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Abstract. The quality of ultrasound images strongly depends on the op-
erator’s experience and expertise. To mitigate this operator dependence,
recent studies have investigated methods to support sonographer train-
ing, skill assessment, and probe guidance systems. These applications
require accurate and robust estimation of the 6D ultrasound probe pose
during freehand scanning. In this study, we propose a real-time 6D ultra-
sound probe pose tracking framework using a single RGB-D camera. This
framework is designed to operate under real-world scanning conditions,
where hand-induced occlusion and dynamic motion frequently occur. The
proposed framework consists of two stages: probe keypoint detection and
keypoint-guided pose estimation. The probe keypoint detection is intro-
duced to enhance tracking robustness even under hand occlusion and
rapid motion. Guided by the detected keypoints, the pose estimation
finally determines the 6D pose of the probe. Furthermore, we develop
an automated self-training strategy which significantly reduces manual
annotation effort utilizing a pose estimation foundation model. As a re-
sult, the proposed framework achieves state-of-the-art pose accuracy and
tracking robustness simultaneously compared to existing methods, while
maintaining real-time performance above 25 fps.

Keywords: Ultrasound probe pose estimation - Real-time ultrasound
probe pose tracking - Probe localization

1 Introduction

Ultrasound imaging is widely used due to its real-time capability, cost-effectiveness,
and non-invasive nature. However, the ultrasound scanning process is highly de-
pendent on operator, requiring substantial training to ensure diagnostic-quality
imaging. Consequently, recent studies have explored sonographer training, skill
assessment, and probe guidance systems to mitigate the operator dependence
and improve scan quality [26].

Accurate 6D pose estimation of the ultrasound probe is fundamental to these
systems. Traditional approaches rely on external devices such as electromagnetic
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(EM), optical, or inertial measurement unit (IMU)-based tracking systems [2,
11,13, 16, 15]. Although these devices provide high accuracy, they increase sys-
tem cost and hardware complexity and limit clinical usability. Therefore, there
remains a need for trackerless and markerless approaches to improve usability
and enable unconstrained freehand scanning.

Object 6D pose estimation has been extensively studied in generic object
settings [5,7,10,21-23]. Notably, pose estimation foundation models such as
FoundationPose [23] demonstrates that real-time pose tracking of a novel ob-
ject can be achieved using only appearance cues. However, in ultrasound probe
scanning scenarios, additional challenges arise due to frequent hand occlusion
and dynamic motion, which cause tracking instability and limit the direct use of
existing methods. Although recent studies have investigated probe pose estima-
tion in hand-object interaction scenarios [1], the validation has been confined to
controlled settings, with limited evaluation under real-world conditions.

In this paper, we propose a real-time 6D ultrasound probe pose tracking
framework, UPTrack (Ultrasound Probe Tracking), using a single RGB-D cam-
era. Our markerless and trackerless approach is specifically designed to handle
realistic scanning scenarios involving severe hand occlusion and dynamic motion.
The framework leverages a pose estimation foundation model integrated with
novel keypoint-based guidance to enhance tracking robustness. Furthermore, we
introduce an automated training pipeline for the keypoint detection network, en-
abling self-training without manual annotation. As a result, the proposed frame-
work achieves state-of-the-art tracking accuracy and robustness while maintain-
ing real-time performance.

Our contributions can be summarized as follows:

— A real-time 6D ultrasound probe pose tracking framework for freehand scan-
ning using a single RGB-D camera

— A novel keypoint-guided tracking architecture that achieves robust perfor-
mance under hand occlusion and dynamic probe motion

— An automated self-training pipeline for probe keypoint detection that sig-
nificantly reduces manual annotation effort

— Comprehensive validation demonstrating state-of-the-art accuracy and real-
time stability under realistic freehand scanning conditions

2 Methods

UPTrack, the proposed framework, performs real-time tracking of the 6D ul-
trasound probe pose from an RGB-D input sequence as shown in Fig. 1. The
tracking pipeline consists of two processes: Initial Frame Pose Registration which
estimates the initial pose by selecting the pose candidate that best explains
the observed frame among multiple hypotheses, and Next Frame Pose Tracking
which updates the current pose by comparing the rendered frame from the pre-
vious pose with the observed frame. Both processes share two core stages: Probe
Keypoint Detection (Section 2.1) and Keypoint-Guided Probe Pose Estimation
(Section 2.2).
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Fig. 1. Overview of the real-time 6D ultrasound probe pose tracking framework.

