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Abstract

Synthetic aperture sonar (SAS) reconstruction requires
recovering both the spatial distribution of acoustic scatter-
ers and their direction-dependent response. Time-domain
backprojection is the most common 3D SAS reconstruction
algorithm, but it does not model directionality and can suf-
fer from sampling limitations, aliasing and occlusion. Prior
neural volumetric methods applied to synthetic aperture
sonar, e.g. Reed et al. [43], treat each voxel as an isotropic
scattering density, not modeling anisotropic returns. We
introduce SH-SAS, an implicit neural representation that
expresses the complex acoustic scattering field as a set of
spherical harmonic (SH) coefficients. A multi-resolution
hash encoder feeds a lightweight MLP that outputs com-
plex SH coefficients up to a specified degree L. The zeroth-
order coefficient acts as an isotropic scattering field, which
also serves as the density term, while higher orders com-
pactly capture directional scattering with minimal parame-
ter overhead. Because the model predicts the complex am-
plitude for any transmit-receive baseline, training is per-
formed directly from 1-D time-of-flight (ToF) signals with-
out the need to beamform intermediate images for super-
vision. Across synthetic and real SAS (both in-air and un-
derwater) benchmarks, results show that SH-SAS performs
better in terms of 3D reconstruction quality and geometric
metrics than previous methods such as time-domain back-
projection and Reed et al. [43].

1. Introduction

Synthetic aperture sonar (SAS) is a powerful modality
for obtaining high-resolution 2D/3D reconstructions using
acoustic signals [4, 23]. A transmitting transducer (e.g. a
speaker or hydrophone) emits acoustic signals to insonify
the environment, and then a receiving transducer records the
reflected signal to estimate the time-of-flight (ToF) to var-
ious objects in the scene. To obtain high resolution scene
reconstruction, this transmitter/receiver pair takes multi-
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ple measurements at different physical locations, creating
a synthetic aperture whose signals can be coherently com-
bined. SAS technology has seen wide-scale deployment
for both underwater sensing [22] and even in-air sens-
ing [7, 26, 44].

The conventional approach to SAS reconstruction, time-
domain backprojection [12], is among the fastest meth-
ods for generating volumetric representations [18]. How-
ever, it is prone to geometric and acoustic inaccuracies,
particularly when viewpoints are limited or sparsely dis-
tributed, necessitating dense sampling that is often imprac-
tical in real-world deployments. A recent neural rendering
approach [43] addresses these limitations by representing
the 3D scene as an implicit surface: an MLP is trained to
predict the complex scattering field, with parameters opti-
mized in an analysis-by-synthesis fashion. However, a key
limitation of this method for 3D SAS is their treatment of
each voxel as an isotropic density term, implicitly assum-
ing that scattering properties are identical in all directions,
thus making a diffuse assumption. In practice, the scatter-
ing field often exhibits strong directionality with the mea-
sured response varying as a function of both the incident
and received angles due to underlying surface structure and
material properties. As a result, isotropic models struggle
to represent anisotropic effects accurately. This motivates
more expressive representations that can capture directional
dependencies without sacrificing efficiency.

In this paper, we perform enhanced 3D scene and acous-
tic scatterer reconstruction for synthetic aperture sonar.
Specifically, we propose an implicit neural representation,
SH-SAS, which parameterizes the complex scattering field
at each spatial location using spherical harmonic coeffi-
cients. Our formulation allows for direct end-to-end train-
ing from raw time-of-flight (ToF) measurements leveraging
a point-based sonar scattering model originally introduced
by Brown et al. [10] and made differentiable by Reed et
al. [43], eliminating the need for voxelized supervision and
streamlining the reconstruction pipeline.

The key contributions of SH-SAS are as follows:

* Implicit Spherical Harmonic Representation: We in-



troduce SH-SAS, a neural framework that implicitly mod-
els the complex scattering field at each voxel using com-
pact spherical harmonic coefficients, offering improved
expressive power over isotropic neural volumetric meth-
ods.

e Improved 3D Reconstruction Quality: Experiments
demonstrate that our method produces sharper features
and fewer artifacts on simulated and real (both in-air and
underwater) SAS data, yielding higher-fidelity 3D scene
reconstruction compared to conventional neural methods.

