented on a simple fence
structure consisting of three vertical rods and a horizontal bar
in the center as shown in Fig 2. This structure is chosen
to discuss the various parameters used and highlight the
challenges posed by thin, elongated geometries under forward-
scan sonar measurements.

1) Data Collection and Preprocessing: Sonar data is col-
lected from multiple viewpoints surrounding the structure.
Specifically, data is acquired from all four sides of the scene,
resulting in an initial set of poses. From these, a subset of 249
poses is selected by filtering out views that produce exces-
sively sparse sonar returns. Each selected pose is associated
with a sonar image, forming a dataset of paired observations
used for reconstruction.

2) Gaussian Initialization: From the collected sonar data,
an initial set of 3D point hypotheses is generated using
the elevation-based densification approach described in Sec-
tion V-B. This results in a total of 50,940 candidate points
sampled along elevation arcs. To reduce ambiguity and re-
move spurious points, two filtering steps are applied. First
an intensity thresholding is applied to remove low-confidence
measurements and then multi-view consistency filtering is
applied, which retains only points supported by multiple
viewpoints. After filtering, a total of 38,024 points are retained
and used to initialize the Gaussian set. The coordinates of
these points define the Gaussian means, while opacity and
reflectivity are initialized based on the corresponding sonar
intensities, as described in Section V-B.

3) Optimization and Reconstruction: The initialized Gaus-
sian representation is optimized using the Gaussian splatting
framework described in Section V-C. The optimization process
adjusts the Gaussian parameters to minimize the discrepancy
between rendered and observed sonar images across all view-
points.

4) Training Evolution: Fig. 3 illustrates the evolution of the
Gaussian representation over the course of training. At early
stages, the Gaussians are widely distributed due to elevation
ambiguity. As optimization progresses, multi-view consistency
and transmittance-based accumulation guide the Gaussians
toward the true structure. By the final epoch, the reconstructed
Gaussian distribution closely resembles the underlying fence
geometry, with clear localization of the vertical rods and
horizontal bar.

B. Case 2 : Reconstruction of a Truss Structure

The proposed method is further evaluated with a more
complex truss structure as shown in Fig. 4. Unlike the fence
structure, the truss contains a larger number of thin members,
intersecting beams, and repeated patterns. Such structures are
particularly challenging for forward-scan sonar reconstruction
because multiple parts of the object may produce overlapping
returns in the sonar image, increasing ambiguity along the
elevation direction.



(a) Epoch 5

(b) Epoch 15

(c) Epoch 100

Fig. 3: Evolution of the Gaussian representation during optimization for the fence structure. Each plot is showing the opacity
of the Gaussians at a particular epoch thresholded at 0.7. At early epochs, the Gaussians are widely distributed due to elevation
ambiguity in the sonar measurements. As optimization progresses, the Gaussian set becomes increasingly concentrated around
the true structure. By Epoch 100, the three vertical rods and horizontal connecting bar are clearly recovered and most of the

spurious Gaussians are pruned.

Fig. 4: Truss structure used in the second reconstruction
experiment with a sampled location of the sonar sensor (red
point). The structure contains multiple intersecting members
and repeated geometric patterns, making the reconstruction
problem significantly more challenging than the fence case.

1) Data Collection and Preprocessing: Due to the in-
creased structural complexity, view diversity becomes signifi-
cantly more important in this case. Data is therefore collected
from all sides of the truss to ensure that every member of
the structure is observed from multiple viewpoints. Without
sufficient angular diversity, many of the individual beams
become difficult to distinguish and can produce overlapping
or incomplete reconstructions.

Similar to the previous case, an initial set of poses is gen-
erated around the structure and views producing excessively
sparse sonar scans are discarded. The remaining poses and
corresponding sonar images are used for reconstruction. A

total of 886 viewpoints are selected for reconstructing of the
truss structure.

