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Abstract— Ultrasound (US) probe localization relative to the
examined subject is essential for freehand 3D US imaging,
which offers significant clinical value due to its affordability
and unrestricted field of view. However, existing methods often
rely on expensive tracking systems or bulky probes, while
recent US image-based deep learning methods suffer from
accumulated errors during probe maneuvering. To address
these challenges, this study proposes a versatile, cost-effective
probe pose localization method for freehand 3D US imaging,
utilizing two lightweight cameras. To eliminate accumulated
errors during US scans, we introduce PoseNet, which directly
predicts the probe’s 6D pose relative to a preset world coor-
dinate system based on camera observations. We first jointly
train pose and camera image encoders based on pairs of 6D pose
and camera observations densely sampled in simulation. This
will encourage each pair of probe pose and its corresponding
camera observation to share the same representation in latent
space. To ensure the two encoders handle unseen images and
poses effectively, we incorporate a triplet loss that enforces
smaller differences in latent features between nearby poses
compared to distant ones. Then, the pose decoder uses the latent
representation of the camera images to predict the probe’s 6D
pose. To bridge the sim-to-real gap, in the real world, we use the
trained image encoder and pose decoder for initial predictions,
followed by an additional MLP layer to refine the estimated
pose, improving accuracy. The results obtained from an arm
phantom demonstrate the effectiveness of the proposed method,
which notably surpasses state-of-the-art techniques, achieving
average positional and rotational errors of 2.03 mm and 0.37°,
respectively. Code: https://github.com/dianyeHuang/
FreehandUS_Pose_ Estimation

I. INTRODUCTION

Medical ultrasound (US) is one of the most vital diagnostic
tools in modern clinical practice, offering real-time, non-
invasive imaging of soft tissues and internal organs. Its ver-
satility has made US imaging a first-line tool across various
medical fields, including obstetrics, cardiology, emergency
medicine, and radiology. However, interpreting traditional 2D
US images can be challenging, as they provide only limited
views of internal structures and are often affected by speck-
les, artifacts, and shadows. To overcome these limitations
and provide a more comprehensive view, 3D US imaging
has gained significant attention, offering richer contextual
information and improving diagnostic accuracy [1], [2].

To achieve 3D US, several methods have been explored,
with one of the most intuitive being native 3D US imaging.
Hossack et al. developed a prototype probe featuring a
2D array of elements capable of directly providing a 3D
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Fig. 1. An illustration of the simulation and real-world settings. Left:
depicts the virtual environment for simulated data generation. Right: shows
the corresponding real-world settings and the configuration of two cameras.