Our simulation tools, experimental frameworks, and datsets

used in our study are available open-source for reproducibil-

ity and to facilitate future research in this domain: https:

//omkarv23.github.io/SH-SAS—-website/.

2. Related Work

Time-Domain Backprojection for SAS: Synthetic aper-
ture sonar (SAS) utilizes a distributed set of time-of-flight
measurements, typically collected from a moving platform,
to reconstruct scene geometry. The most widely used
and flexible algorithm is time-domain backprojection (also
called delay-and-sum beamforming), which backprojects
received measurements to image voxels using their time-of-
flight measurements [23, 48]. This algorithm can accom-
modate arbitrary synthetic aperture geometries, and recent
work has accelerated it using GPU computing for real-time
performance [2, 18, 47]. However, backprojection is com-
putationally expensive, especially for high-resolution 3D
imaging, and assumes that all voxels are equally visible to
the sensor. As a result, traditional implementations do not
account for self-occlusion, leading to artifacts when parts of
the scene are shadowed or obscured. More specialized al-
gorithms in the wavenumber domain [16, 23], circular scan-
ning geometries [31, 32, 38], and interferometry [17, 20, 21]
exist for 2D and 3D reconstruction, but typically require ad-
ditional constraints on sampling, acquisition, or hardware.
Neural Fields for ToF Modalities: Neural Radiance
Fields (NeRF) [33] revolutionized 3D scene representa-
tion by introducing implicit volumetric representations us-
ing multi-layer perceptrons (MLPs), enabling photorealistic
view synthesis from sparse image collections. This neu-
ral field paradigm has been successfully extended to di-
verse sensing modalities, including radar, sonar, and time-
resolved imaging systems [8, 29, 30, 43], with each adap-
tation carefully tailored to the underlying sensor physics
and measurement characteristics. In optical time-of-flight
sensing, researchers have integrated NeRF-style architec-
tures with transient-based volume rendering techniques to
achieve significant improvements in continuous-wave ToF
systems [1], non-line-of-sight imaging using SPAD sen-
sors [46], and superior 3D reconstruction for single-photon
LIDAR applications [29, 30]. However, these optical ToF
implementations share a common characteristic: their hard-

ware can precisely focus light collection along individual
rays through optical elements such as lenses or scanning
mirrors. In contrast, our work utilizes synthetic aperture
measurements where the time-of-flight data for a single
transducer is aggregated over several rays spanning a broad
field-of-view.

These advances have also been successfully translated
to radar applications, including synthetic aperture radar
(SAR) [3], inverse SAR [15, 36], FMCW radar systems [8,
49], and Doppler-based measurements [24], with neural
fields also proving effective for multimodal fusion, particu-
larly in combining imaging sonar with optical imagery for
enhanced performance [40]. The acoustic sensing commu-
nity has witnessed remarkable progress in applying neu-
ral fields to various applications, with advances extend-
ing to medical ultrasound imaging [13], while imaging
sonars with beam-steering capabilities have been enhanced
through differentiable rendering techniques [39, 51]. For
synthetic aperture sonar specifically, researchers have for-
mulated coherent imaging as analysis-by-synthesis opti-
mization problems, leading to improved 2D circular SAS
reconstructions [42] and sophisticated 3D volumetric SAS
imaging [43]. Our work builds most directly upon [43], but
introduces key innovations including directional scattering
modeling via spherical harmonics which significantly im-
proved reconstruction quality.

3. Background

In this section, we describe the forward measurement model
based on point-based sonar scattering [9, 10] and outline
a version of time-domain backprojection [12] for 3D re-
construction. For our processing pipeline in particular, we
avoid traditional matched-filtering approaches in favor of
the recently proposed pulse deconvolution technique [43]
to improve coherent backprojection results.

