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Abstract

Imprecise tracking presents a major challenge in the recon-
struction of 3D freehand ultrasound volumes, as even small
errors can lead to significant misalignment. Calibration in-
accuracies and reliance on noisy sensors further exacerbate
this issue. State-of-the-art approaches typically align pixel
intensities across overlapping frames. However, misalign-
ment in ultrasound sweeps, which depend on the sensor’s
position, often result in inconsistent intensities for the same
spatial location, challenging the reliability of these meth-
ods. To address these challenges, we propose UltraNBA, a
novel implicitly neural bundle-adjusting framework for ul-
trasound. By leveraging the spatial consistency of acous-
tic tissue properties instead of plain intensity alignment,
UltraNBA corrects tracking errors while capturing stable
anatomical and physical representations, yielding higher-
quality reconstructions. Our method supports single and
multiple sweeps, offering versatility in real-world clinical
scenarios. Experimental results demonstrate a reduction in
tracking errors, accompanied by enhanced image quality
for rendering new frames. We make code and data open-
source at https://github.com/MrGranddy/UltraNBA.

1. Introduction
Skilled sonographers are trained to mentally reconstruct 3D
anatomical structures from sequences of 2D ultrasound im-
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ages. Through extensive clinical experience, they learn to
infer the spatial relationships between image slices based
on subtle cues such as probe motion, anatomical continuity,
and acoustic patterns. This mental reconstruction is a cog-
nitively demanding task that relies on their ability to inte-
grate fragmented 2D views into a coherent 3D understand-
ing of the scanned region. Crucially, sonographers intu-
itively associate spatial correspondences across successive
frames. Supporting and automating this complex mental
process could significantly reduce cognitive load and im-
prove both diagnostic accuracy and workflow efficiency.

Simultaneously reconstructing the 3D anatomical vol-
ume from 2D ultrasound images and accurately localizing
the corresponding probe poses presents a complex, inter-
twined challenge [35]. This problem parallels the classi-
cal chicken-and-egg dilemma in computer vision: recov-
ering 3D scene structure requires known camera poses,
while localizing cameras depends on reliable correspon-
dences derived from the reconstruction. However, ultra-
sound imaging introduces additional complexities such as
speckle noise, tissue deformation, variable acoustic prop-
erties, and probe-induced artifacts, all of which complicate
establishing consistent spatial correspondences and robust
tracking during reconstruction.

In computer vision, classical methods such as Structure
from Motion (SfM) [13, 26] and Simultaneous Localiza-
tion and Mapping (SLAM) [11, 21] address this challenge
by performing local registration followed by global geo-
metric bundle adjustment (BA) on both the scene structure
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Figure 1. UltraNBA jointly optimizes pose refinement and implicit volume learning for 3D freehand ultrasound reconstruction. Here, δ is
the attenuation coefficient, β is the reflectance, and φ is the scattering intensity, which define the ultrasound rendering properties.

and camera poses. Yet, these approaches cannot be directly
transferred to ultrasound due to the domain-specific chal-
lenges mentioned above. As a result, ultrasound recon-
struction requires tailored methods that can handle noisy,
deformable, and acoustically complex data while jointly es-
timating probe poses and anatomical structure.

Three-dimensional freehand ultrasound (3D US) is a
common and practical approach for reconstructing volumet-
ric data from sequential 2D B-mode images [20, 27]. In
this method, clinicians manually sweep a conventional ul-
trasound probe to acquire sequential 2D images, which are
subsequently reconstructed into a 3D volume. This tech-
nique offers a flexible and cost-effective alternative to fixed
three-dimensional matrix probes, facilitating the imaging of
extensive or anatomically complex regions. It is widely
employed in clinical applications including musculoskele-
tal assessment [22], obstetric monitoring [34], and image-
guided interventions [29].

