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Abstract

This thesis considers the problem of optimizing neural implicit surfaces
for 3D reconstruction using acoustic images collected with drifting sensor
poses. Imaging sonar is unable to disambiguate elevation angles because
of its imaging processing model. Meanwhile, the state estimation of
underwater autonomous vehicles (AUVs) is typically drifting along x, y
and yaw axes due to the absence of absolute references such as hydrostatic
pressure and direction of gravity. However, the accuracy of current state-of-
the-art 3D acoustic modeling algorithms is highly dependent on accurate
pose estimation. Even small errors in sensor pose can lead to severe
reconstruction artifacts or structure misalignment. This thesis proposes
an algorithm that jointly optimizes the neural scene representation and
drifted sonar poses. The proposed algorithm does so by parameterizing
the 6DoF poses as learnable parameters and backpropagating gradients
through the neural renderer and implicit representation. This thesis
validates the proposed algorithm on both real and simulated datasets.
It produces high-fidelity 3D reconstructions even under significant pose
drift. This thesis also discusses some future research directions that are
potentially non-trivial to the 3D reconstruction using imaging sonar.
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Chapter 1

Introduction

Autonomous Underwater Vehicles (AUVs) often carry imaging sonar, also known

as forward-looking sonar (FLS). Unlike an optical camera, an imaging sonar is

able to capture long-range information in turbid conditions. Thus, because of its

robustness, imaging sonar has been integrated into many underwater applications,

such as underwater inspection, construction, ecology, archaeology, and surveillance

[1, 17, 20, 33].

Imaging sonar captures 2D measurements by emitting acoustic signals into a

frustum and measuring the intensity and arrival time of reflections from 3D structures.

Using beamforming and time-of-flight techniques, an imaging sonar can recover

azimuth and range information. However, a key limitation is that it does not provide

direct elevation measurements, making it inherently ill-suited for applications that

require 3D information.

To reconstruct 3D structures, prior methods [5, 10, 25] tried to mitigate this

limitation by integrating multiple imaging sonar measurements taken from known

and precise poses. However, these approaches rely heavily on accurate poses and any

errors in these poses will significantly degrade reconstruction quality.

To mitigate the impact of pose errors, we propose a technique that jointly optimizes

the 3D structure and the sonar poses. By incorporating pose optimization directly

into the reconstruction process, our method improves robustness to pose drift and

sensor noise, enabling more reliable 3D reconstruction from imaging sonar. Our

contributions are as follows:
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1. Introduction

• A framework for recovering 3D structure from acoustic sonar measurements

while simultaneously optimizing sensor poses.

• A qualitative analysis of the convergence properties of the optimized pose

solution set.

• Evaluation on both real and simulated datasets containing objects with varied

geometries.
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Chapter 2

Related Work

2.1 3D Reconstruction From Imaging Sonar

Prior works introduce a variety of techniques for reconstructing 3D structures from

imaging sonar measurements, such as ICP-based alignment [32], space carving [4,

5], solving constraint equations [41], generative sensor modeling [39], graph-based

processing [34, 35], convex optimization [42], and supervised learning [3, 8, 36].

More recently, differentiable rendering-based techniques have achieved state-of-the-

art performance in the reconstruction of 3D structures from sonar imagery. Qadri et

al. [25] propose combining a neural surface representation with a novel differentiable

acoustic volume rendering process to recover 3D surfaces from imaging sonar data.

In an extension [27] they combine optical camera information with sonar imagery to

achieve improved 3D reconstruction performance in the small baseline setting. Reed

et al. [29] recover 3D volumes from synthetic aperture sonar measurements using

neural rendering. Xie et al. [43, 44] use neural rendering to perform bathymetry from

imaging sonar and sidescan sonar, respectively. Qu et al. [28] derive a novel forward

splatting process for Gaussian Splatting and use it to recover 3D structures from

sonar imagery.

All of these methods rely critically upon reliable estimates of the poses at which

the used sonar imagery is captured, but none as of yet concentrate on recovering 3D

scenes from noisy poses.
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2. Related Work

2.2 Pose Optimization

Conventional underwater simultaneous localization and mapping (SLAM) methods

have been widely explored and applied to solve underwater navigation problems.

These methods rely on well-studied algorithms from state estimation [9, 15, 23, 24, 26].