2.1 Probe Keypoint Detection

A Probe Keypoint Net (PK-Net) is designed to predict a predefined set of land-
marks on the ultrasound probe from a single RGB image. The five landmarks
are selected from regions with distinctive structural and textural features to en-
sure stable detection. Specifically, they include: (1,2) the two side endpoints of
the transducer, (3) the center of the transducer, (4) the top-center of the probe
body, and (5) the tail of the probe.

PK-Net is designed as a lightweight architecture consisting of a ResNeXt-
based encoder [25] and a deconvolutional decoder [24]. This design enables real-
time performance within the overall framework. The network outputs five prob-
ability heatmaps corresponding to predefined probe keypoints, from which 2D
keypoint locations are obtained via peak extraction during inference. During
training, instead of directly regressing keypoint coordinates, PK-Net is super-
vised to predict a probability heatmap for each keypoint. Each heatmap is gen-
erated as a 2D Gaussian centered at the annotated keypoint location. This su-
pervision mitigates label noise and stabilizes learning, particularly for occluded
keypoints whose precise locations are difficult to annotate.

To reduce computational cost, keypoint detection is performed only within a
region of interest (ROI) around the hand holding the probe. This strategy avoids
unnecessary background computation and stabilizes probe keypoint prediction.
The ROI is determined using a pretrained hand detection model [27].
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Fig. 2. Overview of the automated self-training strategy for PK-Net.

Automated Self-Training Strategy To achieve robust performance across
diverse operators and probe grasping styles, training PK-Net on large-scale data
collected under varied conditions is essential. However, manual annotation of
dataset of this scale requires substantial effort. To address this challenge, we
propose an automated training pipeline as illustrated in Fig. 2.

With this training strategy, PK-Net progressively improves its robustness to
occlusion via self-training without manual annotation. We utilize a Pose Regis-
tration Module composed of the pretrained Pose Refinement Network (PR-Net)
and Pose Selection Network (PS-Net) from FoundationPose [23]. This module
selects and outputs the pose that best matches the current frame among N pose
hypotheses. As the probe is a rigid object, keypoint pseudo labels can be auto-
matically generated from the estimated pose based on its geometric dimensions.

However, without a sufficiently trained PK-Net, the Pose Registration Mod-
ule is vulnerable to occlusion. Therefore, we adopt a data scheduler that struc-
tures the training data from minimally occluded samples to increasingly occluded
samples as PK-Net learns. Furthermore, a refinement step is applied before they
are fed to PK-Net for training since incorrect pose estimation can generate noisy
pseudo labels. Samples are filtered out if the average pixel L2 distance between
pseudo keypoints and PK-Net predictions exceeds a threshold, which is set to
infinity for the first 10 epochs and limited to 6 pixels from epochs 10 to 25.

2.2 Keypoint-Guided Probe Pose Estimation

In this stage, the final 6D pose of the ultrasound probe is determined based on
the keypoints obtained from the PK-Net. For a given RGB-D video sequence,
the first frame undergoes Initial Frame Pose Registration, while all subsequent
frames are sequentially processed via Next Frame Pose Tracking.

In Initial Frame Pose Registration, pose prediction is performed using keypoint-
based guidance together with PR-Net and PS-Net. In Next Frame Pose Tracking,
keypoint-based guidance and PR-Net are used to perform pose updates.
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Keypoint-Based Guidance After probe keypoint detection, the 2D coordi-
nates of the five predefined keypoints are obtained. The 2D probe center (ug, vo)
is approximated as the midpoint between the transducer center keypoint and the
probe tail keypoint. The probe depth is estimated from the detected keypoints
and the corresponding depth map captured by the RGB-D camera.