Despite its versatility, freehand ultrasound faces a criti-
cal challenge: its reliance on external tracking systems to
determine the spatial position and orientation of the probe.
Inaccurate tracking caused by sensor misalignment, mag-
netic interference, or mechanical drift can significantly de-
grade the quality of reconstructed volumes [1]. Another set
of methods aim at sensorless reconstruction [35]. These
methods avoid the use of external trackers and rely solely
on the image content, typically assuming correlation be-
tween speckle patterns to find correspondences [5]. How-
ever, this assumption is often violated in ultrasound imaging
due to variable acoustic properties, tissue deformation, and
probe-induced artifacts that alter intensity patterns even at
the same anatomical location. Moreover, since ultrasound
sweeps are acquired along trajectories that do not guarantee
overlap between consecutive frames, the necessary spatial
correspondences for accurate registration may not exist. As
a result, reconstruction approaches based primarily on im-
age intensities can lead to suboptimal alignment, causing
blurred anatomical structures, misaligned tissue layers, and
targeting errors.

In this work, we propose UltraNBA, a novel implicit
neural method that jointly optimizes probe pose refinement

and 3D ultrasound reconstruction by relaxing dependency
on error-free tracking hardware. UltraNBA builds a
continuous representation of the volume in an acoustic
properties space that remains constant across acquisitions,
overcoming limitations of intensity-based co-registration.
By interpolating between potentially non-overlapping
frames, the method ensures improved alignment and vol-
ume consistency. This is achieved through a tailored neural
representation incorporating ultrasound-specific priors and
frequency-based modulation, enabling simultaneous refine-
ment of probe poses and reconstruction of high-fidelity 3D
volumes.

Our main contributions are:
• We introduce UltraNBA, the first implicit neural method

to jointly optimize pose refinement and 3D volume recon-
struction in freehand ultrasound.

• We propose a learning strategy that integrates ultrasound-
specific priors and frequency-based modulation to stabi-
lize training and improve fidelity.

• We demonstrate consistent improvements in pose accu-
racy and image quality across multiple real and synthetic
tracking scenarios.

2. Related Work

Neural Radiance Fields. In computer vision, the joint
optimization of 3D scene structure and camera poses is a
well-established problem, traditionally tackled using Struc-
ture from Motion (SfM) [2], Simultaneous Localization
and Mapping (SLAM) [16], or bundle adjustment tech-
niques [3, 9]. One notable example is Bundle Adjustment
for Radiance Fields (BARF) [17], which integrates pose re-
finement and scene reconstruction through a coarse-to-fine
photometric alignment strategy. BARF demonstrated that
neural fields can be optimized even with inaccurate initial
poses by leveraging photometric consistency across views.

While these advances are promising in natural image do-
mains, ultrasound imaging introduces distinct challenges.
Ultrasound signals are highly view-dependent, dominated
by speckle noise, and vary with probe orientation, tissue
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contact, and pressure. Methods developed for natural im-
ages, which rely on consistent appearance and rich texture,
do not transfer well to this domain. Inspired by neural
radiance field (NeRF) [19] models, recent methods such
as UltraNeRF [32] attempt to learn implicit 3D represen-
tations from ultrasound data. UltraNeRF adapts NeRF to
model acoustic responses instead of light fields, capturing
view-dependent reflectivity and internal structures of tissue.
However, like standard NeRFs, UltraNeRF assumes known
poses during training and relies heavily on pixel-level inten-
sity supervision. This limits its robustness in clinical free-
hand scenarios where tracking is noisy or unreliable.

Sensorless Freehand 3D Ultrasound. Freehand 3D ul-
trasound reconstruction has traditionally relied on image-
based co-registration to align successive 2D frames by max-
imizing pixel correspondence. Early sensorless methods
addressed this by estimating rigid motion through normal-
ized cross-correlation and speckle decorrelation, enabling
reconstruction without external tracking across irregularly
sampled and non-parallel frames [8, 14]. Other approaches,
such as kernel-regression [6] and global patch-matching [7],
fuse overlapping frames into a coherent volume by match-
ing local intensity patterns or texture features. While sen-
sorless freehand 3D ultrasound reconstruction removes re-
liance on external tracking, it remains fundamentally con-
strained by the requirement for correlated image content
across frames.

Tracked Freehand 3D Ultrasound. Tracked freehand
ultrasound systems use external sensors such as optical [15]
or electromagnetic trackers [10] to record the position and
orientation of the probe during scanning. In contrast to
sensorless methods, which rely entirely on estimating mo-
tion from image content, tracked approaches provide inde-
pendent measurements of probe movement. This allows
for more stable and reliable reconstructions, especially in
regions with poor image correlation or when frames lack
sufficient spatial overlap. Early work in this area focused
on integrating tracked probe positions to reconstruct three-
dimensional volumes from two-dimensional slices, often re-
lying on calibration between the probe and the tracking sys-
tem to ensure spatial consistency [18, 36].