view of the examined anatomy [3]. This approach was
tested on carotid arteries in clinical settings, with results
demonstrating its effectiveness. However, native 3D probes
are often constrained by a limited field of view and low frame
rates due to the drastic increase in computational demands.
The cost is also much higher than a 2D probe. Alternatively,
the wobbler probe is presented, which mechanically tilts or
rotates a 1D array to reconstruct a 3D volume [4]. While
this method reduces operator dependency and ensures more
consistent data, wobbler probes typically suffer from limited
field of view, mechanical artifacts, and bulkier design. These
limitations limited their extensive use in clinical practices.
To address the issue of limited field of view, external
tracking systems, such as electromagnetic (EM) [5] or optical
devices [6], have been introduced to monitor the motion
of standard 2D ultrasound probes. By acquiring a series of
2D slices while tracking the probe’s movement, a complete
3D volume of the scanned area can be reconstructed. To
facilitate the rapid prototyping of US-guided intervention
systems using various hardware, an open-source software
called PLUS was proposed to visualize live reconstruction
results based on the streaming of acquired data [7]. This
solution aligns well with physicians’ workflows; however,
potential issues such as occlusion with optical tracking
systems or electromagnetic interference with EM tracking
devices can limit their practical application. Recently, robotic
systems have been employed to provide reliable tracking.
Jiang et al. mounted the US probe on a robotic arm to
compute 3D volume or point clouds [1], [8]-[10]. Similar
studies exploring different clinical applications can be found
in [11]-[16]. Despite these advancements, the high cost
associated with optical tracking and robotic systems restricts
their use, particularly for emergency scenarios with limited
space and primary examinations in underdeveloped regions.
Thanks to rapid advances in deep learning, image-based
freehand 3D US reconstruction has recently garnered increas-
ing attention. Prevost et al. utilized a convolutional neural
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network (CNN) to directly estimate the motion between
successive US frames in an end-to-end fashion, incorporating
a fully connected layer (FC) to integrate real-time data
from an Inertial Measurement Unit (IMU) attached to a
2D probe [17]. This approach achieved average errors of
3.71 mm and 1.88° for translation and rotation, respectively.
Guo et al. presented DCL-Net using multiple US images as
input [18]. This method was purely based on US images
and explored the contextual features between US frames.
To tackle the problem of the ambiguity of moving direction
between two frames, Luo et al. incorporated prior knowledge
and consistency constraints to guide the reconstruction net-
work [19]. Li et al. demonstrated the benefits of incorporat-
ing long-term dependencies in their extensive experiments to
improve 3D reconstruction [20]. Despite these advancements,
a common limitation is the accumulation of errors due to the
estimation of transformations between neighboring frames.
To address this issue, Luo et al. proposed a multi-modal on-
line self-supervised framework that uses IMU measurements
as weak labels for adaptive optimization, which significantly
reduces drift errors [21]. Although this framework showed
substantial improvements in reconstruction drift, the reported
results—translational and rotational errors of 10.24 mm
and 1.55°, respectively—remain insufficient, which severely
hinders their application in real clinical cases. In addition,
camera-based methods were also investigated. Sun et al
used cameras to estimate probe pose from a skin map, but
this approach suffers from accumulated errors, leading to
translation errors of up to 10 mm and rotation errors of 6°
after just 10 cm of probe movement along the abdomen [22].

This paper aims to propose a truly low-cost, robust, and
precise solution for freehand 3D US reconstruction. Instead
of relying on noisy US images for motion estimation, two
lightweight monocular cameras are mounted on the probe
(see Fig. 1 (b)) to capture distinct visual changes, enabling
accurate probe motion calculation. Unlike the approach
in [22], which uses skin maps from individual patients,
this study introduces a structured environment with multiple
colored circle and rectangle markers distributed around the
examined area to enhance tracking accuracy and stability.
To tackle the accumulated error for a long sweep, this study
directly computes the 6D pose based on the concatenated
camera images. The main contributions of this work are
summarized below:

1) The cross encoder decoder (CED) module is proposed
to effectively learn the relationship between camera
pose and camera observations in a structured envi-
ronment. Since direct pose regression requires a large
amount of data densely sampled in the 6D space to
ensure accuracy, we first replicate the same environ-
ment in a simulator, collecting 200K paired pose and
images pertaining to CED module.

2) The hybrid loss is proposed based on a cross-
reconstruction loss between paired poses and images,
and a triplet loss applied to three distinct poses. This
design encourages the pose encoder in the CED to
benefit from paired image inputs. The inclusion of the

triplet loss and cross reconstruction loss is critical,
as it helps to manage the inherent redundancy in
pose features within the latent space, promoting better
alignment between pose and image representations.
3) Inspired by feedback mechanisms from classical
control algorithms, the proposed PoseNet for real-
world applications adapts certain components from
the trained CED and integrates an additional MLP
module. This MLP takes the latent representation of
real-time camera images and the predicted 6D pose
as inputs to compute compensation values for the
initial pose predicted by the CED’s pose decoder.
This compensation step enhances the precision of the
final pose estimation, addressing nonideal factors like
imperfect camera calibration and bridging the gap
between simulation and real-world conditions.

The 3D reconstruction results obtained from experiments on
an arm phantom demonstrate that the proposed PoseNet per-
forms robustly in real-world scenarios. PoseNet significantly
outperforms existing methods in terms of prediction accuracy
(2.03 mm and 0.37° for transnational and rotational error),
especially during long scans, as it effectively eliminates
accumulated errors, a common issue in other approaches.
The code will be made public on this website.