Shin et al. [30] explore a pairwise bundle adjustment method by exploiting spatial

constraints using KAZE features [2] between paired sonar images, which are refined

by random sample consensus (RANSAC). Acoustic Structure-from-Motion (ASFM)

algorithm to recover poses from multiple sonar images and drifting odometry [14].

Westman et al. [40] improve the performance of multiview pose optimization by

adding two-view sonar constraints during loop closure detections. Loi et al. [18]

introduce submap registration for point cloud alignment or feature matching. Xu

et al. [45] propose a direct imaging sonar odometry system that minimizes the

aggregated two-view reprojection errors of sonar pixels with high-intensity gradients.

These prior works fail to recover poses from the drifting odometry when sonar images

provide limited features. At the same time, sonar intensity values are determined

by multiple factors such as the orientation of the sonar with respect to the object,

objects’ material, etc. Sonar images with significant speckle noise and multi-path

effects can lead to the failure of classical underwater SLAM due to errors in feature

matching.

Improving neural rendering reconstructions by simultaneously optimizing the

reconstruction and poses is an active area of research. Wang et al. [37] propose

using an axis-angle and translation parameterization of camera poses and optimizing

them with a neural radiance field simultaneously. Lin et al. [16] use a coarse-to-fine

optimization strategy along with a neural radiance field pipeline to recover image

poses from a collection of images. Bian et al. [6] exploit monocular depth priors

to improve joint estimation of poses and neural radiance fields from images. Chng

et al. [7] use Gaussian activations to improve joint estimation of poses and neural

radiance fields. Park et al. [21] precondition camera parameters leading to improved

reconstruction during the joint estimation of poses and neural radiance fields. All

these prior works concentrate on 3D reconstruction from optical images with noisy

camera poses. In this work, we focus on 3D reconstruction from acoustic images with

noisy sonar poses.
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Chapter 3

Background

Given a training set of posed acoustic sonar images, the objective is to retrieve an

accurate 3D reconstruction of an object of interest. We review NeuSIS, a neural

rendering method presented by Qadri et al. [25] upon which our work is based. The

technique allows for state-of-the-art performance for acoustic rendering by leveraging

neural implicit surfaces and introduces a novel volumetric rendering equation.

3.1 Image Formation Model

Imaging sonars emit acoustic pulses and measure the intensity of the reflected signals

to form a 2D acoustic image. While range and azimuth are resolved by the sensor,

elevation remains ambiguous: The intensity of each pixel in the image is proportional

to the cumulative sum of acoustic energy reflected by objects intersected by the

acoustic arc at a specific range and azimuth. Hence, Qadri et al. [25] use the following

image formation model where, for each pixel, the intensity Ip at pixel p = (ri, θi)

is modeled as the integral of the reflected acoustic energy along each ray over the

acoustic arc:

Ip =

∫ ϕmax

ϕmin

∫ ri+ϵ

ri−ϵ

Ee
r
T (r, θi, ϕ)σ(r, θi, ϕ)drdϕ. (3.1)

where ϕmin, ϕmax are the minimum and maximum elevation angles, Ee is the acoustic

energy emitted by the sonar. T = e−
∫ ri
0 σ(r′,θi,ϕi)dr′ is the transmittance term, and σ

5



3. Background

is the particle density.

3.2 Neural Representation

Similar to Yariv et al. [46], the object is represented as Signed Distance Function

(SDF), N(x), which outputs the distance of each 3D point x = (X, Y, Z) to the nearest

surface. A separate network, M, computes M(x), the outgoing acoustic radiance at

each spatial coordinate x which is then used to approximate the intensity of each

pixel Îp. The accuracy of this intensity estimate is correlated with the accuracy of

the SDF representation: if the SDF is close to the ground-truth object then pixel p

of the ith training image Î ip → I ip.

Note that in this work, we assume noisy pose estimates. Hence, the approximated

pixel intensity will depend on both the SDF representation as well as on our current

estimate of the sonar poses.

3.3 Approximation of the Image Formation

Integral

Eq. 3.1 is discretized and approximated by sampling 3D points along both acoustic

rays and arcs.