Despite the advantages of tracked freehand ultrasound
systems, pose measurements obtained from external sensors
are often subject to errors arising from sensor noise, calibra-
tion inaccuracies, and environmental interference [15, 28].
These pose inaccuracies can lead to misalignment in the re-
constructed volumes, resulting in blurred anatomical struc-
tures and reduced diagnostic quality. Therefore, pose re-
finement techniques are essential to correct these initial es-
timates by optimizing probe positions based on the acquired
image data.

Pose refinement in Freehand 3D Ultrasound. Given
that pose errors are largely unavoidable in tracked freehand

ultrasound due to sensor noise, calibration inaccuracies, and
environmental interference, various strategies have been
proposed to refine probe trajectories and enhance recon-
struction accuracy. Hybrid tracking systems [12] that com-
bine optical and electromagnetic sensors have been devel-
oped to improve tracking precision, while phantom-based
calibration [24] and error filtering techniques [4] aim to re-
duce drift and correct systematic errors. However, these
methods rely on expensive hardware and remain susceptible
to line-of-sight occlusions or magnetic distortions, limiting
their practicality in clinical environments.

Recent efforts have explored deep learning-based pose
refinement [1, 23, 33], leveraging image and motion in-
formation to improve tracking accuracy. While promis-
ing, these methods operate primarily in the pixel intensity
space, depending on correlation patterns between succes-
sive frames. As a result, they are sensitive to image noise,
motion ambiguity, and typically require large, fixed-motion
datasets that limit generalizability.

To address these limitations, we introduce UltraNBA,
a patient-specific deep learning method that refines probe
poses without relying on large-scale datasets. Unlike tradi-
tional approaches that operate in the pixel intensity space
and rely on frame-to-frame correlations, UltraNBA learns
in a latent space that reflects underlying physical properties
of the anatomy, which are more consistent across frames
and scanning conditions. The method simultaneously op-
timizes pose correction and 3D reconstruction within an
implicit neural representation, enabling continuous volu-
metric reconstructions from freehand sweeps performed at
varying speeds. While previous implicit volume meth-
ods [35] also model 3D structure, they remain limited by
their dependence on image intensity alone. In contrast, Ul-
traNBA’s representation facilitates more robust reconstruc-
tion by leveraging acoustic properties that remain more con-
sistent across frames than raw image intensities, making it
more reliable under challenging acquisition conditions.

3. Methodology

Reconstructing 3D freehand ultrasound volumes requires
both an accurate scene representation and precise probe
tracking. However, existing implicit models, such as Ultra-
NeRF [32], rely on voxel coordinates derived from tracked
probe positions, making them highly sensitive to calibra-
tion and motion errors. These inaccuracies lead to image
misalignments, degrading the quality of reconstructed vol-
umes.

To address these issues, we introduce UltraNBA, a novel
implicit neural reconstruction method that jointly learns the
ultrasound volume representation and refines poses. Our
key innovation is a learnable pose refinement module, in-
spired by BARF [17], which refines the estimated probe
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poses T ∈ SE(3) through a transformation function:

T′ = cξi
(T) = exp(ξ∧i )T, (1)

where ξi ∈ R6 is a learnable refinement in se(3), com-
posed of translation δt ∈ R3 and rotation δω ∈ R3 for
each Ii slice in the volume. The wedge operation (∧) maps
ξi to its corresponding se(3) Lie algebra element, forming a
skew-symmetric matrix that parameterizes rigid body trans-
formations in SE(3). This adjustment refines the input cam-
era parameters, improving spatial alignment.

UltraNBA represents the 3D ultrasound scene as a
coordinate-based volumetric implicit function:

fθ : R3+6L → R3

(δ, β, φ) = fθ(q, ψ(q)), q = (x, y, z) ∈ R3 (2)

Here, fθ maps spatial coordinates q to the attenua-
tion coefficient δ, reflectance β, and scattering intensity φ,
which define the ultrasound rendering properties. The input
coordinates are encoded using a positional encoding func-
tion ψ with L frequency bands:

ψ(q) =
(
sin(2lπq), cos(2lπq)

)L−1
l=0

. (3)

The final input to the network is the concatenation of the
original coordinates and their encoded representations, al-
lowing the model to capture both low- and high-frequency
spatial details essential for ultrasound volume reconstruc-
tion.