II. PRELIMINARIES

This section details the setup. Two low-cost monocular
cameras are firmly mounted on the US probe to capture
visual changes during scanning. To minimize environmental
noise in real-world conditions, a structured environment
featuring a variety of basic shapes (circles and squares) is
created, providing consistent visual references for accurate
probe localization. The same setup is replicated in a simula-
tor to generate a larger dataset for training, facilitating more
robust and accurate model development.

A. Lightweight Monocular Camera Configuration

In this study, we utilize two affordable (€15 each) monoc-
ular cameras (2303U, China) mounted on the US probe
to perceive the structured environment for pose estimation.
To ensure a wide field of view (FoV) and capture enough
markers during scanning, two cameras are symmetrically
positioned on the US probe, both facing toward the scanning
direction. To further increase the vertical FoV, one of the
cameras is tilted downward at approximately 25°, as illus-
trated in Fig. 1 (b). Real-time images are streamed to the
main workstation via OpenCV at a rate of 30 frames per
second (fps). The original image resolution is 360 (Height)
X 640 (Width), with a horizontal FoV set to 80°. After
mounting the cameras on the probe, classical eye-in-hand
calibration was performed to get the transformation from the
camera frame to the robotic base frame in the real world.
These calibration results are used to configure the virtual
camera setting in the simulator.

B. Semi-Structured Environment with Visual Markers

The environment is constructed using six markers in three
distinct colors (red, green, and blue) and two basic shapes



(circle and square). Each square marker measures 6 cm
in length, while each circular marker has a diameter of 6
cm. The markers are arranged asymmetrically to prevent
ambiguity in pose estimation, as depicted in Fig. 1(a). As
depicted in Fig. 1(a), the scanning workspace is defined
as a rectangular cuboid, with dimensions of 180 mm (lon-
gitudinal) x 150 mm (lateral) x 40 mm (vertical). At
each positional configuration, the probe can rotate within
the following ranges: tilting £20° around its long axis,
swaying +20° around its short axis, and rotating +45°
around its centerline. In such space, 1.56 x 10'! images
can be obtained from corresponding grid points with 1 mm
translation accuracy and 1° in rotation accuracy. Collecting
such a large amount of data is unrealistic in real scenarios.

C. Data Acquisition

Given the impracticality of acquiring a large volume of
data in real-world scenarios, we developed a simulation
environment using CoppeliaSim', also known as V-REP [23].
The simulation setup mirrors the real-world configuration,
including the placement of two monocular cameras on the
US probe, along with their internal parameters, ensuring con-
sistency between the real and virtual environments. To have
the same pose description in real scenarios and simulations,
a global reference frame is determined based on the layout
of markers, for example, the overall center point of all six
markers. In the real world, to transfer the pose description
from the robotic base frame to this selected world coordinate
system, we need to move the robotic arm (Franka Emika
Panda, Franka GmbH) to position the US probe physically
to its coordinate origin.

1) Data Acquisition in Simulation: Even in simulation,
collecting 1.56 x 10'! pairs of probe poses and camera
images is impractical. Additionally, due to camera calibration
errors and the sim-to-real gap, densely sampling all images
is unnecessary. In this study, we uniformly sampled 2 x 10°
pairs of probe poses and corresponding camera images from
the simulation. Despite covering a wide range of poses,
this sample set remains relatively sparse considering the
possible combinations, which will not lead to overfitting
the PoseNet in the given environment. The images captured
from the two cameras are concatenated into a single image
with a resolution of 720x640 pixels. This combined image
is then resized to 512x512 pixels, and its intensity values
are normalized to a range between zero and one. The
corresponding probe poses are directly retrieved from the
simulation environment. The dataset is randomly split into
training, validation, and testing sets with an 8:1:1 ratio,
ensuring balanced and effective model evaluation.

2) Data Acquisition in Real World: In the real world, a
linear US probe (12L3, ACUSON Juniper, SIEMENS AG)
with a dual camera is mounted to the end-effector of a robotic
arm (Franka Emika Panda, Franka GmbH) to scan a human-
like arm phantom (BPA304, Blue Phantom GmbH) and the
US images are captured via a frame grabber (MAGEWELL).
The US images is also streamed in the rate of 30 fps. It is
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worth noting that the US images are not used to predict the
probe pose in this study. The recorded US images are only
used to show a reconstructed 3D volume.