Îp =
∑
x∈Ap

1

r(x)
T [x]α[x]M(x) (3.2)

where Ap is the set of sampled points along the acoustic arc at pixel p = (ri, θi) and

M is the predicted radiance at x. The computations of the discrete transmittance

T [x] and opacity α[x] terms require additionally sampling along acoustic rays. For

any such spatial sample xs on the acoustic ray, the discrete opacity at xs can be

approximated as

α[xs] = max

(
Φs(N(xs))−Φs(N(xs+1))

Φs(N(xs))
, 0

)
, (3.3)

6



3. Background

where Φs(x) = (1 + e−sx)−1 is the sigmoid function and s is a trainable parameter

while the discrete transmittance is modeled as

T [xs] =
∏

xr | r<s

(1− α[xr]). (3.4)
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Chapter 4

Method

4.1 Loss Function

We define the following set of trainable parameters: Θ are the weights of the SDF

network M , Φ are the weights of the neural renderer N , and T = {Ti} which

parametrize the learnable sonar poses. Any intensity value computed via Eq. 3.2 is a

function of Θ, Φ, and T - in other words, we can define Îp(Θ,Φ, T ) as the predicted

intensity of the pth pixel of a training image and express our rendering loss function

in terms of these three sets of parameters.
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Neural Renderer      
parameterized by 
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Parameters to optimize 

Backpropagation 

Reconstruction Loss Generate samples Rendering  Neural Implicit Surface Representation
parameterized by weights     

Sonar

Figure 4.1: The pipeline of our proposed method. Our approach jointly optimizes
sonar neural implicit surface networks and pose parameters by minimizing the total
reconstruction loss. It takes 3D samples and viewing directions—both dependent
on pose estimates—as inputs and outputs the signed distance function (SDF) N
and outgoing acoustic radiance M for sonar image rendering. This pipeline enables
training with sonar images and odometry that may be subject to drift.
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4. Method

Our loss function is composed of three terms: The intensity loss

Lint ≡
1

|P|
∑
p∈P

||Îp(Θ,Φ, T )− Ip||1, (4.1)

where P is the set of sampled pixels, which encourages the predicted intensity to

match the intensity of the pth pixel in a training sonar image. The eikonal loss [13]

Leik ≡
1

|X|
∑
∈X

(||∇N((T )||2 − 1)2, (4.2)

where |X| is the set of sampled 3D points, which is an implicit geometric regularization

term used to regularize the SDF towards producing smooth reconstructions. Note

that a 3D sample (T ) is dependent on our current estimate of the pose parameters.

Finally, we add an ℓ1 loss term

Lreg ≡
1

|X|
∑
∈X

||α[(T )]||1, (4.3)

to help produce favorable 3D reconstructions when we use sonar images from a limited

set of view directions. Our final training loss term is therefore:

L(Θ,Φ, T ) = Lint + λeikLeik + λregLreg. (4.4)

Our objective function is therefore:

Θ∗,Φ∗, T ∗ =Θ,Φ,T L(Θ,Φ, T ) (4.5)

Since our loss function is a fully differentiable function of all its parameters, we can

perform parameter updates using iterative gradient-based methods such as ADAM.

After convergence, we retrieve the surface by extracting the zero-level set of N using

the Marching Cubes algorithm:

S = {∈ R3 : N() = 0}. (4.6)

10



4. Method

4.2 Sensor Pose Parametrization

Each drifting sonar pose Ti is an element in SE(3), the special Euclidean group in 3

dimensions. We parametrize it as a vector (ωi, ti) ∈ se(3) where ti ∈ R3 represents

the translation and ωi ∈ so(3) represents the rotation in axis-angle form, and so(3)

is the Lie Algebra of rotations SO(3). For each pose, we define a correction vector

(δωi, δti) ∈ R6 as a learnable parameter. After each gradient update, the full corrective

matrix is then recovered via the exponential map:

δTi =

[
δω̂ δt

0 1

]
(4.7)

where δω̂ is the skew-symmetric matrix given by:

δω̂ =

 0 −δω3 δω2

δω3 0 −δω1

−δω2 δω1 0

 (4.8)

The final corrected pose transformation corresponding to image i is then given by:

Ti ← Ti · δTi (4.9)
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Chapter 5

Evaluation

We trained our models on an NVIDIA H100 80GB HBM3 GPU with Intel Xeon 8470

CPU. Each training runs for 100k iterations, which takes about 5 hours. Table 5.1

provides the total number of sonar/pose pairs for each simulated and real dataset.

For our comparison metric, we use the mean and root mean square (RMS)

Hausdorff distances. The Hausdorff distance is defined as:

dH(M1,M2) = max(max
p∈M1

min
q∈M2

||p− q||2,

max
q∈M2

min
p∈M1

||p− q||2)
(5.1)

whereM1 andM2 are the ground-truth (GT) and reconstructed meshes respectively.