By jointly optimizing both the scene representation and
pose refinement, UltraNBA effectively reduces misalign-
ment artifacts, producing high-fidelity 3D ultrasound vol-
umes even from imperfect tracking data.

3.1. Training objective
The model is trained to minimize a combination of the fol-
lowing losses:

1. L2 Loss: Following the ultrasound volume rendering
formulation introduced in UltraNeRF[32], we recon-
struct intensity maps using our rendering equation and
minimize the L2 loss between the generated and ground
truth intensity maps:

LL2 = ‖I − Î‖22, (4)

where I is the rendered intensity map and Î is the ground
truth.

2. Structural Similarity Loss: To enforce perceptual sim-
ilarity, we apply the SSIM loss between the rendered and
ground truth intensity maps:

LSSIM = 1− SSIM(I, Î). (5)

3. Regularization Loss: To improve stability and enforce
smoothness in the estimated ultrasound parameters, we
use a regularized version of Ultra-NeRF [30] with regu-
larization term consisting of two components:
(a) Local Normalized Cross-Correlation (LNCC)

Penalty: To encourage consistency between
the estimated scatter amplitude and attenuation
coefficients, we apply a localized NCC penalty:

LLNCC = LNCC(Ascatter, δ), (6)

where Ascatter is the scatter amplitude, δ is the atten-
uation coefficient.

(b) Total Variation (TV) Penalty: To reduce noise and
encourage spatial smoothness, we penalize varia-
tions in the scatter amplitude, weighted by the re-
flection coefficient:

LTV =
∑
i,j

(βmax − β) ·
(
|Ai+1,j

scatter −A
i,j
scatter|

+ |Ai,j+1
scatter −A

i,j
scatter|

)
(7)

where βmax is a scaling factor based on the reflection
coefficient β.

The regularization loss is then formulated as:

Lreg = λLNCCLLNCC + λTVLTV, (8)

where λLNCC and λTV control the weighting of the regu-
larization terms.
The total loss function, with α a weighting hyperparam-

eter, is:
Ltotal = LL2 + αLSSIM + Lreg. (9)

Our intensity reconstruction follows adapted rendering
equations from UltraNeRF [31, 32], which build on prior
ray-based simulation models [25]. These equations take the
attenuation coefficient δ, reflectance β, and scattering inten-
sity φ, predicted by fθ, and apply ultrasound-specific ren-
dering to generate the intensity maps. The reconstructed
intensity maps serve as the predicted images, to which our
loss functions are applied.

3.2. Gradient of pose refinements
We show the propagation of loss gradients to the learn-
able pose parameters ξi. From the total loss Ltotal, the
gradient w.r.t. input encoding is ∂Ltotal/∂(q, ψ(q)). For
simplicity, we consider only ψ(q), giving ∂Ltotal/∂q =
(∂Ltotal/∂ψ(q)) · (∂ψ(q)/∂q).

Coordinates q are derived via a standard transformation
from world coordinates p as q = g(Ti,p), where g(·) fol-
lows the standard NeRF ray sampling procedure, transform-
ing world coordinates into the probe’s local frame before
projection. Since Ti is parameterized by ξi, gradients prop-
agate as ∂Ltotal/∂ξi = (∂Ltotal/∂q)·(∂q/∂Ti)·(∂Ti/∂ξi).
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With Ti defined as exp(ξ∧i ), the gradient ∂Ti/∂ξi remains
well-formed, enabling pose refinement through gradient de-
scent.

3.3. Training & Implementation Details.
We employ a similar frequency band activation strategy
to BARF[17], gradually enabling higher-frequency com-
ponents in the positional encoding as training progresses.
Early stages prioritize low-frequency information for stable
optimization, while higher frequencies are introduced over
time to refine spatial details and refine pose errors.