To fine-tune the pre-trained model using real-world data,
we collect paired camera images and probe poses. The
images captured from the two cameras are processed in
the same manner as in the simulation, ensuring consistency.
The probe pose, measured through robotic kinematics, is
mapped to the same world coordinate system used in the
simulation, based on the layout of the markers, allowing for
seamless integration between the simulated and real-world
data. The arm phantom is randomly placed on the table,
and we recorded 95 linear trajectories on the phantom. The
similarities of these trajectories are computed and ranked. We
selected the top 50 dissimilar trajectories and randomly split
them into training, validation, and testing sets with numbers
of 25 (4.4k tracked images), 10 (1.6k tracked images), and
15 (2.4k tracked images) trajectories, respectively.

III. PROBE POSE LOCALIZATION NETWORK

This section outlines the details of the proposed networks
in both simulation and real-world scenarios. The overall
architecture is shown in Fig. 2. The Cross Encoder-Decoder
(CED) is primarily trained on simulation data, while PoseNet
incorporates the pre-trained components from CED and un-
dergoes fine-tuning using data collected in real-world settings
for enhanced accuracy. The code will be made public on this
website.

A. Probe Pose Estimation in Simulation

To accurately predict the probe pose from camera images,
it is essential to link the pose features and camera image
features within a shared latent space. To achieve this, we
propose a Cross Encoder-Decoder (CED) network, which not
only predicts the pose based on camera image features but
can also work in reverse, predicting the camera image from
the pose information. This bidirectional capability ensures a
robust relationship between the pose and image features for
more accurate predictions. As shown in Fig. 2 (a), CDE con-
sists of image Encoder & Decoder that follows the ResNet
18 structure, and pose Encoder & Decoder constructed by
MLP layers. The core concept is to align the pose latent
features with the image latent features, enabling the CED
network to effectively perceive the structured environment.
To facilitate this alignment, the encoded features must have
pathways to exchange information, which influences the
encoder parameters. The CED module provides four such
cross-information exchange routes: (1) input pose to output
reconstructed pose, (2) input image to output reconstructed
image, (3) input pose to output reconstructed image, and (4)
input image to output reconstructed pose. During inference,
the fourth route is utilized for pose estimation, ensuring that
image features directly infer accurate pose predictions.

To train the CDE modules, several losses are considered.
Firstly, the pose and image should be correctly decoded from
their own encoded features, and also from the other features,
thus we have the reconstructed loss (MSE loss) as follows:

Erec — ,_Y(E’;"EC _|_ EE’I”EC) + (‘C;")EC _|_ E;’I"ec) (1)



— Image reconstruction Cross Image reconstruction

— Pose reconstruction — Cross Pose reconstruction

Estimation adjustment

=== MSE Loss

Image latent feature

Pose latent feature

Pose Enc. Pose Dec.  Rec.pose

I—f MLP

Probe pose

> Cam image

—» MLP

LY

\

—»
Cross Rec.

Cross Rec.

~L

Rec. image

—|ResNet 18 —|ResNet 18

Rec. image

|
|
1
|
I
I
1
I
I
1
1
I
1
. 1
Cam image 1
'

Image Enc. Image Dec.
(a) Cross Encoder Decoder architecture

Fig. 2.

Image Enc.

ResNet 18

Dﬂ* ResNet 18

Image Dec.

Pose Dec. Pose Enc.

.‘PL M ap P
T e ]

P: Coarse Predicted Pose
B: Refined Predicted Pose
AP: Predicted Pose Adjustment

(b) PoseNet architecture

Structure of the proposed (a) Cross Encoder Decoder (CED) module, and (b) the PoseNet. The CED is trained using simulated data. PoseNet

integrates select components from the trained CED along with an additional MLP module to predict the probe pose based on input from two camera

images in the real world.

where v = 2 is used in this study to assign a relatively higher
priority to the image reconstruction task, as the encoded
feature of the pose is theoretically redundant and, therefore,
is more flexible to be reconstructed.