5.1 Understanding the Drift

Similarly to ground robots, underwater vehicles often fuse measurements from multiple

sensors to acquire accurate, drift-free odometry. Underwater vehicles are usually

equipped with Doppler velocity logs (DVLs), inertial measurement units (IMUs),

and depth sensors. A DVL provides low-noise measurements of vehicle velocity with

respect to the sea floor in all three axes. An IMU typically consists of gyroscopes and

accelerometers. By fusing DVL, IMU, and depth sensor measurements, an underwater

vehicle is capable of providing noisy but drift-free measurements of Z-axis translation

and pitch (ϕ) and roll (θ) angles by measuring hydrostatic pressure and direction

13



5. Evaluation

of gravity [38]. On the other hand, the X and Y translations and yaw angle (ψ)

are estimated from integration over gyroscope and DVL measurements, which will

accumulate drift over time due to the absence of an absolute reference from the

measurements.

HAUV (Simulation) HAUV (Real)

DVL 

frame

Sonar 

frame

DVL 

frame

Sonar 

frame

Figure 5.1: Left: Simulated robot in HoloOcean [11] with the DVL and an example
sonar frame visualized. Right: Real HAUV with the DVL and sonar frames overlaid.
Note that the DVL frame is similarly oriented in both the simulated and real setups.

5.2 Modeling the Drift

Let Ri = Rz(ψi)Ry(ϕi)Rx(θi) and ti = [xi, yi, zi]
⊤ be the rotation matrix and transla-

tion vector of the 6DoF DVL pose Ti at time i. We model the unbounded drift along

the x, y, ψ components of the AUV’s odometric measurement as a stochastic process

with a time-varying drift. Specifically, we assume that the difference between two

consecutive DVL pose components, ui and ui+1 for u ∈ {x, y, ψ}, follows:

ui+1 − ui ∼ N (∆ui,i+1, q
u) (5.2)

where ∆ui,i+1 represents the true underlying relative motion between timesteps i and

i+ 1 which depends on the AUV’s control inputs. This can be rewritten as:

ui+1 − ui = ∆ui,i+1 + εu (5.3)

14



5. Evaluation

where εu ∼ N (0, qu) is a zero-mean additive noise term with variance qu which models

odometric uncertainty. A similar formulation for drifting poses was proposed by

Westman et al. [40]. The remaining components u ∈ {z, θ, ϕ} are noisy but drift-free,

and hence the noise in these components is modeled as zero-mean Gaussian noise.

5.3 Simulation Experiments

Datasets Real Boat 1 Boat 2 Plane 1 Plane 2 Rock 1 Rock 2 Concrete column Submarine
Elevation 14◦ 291 280 321 495 413 436 290 258 639
angle 28◦ 441 283 492 444 364 435 289 258 639

Table 5.1: Total number of poses in each dataset.

We used an imaging sonar dataset of objects of different shapes and sizes collected

using HoloOcean [22], an underwater simulator. The dataset was collected with the

simulation of multipath effects enabled and the inclusion of multiplicative noise wsm ∼
N (0, 0.15) and additive noise wsa ∼ R(0.2) where R is the Rayleigh distribution.

The original dataset was collected with a frequency of 10Hz, which we downsample

by a factor of two. Among other sensors, the simulated robot is equipped with a DVL

whose frame is oriented similarly to the DVL on the real robot in Fig. 5.1. For each

object, we collect two to three different trajectories while varying sonar orientation.

For each sonar image, HoloOcean additionally returns the ground-truth sonar and

DVL poses. Hence, to simulate realistic drifting pose patterns as described in section

5.1, we adopt the following strategy: Let T dvl
i and T sonar

i be the ground-truth DVL

and sonar poses at time i respectively.

1. Compute the relative DVL pose between timesteps i and i + 1: ∆T dvl
i→i+1 =

(T dvl
i )−1 · T dvl

i+1.

2. Add noise to the x, y, ψ axes of ∆T dvl
i,i+1 following Eq. 5.3 with ε

x, εy ∼ N (0, 0.004m)

and εψ ∼ N (0, 0.004rad). We obtain the noisy relative transform ∆T̃ dvl
i→i+1.