Our architecture follows the original NeRF design with
modifications for ultrasound data. The model is trained
with a batch size of 1024 rays per iteration, using L = 16
frequency bands for positional encoding. We employ the
Adam optimizer, setting an initial learning rate of 10−4 for
the network, exponentially decaying to 10−5 over 500K it-
erations. Pose refinement is optimized separately with an
initial learning rate of 10−4, exponentially decaying to 10−5

over 500K iterations. In our experiments λLNCC is 1.e-3,
λTV is 1.e-5 and α is 0.75.

4. Experiments and results

Our experiments were performed on four ultrasound
recordings of two participants (Participant1 = P1,
Participant2 = P2) at two different acquisition frequen-
cies (F1 = 10Mhz, F2 = 9.5Mhz). Each recording con-
sists of 5–6 overlapping sweeps of the lower limb, captured
from knee to ankle, leading to more than 1744±60 B-mode
images with optical tracking per recording. To ensure pre-
cise tracking, we employed the OptiTrack system with six
redundant cameras. To reduce pressure-related variability,
the legs were submerged in water, and all scans were per-
formed using a 2–10 MHz VERMON probe with an Aix-
plorer Supersonic Imagine ultrasound machine.

4.1. Correcting noisy tracking data
Freehand ultrasound tracking is prone to noise due to sensor
limitations and hand tremors, causing discontinuities in the
reconstructed volume. Our method corrects this noise by
refining both rotation and translation, improving pose ac-
curacy. To validate the estimated refinements, we perform
two experiments. We first correct synthetically introduced
noise. Second, we correct the original real tracking noise
in the data from unknown sources of errors such as cam-
era calibration, sensor inaccuracies, mechanical drift, and
temporal synchronization issues.

The synthetic perturbations were calculated as follows:
Each transformation matrix T ∈ SE(3) is parameterized
by an element ξ ∈ se(3), where ξ = (t,ω) consists of a
translation component t ∈ R3 and a rotation component
ω ∈ R3. A perturbation δξ is applied to the transformation

Table 1. Pose refinement comparison between UltraNBA and
baseline across datasets and noise levels (A-D). ∆x (mm) and ∆θ
(◦) represent changes in translation and rotation error, respectively.
Positive values indicate error reduction. Average rows are com-
puted using absolute values.

P N ∆x (mm) ∆% ∆θ(°) ∆%

P
1
−
F
1 A 0.03± 0.15 13 1.59± 3.73 25

B 0.06± 0.27 13 1.57± 3.65 25
C 0.06± 0.16 25 4.86± 7.39 35
D 0.02± 0.27 4 4.41± 7.40 32

P
1
−
F
2 A 0.01± 0.15 4 1.63± 3.64 25

B 0.06± 0.27 13 1.54± 3.57 24
C 0.05± 0.16 21 4.52± 7.67 33
D 0.03± 0.28 6 4.35± 7.60 32

P
2
−
F
1 A 0.01± 0.15 4 1.33± 3.61 21

B 0.05± 0.27 10 1.26± 3.66 20
C 0.04± 0.16 17 4.10± 7.45 30
D 0.03± 0.28 6 3.84± 7.39 28

P
2
−
F
2 A 0.01± 0.14 4 1.79± 3.59 28

B 0.06± 0.27 6 1.61± 3.54 25
C 0.03± 0.15 8 4.18± 7.70 30
D 0.03± 0.28 6 4.11± 7.63 29

Average A 0.015 6.25 1.585 24.7
Average B 0.058 10.5 1.495 23.5
Average C 0.045 17.7 4.415 32.0
Average D 0.028 5.5 4.178 30.2

T following the expression:

T̃ = exp(δξ∧)T,

where δξ =

[
δt
δω

]
, is sampled from: δt ∼

N (0, σ2
t I3), δω ∼ N (0, σ2

rI3) with standard devia-
tions σr and σt defining the noise strength. The sampled
perturbations are mapped to SE(3) via the exponential map
and applied to T. We use two levels for rotation, σr = 0.07
and σr = 0.15, corresponding to approximately 6◦ and
13◦, and two levels for translation, σt = 0.15 and σt = 0.3,
corresponding to perturbations of approximately 0.24 mm
and 0.48 mm. Combining the noise levels leads to four
noise setups were introduced to each recording, for a total
of 16 experiments.