To make the encoded feature more spatially related, we
induce a triplet loss to the encoded pose feature to enforce
the CED modules to learn a latent feature that takes the
distance of the poses into account. In other words, triplet loss
is used to enforce smaller differences in latent features be-
tween nearby poses compared to distant ones. This auxiliary
learning task helps CED understand the underlying spatial
physics, which will help properly encode the unseen poses.

Lir; = max(&d(fp(Pa), fp(P;D))_
d(fp(Pa)a fp(Pn)) + Bd(Pav Pn))

where d(-, -) dentoes the norm-2 distance of the inputs, f,(-)
stands for the pose Encoder, and (P,, P,, P,,) are the input
samples that constructed based on the norm-2 distance. 8 =
0.1 to modulate the marginal settings. The most important
part of the loss is:

»Clatent - (]- - Q)Hfl(-[) - s.g(fp(P))||2
+allsg(fi(1)) = fo(P)I
where sg(-), fi(-), I, P denotes stop gradient, image En-
coder, image, and pose, respectively. o = 0.3 is to encourage
the image feature to be closer to the pose embedding, thus
integrating more spatial information.
The overall training loss is formulated as follows:

L= Erec + Etri + O—‘Clatent (4)

2
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where 0 = 2.0 to put more weight on the latent feature
alignment.

B. Probe Pose Estimation in Real World

To address the inevitable sim-to-real gaps, we propose that
PoseNet utilizes selected trained components from the CED,
combined with an additional MLP module. This module
takes the latent representations of real-time camera images
and the initially predicted 6D pose as inputs, computing
compensation values to refine the predicted pose, resulting

in more precise estimation outcomes. This design is inspired
by the classical feedback control. Then, the PoseNet is fine-
tuned using the pairs of probe pose and camera readings in
the real setting. The finetuning loss is designed as follows:

L=nL+||P—P|? (5)

where n = 0.1 is here to balance the importance of pose
regression; P = P+ AP is the final prediction results,
P = g,(fi(I)) is the inference of the CED module, AP =
MLP(fi(I), f,(P)), g,(-) denotes the pose decoder. With
such loss, PoseNet will adjust the image encoder to align
with visual perception from the real world; the MLP layer
that receives the encoded feature from the image encoder and
pose encoder is in charge of adapting to adjust the prediction
results from the pre-trained CED modules.

C. Training Details

The proposed networks were trained on a workstation
with an NVIDIA GeForce RTX 4070 GPU and an Intel i7-
13700KF CPU, using the Adam optimizer and a CosineAn-
nealingL.R scheduler. For the CED module, the training was
conducted over 100 epochs with a batch size of 16, and the
learning rate ranged from a maximum of 5e-4 to a minimum
of le-5. For PoseNet, training was performed over 40 epochs
with the same batch size and learning rate range. Initially, the
encoders and decoders were frozen for the first five epochs
to allow the MLP layer to warm up, after which the entire
network was fine-tuned for the remaining epochs.

IV. EXPERIMENTAL RESULTS

This section presents the quantitative results of the pro-
posed methods in both simulation and real-world scenarios,
alongside a comparison with recent US image-based deep
learning techniques and classical ArUco marker-based meth-
ods. The reconstruction outcomes are visualized by stacking
US images in 3D space based on the computed probe poses,
demonstrating performance on a human-like arm phantom.

A. Performance on Simulation Data

In order to use the network to predict the probe pose
based on the two lightweight camera observations, we first



TABLE I
RESULTS ON SIMULATION DATA

Methods Translation Error (mm)  Orientation Error (deg)
ResNet-MLP 1.57+1.21 0.52+0.32
ResNet-MLP w. Att. 1.604+1.21 (2%71) 0.4740.28 (9%)
CED 1.35£1.22 (14%]) 0.26£0.25 (50%.)
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Fig. 3. Sensitivity analysis of the translation and orientation motions.