Pulse Deconvolution: To obtain deconvolved, tempo-
rally compact signals from raw synthetic aperture sonar
(SAS) measurements, we follow the neural pulse decon-
volution approach introduced by Reed et al. [43]. In this
method, an implicit neural representation (INR), denoted
Npp, is optimized for each batch of measurements by min-
imizing the loss

Lpp = || Nep(t; Opp) * p(—t) — s(t) ||§
+ A1) [Nep(t; Oep)ll, + A2 Y IVZNep(t; Oep)ll;
t t
(D

where s(t) is the measured SAS signal, p(t) is the trans-
mit pulse, fpp are the network parameters, and A\; , A, are
regularization weights. The first term enforces data fidelity,
the second encourages sparsity in the deconvolved wave-
form, and the third promotes phase smoothness. Following
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Figure 1. Pipeline: Neural-field architecture for Synthetic Aperture Sonar Reconstruction. Our approach uses hash encodings and a multi-
layer perceptron (MLP) that outputs complex scattering coefficients. The isotropic component 6, () is computed from the DC spherical
harmonic coefficient, while the directional scattering 65 (z, 8, ¢) is modeled using spherical harmonics (SH) basis functions with analytical
projection. Surface normals n(x) are derived from the gradient of the isotropic scattering amplitude. Transmission probabilities T'(or, )
and T'(z, or) model acoustic propagation between transmitter/receiver positions and scatterer locations using ellipsoidal integration. The
forward model synthesizes time-of-flight signals §(¢) through volumetric integration over the ellipsoidal region F.., incorporating beam
patterns br(z) and br(x). During training, synthesized signals are compared against pulse-deconvolved measurements spp (¢) through

an analysis-by-synthesis optimization framework.

Reed et al., the network is trained using the ADAM opti-
mizer and a multi-resolution hash encoding. The resulting
deconvolved signal, spp (t) = Npp(t;0pp), is used for all
subsequent processing steps.

Ellipsoidal Sampling: We adopt ellipsoidal sampling
following Reed et al. [43]: points with a constant time-of-
flight (ToF) lie on an ellipsoid whose foci are the transmit-
ter (TX) and receiver (RX). Rays are traced from the TX
and we keep only ray—ellipsoid intersections consistent with
the measured ToF trace. This physically grounded scheme
matches SAS geometry, concentrates computation where
the acoustic energy is highest, and improves both forward
modeling and inversion efficiency. We use it as a core com-
ponent of our pipeline; equations for the ellipsoidal sam-
pling are provided in the supplemental material.

4. Method

Our full pipeline is outlined in Fig. 1. The main reconstruc-
tion goal is to estimate &, the complex acoustic scattering
field at a position (x,y, z). In this section, we discuss the

novel contributions of our pipeline block-by-block and how
they contribute to the final analysis-by-synthesis optimiza-
tion, which yields high-quality 3D reconstruction.

4.1. Network Design

Our network architecture leverages hash encodings as
introduced in Instant Neural Graphics Primitives [35],
which enable efficient, high-resolution feature representa-
tion through multi-resolution grids. We configure the hash
encoding with a base grid resolution of 16, scaling up to
a maximum grid resolution of 4096 across 16 levels. This
setup allows the network to capture fine-grained spatial de-
tails while maintaining computational efficiency, which is
crucial for modeling complex acoustic fields.

At the core of the network is a compact multilayer per-
ceptron (MLP) consisting of two hidden layers, each with a
hidden dimension of 32 with hidden ReL U activations. This
lightweight design minimizes parameter count and training
overhead, making it suitable for scenarios with limited com-
putational resources. The MLP processes the encoded fea-



tures and outputs a vector of dimension 2 * (L + 1)2, cor-
responding to two-channel spherical harmonic coefficients
(real and imaginary components) up to degree L. By keep-
ing the architecture simple yet effective, we ensure rapid
convergence during training, which is particularly beneficial
for sparse sonar data. This configuration forms the back-
bone of our method for reconstructing directional scattering
fields from 1D signals.

4.2. Spherical Harmonic Modeling

Traditional backprojection aggregates directional energy
across all sensor measurements at a 3D point. Although
sufficient for localization, this isotropic accumulation lim-
its the ability to resolve view-dependent scattering.

To better learn the view-dependent scattering of 65, we
utilize spherical harmonics (SH) [34, 45], a compact, con-
tinuous basis for angular functions. SH have been used of-
ten for modeling view-dependent reflectance in inverse ren-
dering [41]. Each sampled point x is parameterized by a set
of learnable SH coefficients. The complex scattering func-
tion at point  with incident ray direction (6, ¢) is given by
the following equation:

. =3 3 an

)Yim(0,0), (2

cLm (@) = el (@) + jelin, (),

where ¢, (x) are 2-channel SH coefficients defined at the
point x, and Y; ,,, are SH basis functions evaluated at (6, ¢).
This enables learnable, continuous directional scattering.