2) Gaussian Initialization: The elevation-based densifica-
tion approach described in Section V-B is applied to all
selected sonar images to generate an initial set of 3D point
hypotheses. Owing to the larger spatial extent and greater
geometric complexity of the truss, this process produces a
substantially larger number of candidate points than in the
fence reconstruction case. The total number of candidate points
generated before filtering is 811,690. Directly initializing all
of these points as Gaussians would result in a prohibitively
expensive optimization problem. Therefore, the same filtering
procedure used in Case 1 is applied. First, low-intensity points
are removed using intensity thresholding. Next, the multi-view
consistency filter described in Section V-B is used to retain
only points that are supported by observations from multiple
viewpoints. After filtering, the number of retained Gaussians
is reduced to 174,637. This initial pruning stage significantly
reduces the computational cost while also improving the
quality of the initialization by removing many of the spurious
points arising from elevation ambiguity.

3) View-Dependent Gaussian Selection: Even after the
initial filtering stage, the number of Gaussians in the truss
reconstruction remains substantially larger than in the fence
case. Rendering all Gaussians for every training image would
therefore be computationally expensive and would introduce
gradients from Gaussians that are not relevant to the current
viewpoint. To address this issue, each Gaussian is associated
with the set of views in which it is observed. During rendering,
only the Gaussians whose view tags include the current
image are selected for splatting. This view-dependent subset
selection strategy, described in Section V-C7, greatly reduces
the number of Gaussians considered in each rendering pass.
In practice, this reduces the computational cost during training
and leads to improved optimization stability by ensuring that
each Gaussian only receives gradients from images in which it
contributes to the reconstruction. This is especially important
for the truss case, where many Gaussians correspond to



(a) Epoch 5

(b) Epoch 15

(c) Epoch 100

Fig. 5: Evolution of the Gaussian representation during optimization for the truss structure. Each plot shows the Gaussians
with opacity greater than 0.2. Owing to the larger size and increased geometric complexity of the structure, the initial
reconstruction contains a significantly larger number of ambiguous Gaussians. Over the course of optimization, these Gaussians
progressively converge onto the truss members, while many spurious Gaussians are removed through pruning and view-

consistent optimization.

different portions of the structure that are only visible from
a limited set of viewpoints.

4) Optimization and Reconstruction: The filtered Gaussian
set is optimized using the same Gaussian splatting framework
as in Case 1. During training, the optimization progressively
suppresses spurious Gaussians while strengthening Gaussians
that consistently explain the sonar measurements across mul-
tiple viewpoints.

5) Training Evolution: The evolution of the reconstruction
during training is shown in Fig. 5. Similar to the fence case,
the initial Gaussian distribution is diffuse and contains many
ambiguous points distributed along elevation arcs. As training
proceeds, the Gaussians become increasingly concentrated
along the true truss members. By the final epoch, the major
structural components of the truss are clearly reconstructed,
including the intersecting beams and repeated geometric fea-
tures. The final reconstruction demonstrates that the proposed
method is capable of recovering more complex underwater
structures from forward-scan sonar measurements when suffi-
cient multi-view coverage is available.

6) Quantitative Evaluation: To quantitatively evaluate the
reconstruction quality, the final Gaussian means are compared
against the ground-truth mesh of the corresponding structure.
Following the evaluation protocol used in [5], the recon-
structed Gaussian cloud is first aligned to the ground-truth
mesh using Iterative Closest Point (ICP). The aligned Gaussian
set is then cropped to the ground-truth bounding box and
compared to the mesh using the RMS L; Chamfer Distance
(CD-l1) and Hausdorff Distance (HD), both expressed in
meters.

The CD-l; metric measures the average bidirectional dis-
tance between the reconstructed points and the true surface,
while the Hausdorff Distance measures the maximum mis-
match between the two sets. Lower values therefore indicate
better reconstruction quality.

For the fence structure from Case 1, the proposed method
achieves a CD-/; of only 0.129 m. Since the rods are separated

TABLE I: Quantitative reconstruction accuracy for the simu-
lated structures.