train the cross-encoder-decoder module using 200K pairs of
pose and camera images. It is noted that the camera-based
method is good for orientation estimation while less sensitive
to the change in translations. To investigate this, we sampled
80 images by randomly maneuvering the probe in each
translation direction and rotational direction, respectively.
The translational and rotational step interval is 3 mm and
1.5°. To demonstrate whether the visual observation from
cameras is sensitive to pose variation in each degree of
freedom, we compute the dice score [24] between every two
consecutive camera images. The result is depicted in Fig. 3.
The figure shows that the Dice score for all three trans-
lation directions remains relatively stable, indicating that
visual observations are less sensitive to translation, leading to
relatively larger errors in translation estimation. In contrast,
the Dice score for rotational directions fluctuates significantly
(ranging from 0.7 to 0.9), suggesting that even small rotations
cause substantial changes in camera images. This indicates
that the model is more sensitive to rotational changes than to
translational ones. This phenomenon presents a challenge for
learning accurate translation regression. To improve overall
pose estimation, a deep network is required to effectively
encode images and capture subtle changes in translation.
Based on the findings, we adopt the ResNetl8 struc-
ture [25] instead of a conventional CNN layer to extract deep
features from camera observations. Furthermore, to demon-
strate the effectiveness of the hybrid loss in the proposed
cross encoder-decoder (CED) module [see Fig. 2 (a)], we as-
sess pose estimation performance using simulation data. For
comparison, the "ResNet-MLP” model is used as a baseline,
where camera images are fed into ResNetl8, and the pose
is predicted via an MLP with three fully connected layers,
mapping latent features to dimensions of 1024, 256, and 6,
respectively. Besides, to further refine the spatial feature for
pose estimation, we integrated a spatial attention module [26]
in ResNet for comparison, which is termed as "ResNet-MLP
w. Att” in this study. The results of 2000 random samples in
the simulation are summarized in Table I. The proposed CED
significantly outperforms other methods, reducing translation
and orientation errors by 14% and 50%, respectively. This

improvement is due to CED’s ability to force the network
to learn the implicit relationship between the pose and the
perceived image. Additionally, the attention mechanism did
not yield better results, probably because the input camera
images are binary, making it difficult for attention to further
refine the active regions for pose prediction.

B. Performance in Real-World Setting

To evaluate the performance of the PoseNet in real-world
applications, we fine-tune the network using 4.4k tracked
images with paired poses. The statistical results for each
axis and the overall errors are presented in Table II. The
ArUco markers were placed on the table to ensure they
remained within FoV of the left camera during each scan.
We can see that the performance improves with larger ArUco
markers. However, the ArUco method exhibits the largest
maximum drifts (48.87 mm for the small marker and 38.99
mm for the large marker), indicating poor performance. This
significant deviation may be attributed to non-perfect internal
and external camera calibration. Additionally, lighting con-
ditions and large angles between the camera and the ArUco
marker likely reduce performance as well. However, all these
dependencies indicate that the ArUco-based method is hard
to apply in clinical practice. In order to provide an overview
of the results of the methods that predict the relative poses. In
table II, we listed some representative works’ results reported
in the corresponding cited papers to ensure a relatively fair
comparison. Due to the accumulated error nature and large
maximum drifts (7.65 mm to 48.87 mm), even in their
own applications, such methods are not good enough for
practical usage. In contrast, the proposed methods deliver
accurate predictions for each axis, especially for orienta-
tion accuracy. However, the estimation of y-axis translation
exhibits a relatively large deviation (1.62 mm in Table II),
which corresponds to the lateral direction of the scan. This
inaccuracy can account for the bias of the fine-tuning dataset,
which lacks sufficient samples that move along the y-axis.

Fig. 4 provides a detailed example of the trajectory pre-
diction results. In plots (a) and (b), the predicted trajecto-
ries from the ArUco method exhibit significant fluctuations
around the ground truth for both translation and orientation,
which prevents the reconstruction of a plausible 3D volume
of the target vessel [mean errors of 20 mm and 18 mm for
ArUco small and ArUco large respectively]. The violin plots
also indicate high standard deviations. Although the proposed
method demonstrates significantly lower prediction errors,
we can still see noises around the predicted trajectories. The
noise in the prediction results can be attributed to variations
in lighting, which affect the segmentation of the marker
borders in the real-world environment. Considering the fact
that the movement of the probe is continuous, a smoothing
filter with a kernel size of 5 is applied on the predicted
trajectories by PoseNet. The violin plots on the right-hand
side of Fig. 4 show that after smoothing, the mean errors for
both translation and orientation are reduced. Nonetheless, by
smoothing the predicted trajectory, we reconstruct a plausible
3D volume of the target vessel [see bottom right of Fig. 4],
demonstrating the practicality of the proposed method.
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Fig. 4. A detailed performance comparison in real-world scenarios. The Left and Middle plots display the translation and orientation predictions for each
axis. The Upper Right shows violin plots of the prediction results, while the Bottom Right overlays the 3D reconstruction of PoseNet’s filtered prediction
trajectory with the ground truth. The 3D reconstruction process was performed offline using ImFusion Suite (ImFusion GmbH, Munich, Germany).