Figure 2 compares the translation and rotation errors
on the P2 − F2 data at initialization with noise and after
UltraNBA training. Our results indicate a consistent reduc-
tion in rotation errors across all noise levels, while transla-
tion errors either decrease or show minor variations, high-
lighting the greater impact of rotational misalignment in
volumetric reconstruction. Notably, when the initial trans-
lation error is significant, our method effectively corrects it,
demonstrating robust pose refinement. This trend is further
supported by Table 1, which shows that our approach con-
sistently improves alignment across different data and noise
setups through iterative tracking error correction.
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Figure 2. Comparison of translation and rotation errors on the Participant2-F2 data before and after UltraNBA training. Error bars
show mean and standard deviation across noise conditions. The horizontal axis represents noise setups (rotation: 0.07, 0.15 → 6◦, 13◦;
translation: 0.15, 0.3 → 0.24 mm, 0.48 mm). The vertical axis represents translation error as the displacement norm and rotation error as
the angle derived from the relative rotation matrix trace.

Figure 3. Comparison of pose refinement using UltraNBA. The first row illustrates synthetic noise added to the original optical tracking,
while the second row shows real tracking noise caused by inherent tracking inaccuracies.

Figure 4 presents a robustness evaluation of the proposed
UltraNBA method on the P1-F1 and P2-F1 datasets, across
B synthetic noise level and unseen test frames. Subfigures-
(a)(b) evaluate the pose errors on test images, isolated from
training, across five different sweeps. Errors are presented

for translation and rotation independently, due to their dif-
ference in measured unit. Each segment corresponds to a
specific sweep, revealing that initial pose errors (red) ex-
hibit variable patterns and magnitudes across sequences.
After refinement (blue), the errors are significantly reduced
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(a) Tracking error correction for 71 test images for P1-F1-Noise B (b) Tracking error correction for 83 test images for P2-F1-Noise B

Figure 4. Robustness analysis of Ultra-Nerf and the proposed ULTRA-NBA method for Particiant1-F1, Particiant2-F1 recording with 5
sweeps (sequences). Remark: one pixel length represents 0.25 mm in practice.

and stabilized across all sweeps, confirming the method’s
ability to generalize to unseen frames and handle diverse
motion patterns. The consistent performance across se-
quences of different participants and different frequencies
emphasizes the adaptability of UltraNBA to different scan
trajectories and anatomical variability, supporting its prac-
tical use in real-world ultrasound workflows.

4.2. Quantitative evaluation of pose refinement and
rendering quality

Table 2. Image quality comparison using PSNR (dB) and SSIM
between UltraNeRF and UltraNBA. Higher values indicate better
image fidelity. Averages are computed per noise level; bold indi-
cates the better value per method comparison.

P N UltraNeRF UltraNBA
PSNR (↑) SSIM (↑) PSNR (↑) SSIM (↑)

P
1
−
F
1 A 14.40 0.61 16.74 0.67

B 14.08 0.59 16.41 0.66
C 12.79 0.54 15.67 0.63
D 13.17 0.56 15.76 0.64

P
1
−
F
2 A 15.37 0.65 17.98 0.69

B 15.45 0.65 17.85 0.69
C 14.04 0.63 17.25 0.68
D 14.19 0.63 17.40 0.68

P
2
−
F
1 A 12.96 0.54 14.75 0.60

B 12.85 0.53 14.62 0.59
C 11.78 0.50 14.12 0.58
D 11.98 0.50 14.01 0.58

P
2
−
F
2 A 16.49 0.44 18.44 0.46

B 16.50 0.43 18.23 0.46
C 15.46 0.43 17.80 0.45
D 15.52 0.43 17.90 0.45

Av
er

ag
e A 14.80 0.56 16.98 0.60

B 14.72 0.55 16.78 0.60
C 13.52 0.53 16.21 0.58
D 13.72 0.54 16.27 0.58

We evaluated our method across diverse experimental
conditions, as summarized in Table 1 and Table 2. These
include variations in participants, scanning trajectories, and
noise configurations to simulate both realistic and challeng-
ing tracking conditions. In the average part of the table,
we can see that for the different noise setups configura-
tions (A,B,C,D), in a patient independent evaluation, Ul-
traNBA consistently reduced both translation and rotation
errors, demonstrating robust pose refinement even under
high noise levels. In addition to geometric accuracy, our
method significantly improved image reconstruction qual-
ity of the implicit learned rendered image, as reflected by
higher PSNR and SSIM scores compared to UltraNeRF.
These results confirm that UltraNBA not only effectively
compensates for synthetic tracking distortions but also gen-
eralizes well to real-world freehand ultrasound scenarios,
enhancing both the reliability and fidelity of volumetric re-
constructions.