3. Compute the noisy DVL pose at timestep i+ 1 as T̃ dvl
i+1 = T dvl

i ·∆T̃ dvl
i→i+1

4. To simulate the noisy but drift-free measurements over the z, ϕ, θ axes, we

add Gaussian noise to T̃ dvl
i+1 to each of these axes with εz ∼ N (0, 0.005m) and

εϕ, εθ ∼ N (0, 0.005rad).

15



5. Evaluation

5. Obtain the corresponding noisy sonar pose by multiplying with the known

DVL-to-sonar extrinsic matrix: T̃ sonar
i+1 = T̃ dvl

i+1 · Tdvl→sonar.

NeuSIS (GT) NeuSIS (drift) OursGround Truth
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(a) 3D reconstruction results for the 14◦ eleva-
tion aperture simulated sonar datasets.
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(b) 3D reconstruction results for the 28◦ eleva-
tion aperture simulated sonar datasets.

Figure 5.2: 3D reconstruction results for (a) the 14◦ and (b) the 28◦ elevation aperture
sonar datasets collected using the HoloOcean underwater simulator. From left to
right, the images show ground-truth meshes of six different objects, followed by
reconstructions from NeuSIS with ground-truth odometry, NeuSIS with drifting poses,
and our proposed method. Our approach effectively restores dense 3D reconstructions
despite drifting odometry, achieving results comparable to NeuSIS with ground-truth
trajectories.

Figs. 5.2a and 5.2b present qualitative results for different simulated objects at

elevation apertures of 14◦ and 28◦. We compare (1) reconstructions using ground-

truth (GT) odometry poses: NeuSIS (GT), (2) reconstructions with noisy pose

measurements without optimization: NeuSIS (drift), and (3) our method, which

jointly optimizes the SDF, renderer, and poses. For each object and each method, we

select the best level set, i.e. Marching Cubes threshold, ϵ ∈ [−0.2, 0.2].
As expected, the best results are achieved using the GT sonar poses from the

HoloOcean simulator. These reconstructions represent an upper bound on reconstruc-

tion quality for each object. Our goal is to approach the accuracy of NeuSIS (GT),
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both qualitatively and quantitatively, even after injecting noise in the pose measure-

ments. Qualitatively, our method consistently reduces reconstruction errors compared

to using drifting poses across all objects. Notably, we observe less stratification in

the Plane 1 and Plane 2 datasets at 14◦, and a significant correction in the Plane 2

dataset at 28◦—particularly in the tail area. Similarly, the submarine reconstructions

at 14◦ and 28◦ exhibit improvements along the entire shape. These qualitative results

are supported by the quantitative results in Table 5.2 which demonstrate a significant

improvement in reconstruction accuracy when using our method.

NeuSIS (GT) NeuSIS (drift) Ours
RMS Mean RMS Mean RMS Mean

Boat 1 14◦ 0.074 0.059 0.101 0.076 0.089 0.065
(3.8× 1.7× 0.84) 28◦ 0.065 0.049 0.102 0.076 0.067 0.049

Boat 2 14◦ 0.093 0.064 0.146 0.100 0.098 0.070
(5.7× 2.3× 1.2) 28◦ 0.108 0.079 0.179 0.127 0.109 0.082

Plane 1 14◦ 0.156 0.102 0.197 0.141 0.159 0.122
(13.5× 11.5× 3.6) 28◦ 0.175 0.121 0.217 0.153 0.183 0.126

Plane 2 14◦ 0.117 0.091 0.400 0.162 0.151 0.115
(9.1× 12.6× 3.0) 28◦ 0.150 0.115 1.551 0.737 0.266 0.194

Rock 1 14◦ 0.139 0.105 0.194 0.150 0.154 0.113
(5.7× 3.5× 2.8) 28◦ 0.112 0.082 0.196 0.148 0.129 0.098

Rock 2 14◦ 0.110 0.083 0.148 0.112 0.117 0.091
(2.2× 2.2× 2.0) 28◦ 0.135 0.102 0.169 0.127 0.151 0.113
Concrete column 14◦ 0.058 0.033 0.108 0.074 0.080 0.059
(1.9× 1.2× 4.3) 28◦ 0.055 0.038 0.784 0.057 0.052 0.039

Submarine 14◦ 0.149 0.116 0.206 0.155 0.150 0.117
(5.1× 16.7× 4.7) 28◦ 0.144 0.110 0.280 0.209 0.186 0.141

Table 5.2: Size (W ×L×H), root mean square (RMS), and mean Hausdorff distance
(meters) for eight different objects from HoloOcean. The results show that our method
produces more accurate 3D reconstructions compared to NeuSIS with drifting poses,
demonstrating the effectiveness of our approach in handling pose drift.
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5.4 Water Tank Experiments

We evaluate our proposed method on real-world datasets of a test structure submerged

in a test tank (see Fig. 5.3) imaged with two different elevation apertures: 14◦ and 28◦.