4.3. Geometry

In traditional neural rendering pipelines, geometry is usu-
ally separated from radiance. NeRF [33] learns a contin-
uous density field o(x) that governs opacity for volumet-
ric rendering, but it neither predicts nor uses surface nor-
mals during training; surfaces are typically recovered post
hoc by thresholding o (or opacity) and extracting an iso-
surface with marching cubes. By contrast, several INR
variants estimate normals as gradients of a learned scalar
field, e.g., the SDF in NeuS [50] via V®, or, in den-
sity/occupancy formulations, via Vo. Yet, the surface is
still obtained by iso-surface extraction. In all cases, den-
sity primarily encodes geometric occupancy, while view-
dependent color/reflectance is modeled separately.

Acoustic scattering more directly ties geometry to the
signal: the scattering coefficient itself often acts as a proxy
for density. For example, Reed et al. [43] use isotropic scat-
terers 65 whose strength forms the density field, with sur-
face normals given by the negative gradient of |5]|.

We adopt this acoustic viewpoint but with directional,
complex-valued scattering via spherical harmonics (SH).

Let ¢p,0(x) be the complex DC SH coefficient of the scat-
tering field. We define

1
Gspc(z) = W co,0(), 3)
p(x) = |6s,pc(2)| ¢, 4)

where ( is an occlusion scaling factor. Surface normals fol-
low as

v |&s DC( )’
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This yields a physically grounded isotropic density from the
DC term while preserving directional (anisotropic) scatter-
ing in higher-order SH coefficients. Unlike purely isotropic
models [43], our learnable SH representation captures ge-
ometric detail and complex view-dependent behavior, im-
proving robustness under occlusions and varying scattering
directions.

4.4. Time-Resolved Volume Rendering

The final step in our volumetric rendering pipeline is to syn-
thesize the analytic transient measurements §,,(¢). We use
the modeling trick of treating &, as a complex scattering
field and thus utilize the complex forward model for ana-
lytic signals derived by Reed et al. [43]:

K(z,or,0r) = br(x)br(x)T (or,x)T(x,0R),

; (t:m)w K (&, 07, 08)+(x, 6, 6)g(wx)dx,
E,

Sn
C

(6)
where E,. is the ellipsoid defined by the time-of-flight
MCRR, and foci or, og. G5 is now a complex function
with outgoing ray from receiver origin(og) to spatial co-
ordinate x parametrized by (6, ¢), br(z) and br(x) are
transmitter and receiver directivity functions and g(wy) =

oT —X
llor —x|]

max (0, n(x) - ) is the Lambertian cosine term.
Similar to [43], we use bg(x) = 1 for all our experiments.
The transmission probability along a ray to point x is ac-

cumulated volumetrically (similar to Mildenhall et al. [33]):

=[Jexp (=p(z)) - [lj41 = L), D

j<t
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where x; are sampled points along the ray leading up to x,
and [; are the bin endpoints for this ray marching.

Combining these components, we synthesize the ana-
lytic signal §,(t) using Egq. (6) and optimize the neural
field parameters through an analysis-by-synthesis frame-
work. The synthesized signals are compared against the
pulse-deconvolved ground truth measurements spp(t) us-
ing a composite loss function:

ﬁ )\1 £TOF + )\2 L:Spdrse + )\3£Den81ty + )\ £Scatler + >\ £Phase
(®)



where the individual loss terms enforce data fidelity and
regularization constraints:

Lre = 3 lsn(t) = 8n ks Lopre = 3161

LY =3 Vil £ =Y [|Va, b1,
n n

LR =Y IV, 283
n

The time-of-flight term Lyor ensures data consistency be-
tween synthesized and measured signals, while Lgparse pro-
motes sparsity in the density field. The total variation terms
enforce spatial smoothness in the density (Lpa™"), scatter-

ing amplitude (£352°"), and scattering phase (L) fields.