TABLE I
PERFORMANCE COMPARISON WITH OTHER METHODS IN REAL APPLICATION

Average Absolute Translation Errors (mm)

\ Average Absolute Orientation Errors (°)

Methods

te ty tz tall Maximum Drift ‘ 0 0y 6. Oanl
CNN-OF [17]* 1.58 2.86 1.47 - 7.65 1.37 0.84 0.98 -
DCL-Net [18]* - - - 10.33 27.03 - - - -
MoNet [21]* - - - - 10.24 - - - 1.55
RecON [27]* - - - - 18.69 - - - 2.26
ArUco smallf 10.01 11.56 16.27 25.17 48.87 1.64 1.06 1.31 2.68
ArUco larget 4.38 577 12.59 16.21 38.99 0.76 1.54 0.58 1.93
Proposed method 0.56 1.62 0.72 2.03 5.89 0.17 0.14 0.24 0.37

*: The numbers were reported in the original references.

. The ArUco method is sensitive to experimental conditions, and the results shown are from a random trial.

V. DISCUSSION

In this study, we proposed a low-cost, versatile probe
localization method for freehand 3D US imaging using
two lightweight cameras. Compared with US image-based
solutions that are prone to accumulate relative pose errors,
the proposed method focuses on global pose estimation. This
can significantly improve reconstruction accuracy overall,
particularly for long sweeps. While using ArUco markers
can offer global estimations, these approaches suffer from
accumulated calibration errors due to the kinematic chain
required to compute the final US probe pose. Moreover, fac-
tors such as lighting conditions, distance, and marker quality
can hinder the accuracy and stability of ArUco detection.
In this regard, the proposed method is more adaptable to
calibration inaccuracies in both the camera’s internal and
external parameters.

In addition to the significant improvements in accuracy
and stability, there are some limitations to consider. First,
for optimal results in real-world scenarios, accurate marker
segmentation is essential. In this study, markers were ex-
tracted from the background using an HSV threshold. How-
ever, future work could explore training a more reliable
segmentation network, such as U-Net [28], to detect these
structural markers with greater precision. The asynchrony in
camera streaming can also result in reduced performance.
Additionally, as discussed in Section IV-A, camera-based
methods typically suffer from low resolution in translation.
While our use of ResNet as an encoder and a reconstruction

task mitigates this problem, it does not fully resolve the
inherent limitations in translational accuracy. To tackle this
problem further in the future, there are several ways to im-
prove translation accuracy, such as replacing the 2D markers
with 3D markers to provide more feature information and
using a mask autoencoder to complete the occluded markers.

VI. CONCLUSION

This work presents a low-cost, robust, and precise solution
for freehand 3D US reconstruction based on two lightweight
cameras. In order to have an effective encoder to extract
the distinct visual difference from camera observation, the
CED module was trained using 200K simulated pairs of 6D
probe pose and camera images. Then, the proposed PoseNet
integrates selected components from the trained CED along
with an additional MLP module that was fine-tuned based
on the data obtained in real scenarios. The experimental
results demonstrate that PoseNet can significantly outperform
existing methods in terms of prediction accuracy (2.03 mm
and 0.37° for transnational and rotational error), as it effec-
tively eliminates accumulated errors. Overall, the proposed
method offers a promising solution for freehand 3D US
reconstruction and holds potential for integration with US
image-based methods, which could further enhance perfor-
mance and accuracy in clinical applications. Future studies
will need to address practical challenges in US scanning
further, such as motion-aware [29], [30] and force-induced
deformation-aware [31], [32] 3D US imaging systems.
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