Our experimental platform for dataset collections is a Bluefin Hovering Autonomous

Underwater Vehicle (HAUV) [12] equipped with a 1.2MHz Teledyne/RDI Workhorse

Navigator Doppler velocity log (DVL), a Honeywell HG1700 inertial measurement

unit (IMU), a Paroscientific Digiquartz depth sensor, and a Sound Metric DIDSON

imaging sonar [31] (please check [25, 41] for more details about the datasets and the

collection setup). The frame rate of the real-world datasets is 2Hz.

(a) Test structure. (b) Water test tank.

Figure 5.3: Real-world experimental setup.

We start by discarding sonar image/pose pairs that lack returns from the object

of interest. We then inject relative pose noise as described in section 5.3, adding

εx, εy ∼ N (0, σt) to the relative DVL x and y measurements and εψ ∼ N (0, σr) to the

relative yaw (ψ). Our method is evaluated across four increasing noise levels (listed in

Table 5.4), with each experiment (i.e., each elevation angle and noise level) repeated

using three different random seeds to simulate different noise patterns. Fig. 5.4 shows

an example of a DVL trajectory before and after noise injection.

Fig. 5.5 shows qualitative results of reconstructions using the 4 different noise
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Figure 5.4: Top-down view illustrating an example of a drifting DVL trajectory
after noise injection (blue) alongside its corresponding DVL poses with no added
noise (red) for the 14◦ and 28◦ elevation aperture real datasets, shown on the left
and right, respectively. Noise is injected into the x, y, and ψ relative poses with
εx, εy ∼ N (0, 0.015 m) and εψ ∼ N (0, 0.015 rad).

NeuSIS (GT)
elevation RMS Mean

Real 14◦ 0.052 0.036
Datasets 28◦ 0.071 0.049

Table 5.3: Root mean square (RMS) and mean Hausdorff distance in meters for
NeuSIS with ground-truth odometry on real-world datasets with 14◦ and 28◦ elevation
apertures.

level and the 2 elevation apertures. We observe that for both elevation apertures, the

reconstructions with NeuSIS (drift) degrade rapidly as the noise level increases. For

example, at 14◦, increasing artifacts can be observed near the shorter leg region, while

at 28◦, we observe the deterioration of the entire shape. In contrast, our method

successfully recovers shapes in which the main components of the structure are

preserved (a base, a smaller and larger leg, and a crossbar). We report in Table 5.3,
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NeuSIS (drift) Ours
RMS Mean RMS Mean

σr = 0.005m 14◦ 0.052 ± 0.001 0.039 ± 0.002 0.046 ± 0.001 0.034 ± 0.001
σt = 0.005 rad 28◦ 0.082 ± 0.003 0.058 ± 0.002 0.073 ± 0.002 0.052 ± 0.001
σr = 0.01m 14◦ 0.061 ± 0.001 0.046 ± 0.004 0.047 ± 0.005 0.035 ± 0.003
σt = 0.01 rad 28◦ 0.085 ± 0.002 0.062 ± 0.000 0.074 ± 0.002 0.054 ± 0.001
σr = 0.015m 14◦ 0.073 ± 0.001 0.056 ± 0.003 0.054 ± 0.003 0.040 ± 0.003
σt = 0.015 rad 28◦ 0.091 ± 0.002 0.069 ± 0.002 0.079 ± 0.004 0.056 ± 0.002
σr = 0.02m 14◦ 0.081 ± 0.005 0.062 ± 0.006 0.062 ± 0.004 0.047 ± 0.004
σt = 0.02 rad 28◦ 0.093 ± 0.004 0.069 ± 0.004 0.081 ± 0.003 0.060 ± 0.004

Table 5.4: Root mean square (RMS) and mean Hausdorff distances for reconstructions
of 14◦ and 28◦ real-world datasets using NeuSIS with drifting odometry and the
proposed method. Translation is measured in meters and rotation in radians. We
select three random seeds and compute the mean and standard deviation for each
distance. The Hausdorff distance threshold is set to 0.2 m for the 14◦ elevation dataset
and 0.25 m for the 28◦ dataset.

the result obtained using NeuSIS (GT) – i.e. reconstructions using the GT odometry.