Structure CD-l1 (m) HD (m)
Fence Structure 0.129 1.391
Truss Structure 0.740 10.181

by approximately 3 m and have a height of approximately
4 m, this corresponds to only a small fraction of the object di-
mensions. The reconstructed Gaussian cloud therefore closely
matches the true geometry. The larger Hausdorff Distance of
1.391 m is primarily caused by a small number of remaining
ambiguous Gaussians produced by the elevation uncertainty
of the sonar measurements. These outliers do not significantly
affect the overall structure but increase the maximum error.

In contrast, the truss structure from Case 2 presents a
considerably more challenging reconstruction problem due to
its larger size and the presence of many thin intersecting
members. The proposed method achieves a CD-l; of 0.740 m,
which remains small compared to the overall dimensions of
the truss (approximately 20 x 20 x 40 m). The reconstruction
therefore captures the overall geometry and major truss mem-
bers accurately. However, the Hausdorff Distance increases to
10.181 m, indicating that a few regions of the structure remain
poorly reconstructed.

The degradation in performance for the truss structure can
be attributed to two factors. First, the larger spatial extent of
the structure increases the ambiguity introduced by the sonar
elevation integration. Second, the thin members of the truss
often generate similar sonar returns from multiple possible
locations along the elevation arc. As a result, some Gaussian
mass remains distributed away from the true structure even
after optimization.

Fig. 6 further illustrates the reconstruction quality for the
truss structure. The majority of the Gaussian means are
concentrated around the true truss members, indicating that
the optimization successfully recovers the dominant geometry
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Fig. 6: Comparison between the reconstructed Gaussian means
and the ground-truth truss geometry after alignment. The
reconstructed Gaussian means are shown in orange and the
ground-truth truss mesh samples are shown in blue. The
overall structure and the major truss members are recovered
accurately, although some residual Gaussian spread remains
around the true members due to elevation ambiguity.

of the structure. Nevertheless, a noticeable spread of Gaussians
remains around the vertical columns and diagonal members.
This residual spread is consistent with the elevation ambiguity
inherent in forward-looking sonar, where multiple 3D locations
can produce similar observations in the (r, ) image.

Overall, the results demonstrate that the proposed Gaus-
sian splatting framework is able to recover both simple and
complex structures from forward-looking sonar measurements.
While the reconstruction quality decreases for larger and more
geometrically complex scenes, the method remains capable
of capturing the dominant structural elements with sub-meter
average error.

VII. CONCLUSION AND FUTURE WORKS

This work presents a Gaussian splatting—based framework
for 3D reconstruction using forward-scan sonar, explicitly
addressing the challenge of elevation ambiguity inherent in
sparse range—azimuth measurements. By modeling each sonar
return as an elevation-ambiguous arc and leveraging multi-
view consistency, the proposed approach enables the recovery
of geometrically consistent 3D structures from sequential
sonar data.

The incorporation of elevation-aware initialization, view-
dependent optimization, and regularization strategies allows
the framework to suppress ambiguity and converge to physi-
cally meaningful reconstructions. Results on simulated struc-
tures demonstrate the capability of the method to recover both
simple and complex geometries using low-cost forward-scan
sonar systems. Overall, this study highlights the potential of
combining physics-inspired modeling with Gaussian splatting
for underwater reconstruction in sparse sensing scenarios,

providing a foundation for further development toward real-
world deployment.

Future work will focus on validating the proposed frame-
work on real forward-scan sonar data collected from controlled
underwater experiments, enabling quantitative evaluation un-
der realistic noise and sparsity conditions. A systematic com-
parison with baseline methods, including NeRF-based sonar
reconstruction, imaging sonar Gaussian splatting approaches,
and traditional geometric techniques, will be conducted to
assess improvements in accuracy and robustness.

Further extensions will incorporate more accurate acoustic
modeling, such as range-dependent attenuation and angle-
dependent reflectivity, along with potential sensor fusion using
IMU or vision data. Finally, efforts will be directed toward
reducing computational complexity and enabling real-time
reconstruction, with the goal of deploying the system on
autonomous underwater platforms and extending this work
into a journal publication.
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