5. Data and Implementation

This section describes the datasets used in our experiments,
comprising both simulated synthetic aperture sonar (SAS)
measurements and real-world acquisitions. The combina-
tion of synthetic and measured data enables comprehensive
validation of our reconstruction methods under controlled
conditions and realistic scenarios.

Simulated SAS Data: We synthesize synthetic aperture
sonar (SAS) measurements using a transient time-of-flight
(ToF) renderer built on CUDA/OptiX. The renderer aggre-
gates returned radiance into discrete travel-time bins to form
per-viewpoint transient histograms. Transmitter (TX) and
receiver (RX) follow concentric circular trajectories around
the target with 54,000 different synthetic aperture positions.
Each transient has Ny = 14,360 bins at f;, = 100kHz
(At = 10 pus). For ray path length ¢, arrival-time index
is k = [{fs/c|]. We transmit a real LFM chirp sweeping
10-30 kHz (bandwidth B = 20 kHz):

p(t) = w(t) cos (27 (fot + %atz)),

where fo = 10 kHz and o = B/Tq,. The received signal
is:

si[k] = (hui * p)[K] + 1 [].

Implementation: The transient pass uses CUDA atomi-
cAdd into histogram bins with per-block shared-memory
optimization. We model geometric acoustics but exclude
diffraction and sub-wavelength effects. The simulator en-
ables controlled experiments over bandwidth, noise (SNR),
and object geometry.

AirSAS Measurements: Our experiments utilize data
from the AirSAS platform, a circular synthetic aperture
sonar system operating in air within an anechoic environ-
ment [5]. This in-air configuration provides experimen-
tal advantages and controllability that would be difficult to

achieve in underwater settings, while maintaining acousti-
cally analogous physics relevant to our reconstruction meth-
ods. The AirSAS dataset has been validated across multiple
studies for sonar imaging research [0, 14, 19, 37, 43]. The
system configuration consists of a transmit element (Peer-
less OX20SC02-04 tweeter) and receive element (GRAS
46AM microphone) positioned approximately 1 meter from
a rotating turntable. Data acquisition involves transmitting
1 ms linear frequency modulated (LFM) chirps with center
frequency f. = 20 kHz and 20 kHz bandwidth. Side-lobe
suppression is achieved through Tukey windowing with a
0.1 ratio applied to the transmitted waveform. The measure-
ment protocol captures data at 1-degree azimuthal incre-
ments over full 360° rotations of a 0.2 x 0.2 meter turntable
containing 3D printed test objects. Vertical sampling is per-
formed via 5 mm increments using a linear translation stage
after each complete rotation. The resulting spatial sampling
satisfies standard SAS criteria where inter-element spacing
D < Anin/2, with Ay, representing the minimum wave-
length of the transmit signal [12].

Sediment Volume Search Sonar (SVSS): We further
evaluate our approach on underwater measurements from
the Sediment Volume Search Sonar (SVSS) platform [11],
designed for subsurface imaging through lake-bed sed-
iments. SVSS uses linear frequency-modulated (LFM)
transmissions with center frequency f. = 27.5 kHz, band-
width Af = 15kHz, and pulse duration 255 us; a Taylor
window is applied for sidelobe control [11].

Data were collected with a pontoon-mounted system
and precision navigation at Foster Joseph Sayers Reservoir
(PA), where calibrated targets were deployed for controlled
experiments [11]. The array comprises five transmitters (se-
quential firing) and 80 active receivers. Unlike AirSAS,
SVSS operates in a bistatic geometry with spatially sepa-
rated TX/RX; we handle the TX-RX separation in our for-
ward model following Reed et al. [43]. Our experiments use
two representative example scenes, shown in Fig. 5, from
the SVSS dataset provided by the program sponsors.

5.1. Implementation Details

All experiments are implemented in PyTorch. To
enable efficient spherical-harmonics (SH) basis projec-
tion, we use a custom CUDA kernel wrapped in a
torch.autograd.Function that outputs complex-
valued scatterers. We train with Adam [27] at a fixed learn-
ing rate of 10~3 and use SH up to degree L=3. Meshes are
extracted from point clouds via marching cubes [28].