Table 5.4 shows the metrics (average ± standard deviation) for both our method as

well as NeuSIS (drift) after noise injection. As expected, the reconstruction quality

of NeuSIS (drift) degrades with increasing noise. However, our method remains

robust to significant pose drift, and only begins to struggle when the noise becomes

particularly high (σr = 0.02rad and σt = 0.02m) between consecutive relative poses.
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Figure 5.5: 3D reconstructions from each method with two different elevation apertures
and four sets of drifting noise added to the x, y, and yaw directions of the vehicle
odometry. Our proposed method yields more accurate and cleaner reconstructions
compared to NeuSIS with drifting noise added to the vehicle odometry. Notably,
reconstructions from the proposed method with lower drifting noise are cleaner than
those from NeuSIS with ground-truth odometry, demonstrating the capability of the
proposed method to eliminate drifting noise in the odometry.
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5.5 Do we Recover the Odometry Poses?

We experimentally demonstrate that the set of possible poses, T , that minimizes the

reconstruction error is not unique. In other words, our algorithm can converge to

a set of poses that is far from the odometry poses while still resulting in final 3D

reconstructions that are perceptibly similar. We perform the following experiment on

the 28◦ real data:

1. Train using odometry poses: Use the odometry poses, Todom, and train a

3D model Rodom until converge.

2. Freeze network weights: Freeze the weights of both the SDF network, N,

and the neural renderer, M.

3. Inject noise to relative pose: Corrupt the odometry poses by injecting noise

to the x, y, ψ relative poses with εx, εy ∼ N (0, 0.01m) and εψ ∼ N (0, 0.01rad).

We obtain a noisy drifting set of poses: Tnoisy.

4. Optimize the noisy poses: Optimize Tnoisy using the loss function in Eq. 4.4

while keeping the weights of networks N and M from step 2 frozen. In other

words, solve the following optimization problem:

T ∗
noisy =T L(Θ,Φ, T )

5. Train a new 3D model: Finally, freeze T ∗
noisy and train a new 3D model

R∗
noisy.

Fig. 5.6 shows the errors between Todom and T ∗
noisy in the sonar frame, revealing

significant differences between the two sets of poses. This indicates that if we freeze

the converged mesh Rodom and optimize only the poses, the optimization can still

converge to a solution set far from the odometric poses. Fig. 5.7 shows the resulting

mesh reconstruction when we freeze T ∗
noisy and train M and N to obtain R∗

noisy.

The reconstruction R∗
noisy captures the major parts of the structure (two legs and

the middle tile), supporting the observation that even significantly different pose sets

can produce plausible 3D reconstructions. This result is supported by the quantitative

metrics for R∗
noisy (RMS = 0.077m, mean = 0.058m), which are close to the metrics

reported when using Todom in Table 5.3.
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Figure 5.6: Error in each pose component between the odometry poses, Todom and
the optimized poses after noise injection, T ∗

noisy. We note that the two sets of poses
differ significantly.
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Figure 5.7: The reconstruction R∗
noisy obtained from step 5: Freeze T ∗

noisy and train
M and N.
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Chapter 6

Conclusions and Future Work

We proposed an approach for reconstructing objects using imaging sonar, even in the

presence of significant pose drift. Our method jointly optimizes both the sonar poses

and the 3D model parameters using only the reconstruction loss, without relying on

external sensors. That is, it learns directly using only the sonar images and their

corresponding noisy poses. Through extensive experiments across different objects

and elevation apertures, we demonstrated that our method is robust to high noise

levels and adapts well to diverse target geometries.

For future work, we see multiple promising directions. First, incorporating ad-

ditional sensor modalities available on the vehicle, such as Doppler Velocity Logs

(DVL), IMUs, or optical cameras, could provide stronger constraints for pose opti-

mization, further improving reconstruction accuracy. Second, our current approach is

designed for offline 3D reconstruction. To enable real-time applications, we plan to

explore acceleration techniques such as Instant-NGP [19], which uses neural graphics

primitives for highly efficient scene optimization. These enhancements would make

our method more practical for real-world autonomous underwater operations.
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