4.3. Qualitative evaluation of pose refinement
Numerical improvements alone do not fully capture the im-
pact of pose refinement on 3D volume reconstruction. We
qualitatively assess UltraNBA’s ability to restore structural
continuity and mitigate distortions caused by both synthetic
and real-world tracking errors.

Figure 3 showcases tracking noise correction, with the
first row depicting synthetic noise and the second-row
addressing real sensor errors. Misalignments between
adjacent slices create visible discontinuities, particularly
at structural boundaries. UltraNBA effectively restores
smooth transitions while preserving fine details, focusing
corrections on anatomical edges while leaving homoge-
neous regions largely unchanged. This selective correc-
tion explains why numerical errors persist, UltraNBA prior-
itizes structural integrity over absolute error minimization.
For real-world sensor tracking, UltraNBA mitigates sub-
tle misalignments, reducing jitter and discontinuities while
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(a) Render evaluation: (a)B-mode + Optical tracking, (b)Ultra-
Nerf Rendering+ Noisy tracking, (c)Ultra-NBA rendering with
not frequency, (d)Ultra-NBA rendering with frequency.

(b) Rendering improvement of one single frame at different iterations steps of the
training for Ultra-Nerf and Ultra-NBA compared with the Ground Truth on the right
side.

Figure 5. Rendering performance analysis of Ultra-Nerf and the proposed ULTRA-NBA method with and without coarse-to-fine frequency
learning for Particiant2-F2.

maintaining spatial consistency without introducing artifi-
cial blur.

Figure 5 illustrates the rendering performance of Ul-
traNBA compared to UltraNeRF under tracking noise. Sub-
figure (a) in the left shows qualitative comparisons, where
noisy input trajectories (b) cause visible distortions and loss
of anatomical detail in UltraNeRF reconstructions. Ul-
traNBA mitigates these effects through learned pose correc-
tion (c), with further enhancement observed when applying
our frequency-based modulation strategy (d), which sharp-
ens edges and improves structural clarity. Subfigure (b),
on the right, provides a temporal rendering progression of a
representative frame throughout training. While UltraNeRF
remains stuck in a blurry reconstruction due to incorrect
tracking, UltraNBA progressively refines both the track-
ing and the volume, resulting in a sharper and more accu-
rate representation. These results demonstrate the effective-
ness of both the joint pose optimization and the frequency-
guided learning strategy in producing accurate and consis-
tent reconstructions from noisy inputs.

5. Conclusion

In this work, we address two main challenges in 3D free-
hand ultrasound: pose refinement for improving tracking
accuracy, and low-resolution rendering in learned implicit
representations like UltraNeRF. We introduced UltraNBA, a
novel neural bundle adjustment framework that jointly per-
forms robust pose refinement and high-fidelity rendering for
3D freehand ultrasound imaging.

UltraNBA significantly improves both alignment accu-
racy and reconstruction quality. Specifically, it achieves up
to a 35 % reduction in rotation error and 25 % in transla-
tion error across various noise levels, compared to baseline
initializations. UltraNBA demonstrates notable improve-
ments in image fidelity over UltraNeRF, achieving a maxi-
mum PSNR gain of 3.21dB (from 14.04 to 17.25dB in case
P1-F2, noise level C) and a maximum SSIM improvement
of 0.06 (from 0.61 to 0.67 in case P1-F1, noise level A),
highlighting its effectiveness in producing high-quality ul-
trasound renderings. Its ability to handle both single and
multi-sweep acquisitions further highlights its robustness
and suitability for real-world clinical workflows. To the best
of our knowledge, this is the first method to explicitly refine
probe poses using neural fields in the context of 3D free-
hand ultrasound. Moreover, UltraNBA is data-efficient and
requires no external tracking hardware, making it ideal for
practical deployment. Future work will extend UltraNBA’s
adaptability to broader clinical use cases, including integra-
tion with IMU-equipped probes and incorporation of addi-
tional modalities for multi-modal diagnostics.
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