For AirSAS, we employ the same regularization scheme
as Reed et al. [43]—total variation (TV) and ¢; sparsity
with matching settings—to keep the comparison fair; these
priors are disabled for the Simulated and SVSS datasets.
The added priors make AirSAS iterations slightly slower
per step, but our approach remains faster overall and con-



verges in fewer iterations than Reed et al. [43].

Baselines and Metrics: We evaluate our approach
against two baselines: time-domain backprojection and
Reed et al. [43] across three dataset types (Simulated,
AirSAS, and SVSS). Evaluation utilizes four core met-
rics—Chamfer distance, intersection-over-union (IoU), pre-
cision, and F1-score—on both point cloud and mesh repre-
sentations. For point cloud metrics, we compare the model-
generated point cloud against a reference point cloud de-
rived from the ground truth mesh. For mesh-based metrics,
we convert the generated point cloud to a mesh and then
back to a point cloud, enabling a consistency check against
the ground truth mesh’s point cloud. Importantly, metric
scores differ between raw point clouds and those produced
through mesh conversion.

6. Experimental Results

Simulated Results: We evaluate our method on four simu-
lated scenes and compare against backprojection and Reed
et al. [43]. All scenes use a linear frequency-modulated
(LFM) chirp with center frequency f. = 20 kHz and band-
width Af = 20kHz at an SNR of 20dB. Fig. 2 shows
qualitative results for Buddha and Armadillo. Tab. 1 reports
3D metrics averaged across all scenes, where our method
achieves the best overall performance. Per-scene results and
additional metrics are provided in the supplemental mate-
rial.

!
*

Figure 2. Simulated results for Buddha (top row) and Armadillo
(bottom row) at 20 dB SNR.

BP Reed et al. [43] Ours

AirSAS Results: We evaluate on real AirSAS measure-
ments of the 3D-printed Armadillo and Bunny. All acqui-
sitions use an LFM chirp with f. = 20kHz and Af =
20kHz. Fig. 3 compare backprojection, Reed et al. [43],
and our method.

Table 1. Average 3D metrics across all objects/methods. Chamfer
in scientific notation; others rounded to 3 decimals.

Method Chamfer () IoU (1) Prec.(1) FIL(1)

Backproj. 3.04e-4 0.201 0.244 0.333
Point cloud Reed et al. 1.96e-4 0.447 0.428 0.566

Ours 8.89¢-5 0.497 0.545 0.616
Backproj. 3.85e-4 0.161 0.225 0.272
Mesh Reed et al. 3.97e-4 0.133 0.171 0.232
Ours 9.70e-5 0.240 0.395 0.384

Reed et al. [43] Ours

Figure 3. Real AirSAS results for Armadilo and Bunny at Af =
20kHz

Qualitatively, our reconstructions align best with the
ground truth: the legs and tail are better preserved and less
fragmented, and radial streaking artifacts are reduced rela-
tive to backprojection. Compared to Reed et al., our method
also yields sharper surfaces with fewer fill-in artifacts, espe-
cially in side and front views.

Subsampling the Synthetic Aperture Views: In ad-
dition to fully sampled reconstructions, we evaluate our
method under sparse view sampling, where only 20% of
the available views are used. As expected, backprojection
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Figure 4. Sparse subsampling with 20% of views. Top: front view. Bottom: side view.

Table 2. Training iterations and wall-clock time on an RTX 4090.

Dataset Method Iterations Time
Simulated Reed et al. [43] 100,000 2 h 10 min
Ours 50,000 44 min
. Reed et al. [43] 26,000 1h 38 min
AISAS (s 26,000 1h 15 min
Reed et al. [43] 6,000 38 min
SVSS Ours 6,000 30 min

under sparse sampling exhibits strong radial streaking arti-
facts due to missing angular information. In contrast, our
method produces reconstructions that are both sharper and
more faithful to the ground truth. Notably, Fig. 4 shows
that our method outperform both backprojection and the ap-
proach of Reed et al. [43] on the tested dataset, demonstrat-
ing that our representation can robustly handle limited an-
gular coverage.

Latency and Convergence: All timings were measured
on an RTX 4090 GPU; see Tab. 2 for dataset-level it-
eration counts and wall-clock times. Our per-iteration
latency—measured end-to-end, including surface-normal
computation, transmission-probability accumulation, and
ray integration—averages 140 ms for Reed et al. [43] ver-
sus 125 ms for ours.

Ablation Studies: We provide ablations and additional
results in the supplemental material. First, we include ad-
ditional simulated results with qualitative comparisons and
per-object views. Second, an SH-level ablation varies the
maximum degree L € {1,2,3} and reports qualitative
trends; we omit L=0 since it matches the isotropic base-

line [43] in the main text. Third, a threshold sensitivity
study compares iso-surface thresholds for marching cubes
to illustrate reconstruction stability. Finally, signal fitting
and novel-view synthesis present ToF fitting curves on train-
ing baselines and held-out TX-RX pairs to demonstrate
generalization.

Underwater Reconstruction from SVSS: The SVSS
scene contains two targets, a cylindrical pipe and a cin-
der block, placed on the lakebed (Fig. 5, right). Because
the acquisition is done overhead on the lake surface by the
sonar, only the near, exposed surfaces are insonified, while
the undersides and much of the far side remain in acous-
tic shadow. A physically consistent reconstruction should
therefore show a flattened side profile and a footprint con-
sistent with the visible faces, with little to no structure be-
low the object. In Fig. 5, backprojection produces rounded
sidewalls with streaking and clear spurious energy beneath
both targets, and Reed et al. [43] reduces but does not
fully remove this curvature and bleed-through. Our method
yields flatter side views and cleaner, more compact foot-
prints for both the pipe and the cinder block (dashed boxes),
while strongly suppressing returns below the objects, con-
sistent with the one-sided visibility imposed by the SVSS
geometry.

7. Discussion

To our knowledge, this is the first SAS reconstruction
method that parameterizes the complex acoustic scatter-
ing field with spherical harmonics (SH) inside an implicit
neural representation trained directly from 1D ToF signals.
Across simulated, in-air (AirSAS), and underwater (SVSS)
experiments, modeling view dependence via higher-order
SH consistently outperforms isotropic INR baselines (e.g.,
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Figure 5. Underwater reconstruction from SVSS. Compared to backprojection and Reed et al. [43], our method recovers the expected flat
side profile and rectangular footprint of the cylindrical pipe, while suppressing spurious returns below the target.

[43]). The DC term provides a stable isotropic density
proxy, while higher orders compactly capture directional
scattering—yielding sharper geometry under sparse views
and fewer artifacts (e.g., better leg/tail preservation on real
objects and a flatter side profile with rectangular footprint
on the SVSS cylinder, consistent with one-sided visibility).

Our approach also converges faster in practice than
isotropic INR while maintaining similar per-iteration cost
(Sec. 6). These results suggest that directional parame-
terizations are a better inductive bias for SAS than purely
isotropic scattering.

Limitations: Our approach assumes moderate SNR and
sufficient bandwidth. In very noisy acquisitions, the higher-
order SH terms (¢ > 0) act like high-frequency angular
basis functions that readily fit noise, introducing spurious
anisotropy and ripples that corrupt the geometry. With
narrowband signals the problem worsens: range resolu-
tion degrades as AR =~ ¢/(2Af) and pulse-compression
gain scales with the time-bandwidth product, so returns
from neighboring depths blur together and the directional
components become weakly identifiable, making the SH
fit ill-conditioned. Finally, our method does not model
complex acoustic wave phenomena (e.g., diffraction, inter-
ference, and multiple reflections/scattering); incorporating
these effects would require differentiable forward models

integrated into our framework and is left for future work.

Future Work: Beyond SAS, we plan to test this tech-
nique on other time-of-flight modalities—particularly radar
and LiDAR—by swapping in modality-specific forward
models (e.g., wavelength and antenna/polarization effects
for radar; visibility/BRDF terms for LiDAR). We hypoth-
esize that the SH-based view-dependent modeling that im-
proves SAS will likewise benefit these sensors. In addition,
we plan to explore 3D diffusion priors as learned regulariz-
ers: beyond sparsity, phase smoothness, and bounded den-
sity, a diffusion prior could suppress artifacts under sparse
views. Because public SVSS/AirSAS data are limited, one
might be able to pre-train such priors on large-scale syn-
thetic data from our simulator and then adapt to real data
with lightweight fine-tuning.
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