Given the 2D pixel coordinates (u,v) and the corresponding depth value
d, the 3D coordinates of each keypoint in the camera coordinate system are
computed as:

Xegm =dK ', @=[uvl], (1)
where Xiom = [z, y,z}T denotes the 3D coordinates in the camera coordinate
system, and K is the camera intrinsic matrix. Using (ug,vo) and Eq. (1), an
estimated translation of the 3D probe center T/ = [2/,y', 2] T is obtained. This
is used to guide the translation component of the 6D pose P = [R | T], where
R € SO(3) denotes rotation and T € R? denotes translation.

Initial Frame Pose Registration Through keypoint-based guidance, a coarse
translation of the probe in the initial frame is obtained as T} = [2}, v}, 2}] .
Subsequently, N rotation hypotheses are generated, producing multiple pose can-
didates. Specifically, we sampled 42 viewpoints on a sphere using an icosphere-
based sampling and applied 6 in-plane rotations per viewpoint, yielding N = 252
pose hypotheses. For each pose candidate, a rendered RGB-D result is obtained.

PR-Net takes two inputs: the rendered RGB-D frame corresponding to a pose
hypothesis and the actual RGB-D frame. It predicts the relative pose offsets,
AR and AT, required to better align the rendered object with the observed
appearance in the captured real RGB-D frame. By updating each pose hypothesis
with the predicted pose offset, all pose candidates are refined toward the true
pose. Given the relative pose offsets AR and AT predicted by PR-Net, the pose
is updated as

Rnew = ARRolda Tnew = Told + AT. (2)

After PR-Net refines the pose candidates, PS-Net takes the rendered RGB-D
image of each refined candidate and the actual RGB-D frame as input. It outputs
the scores indicating how well each candidate explains the observed appearance,
and the highest-scoring candidate is selected as the final pose.

Next Frame Pose Tracking In the Next Frame Pose Tracking process, the
pose from the previous frame P;_; = [R;_; | T¢_1] is updated to obtain the
current pose Py = [R; | T¢]. This process consists of two sequential updates:
first through keypoint-based guidance and second through PR-Net.
First, the keypoint-based guided translation T/ = [z/,%/, 2/] T estimated from
the detected keypoints replaces the translation component of P;_ 1, yielding
'—1 = [Ri—1 | T’]. Second, a rendered RGB-D frame based on P}_; and the
captured RGB-D frame at time ¢ are fed into PR-Net. PR-Net predicts AR and
AT, and the pose is updated according to Eq. (2) to obtain Py.
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Table 1. Keypoint localization accuracy of the proposed PK-Net.

Keypoint Mean L2 PCK PCK PCK
[px] @2px Q@4px @8px

Transducer Sides 2.251 0.458 0.857 0.998
Transducer Center 1.954 0.511 0.918 1.000
Probe Top-Center 1.782 0.546 0.953 1.000
Probe Tail 4.973 0.145 0.413 0.829
Total 2.698 0.425 0.786 0.959

3 Experiments

To validate the proposed framework under real-world scanning conditions, we
conducted three experiments: (1) keypoint detection accuracy, (2) pose tracking
accuracy, and (3) pose estimation robustness through an ablation study.

Data were acquired using an Intel RealSense D455 camera [4,18,19] at a
resolution of 1280x 720 for RGB-D capture and GE Linear Probe L3-12. Ground
truth poses were acquired using an NDI Polaris Vega optical tracker [9, 14, 8, 6],
which provides sub-millimeter volumetric accuracy (IQR < 0.1 mm) [3]. All
experiments were performed on a system with an NVIDIA RTX 4090 GPU.

Probe scanning was conducted at distances of 0.5-1.5 m from the RGB-D
camera. This range was chosen considering the depth reliability of the RealSense
D455 and realistic clinical scanning environments.

For quantitative pose evaluation, the optical tracker marker was attached to
the probe via a long, thin, and rigid 3D-printed bridge structure. This setup pre-
vented the marker from interfering with natural probe grasping and minimized
its influence on vision-based inference. For the qualitative results in Fig. 3, we
used a marker-free setup to demonstrate pose inference under practical real-
world conditions without markers.

3.1 Keypoint Detection Accuracy

We evaluated the proposed PK-Net by comparing the predicted 2D keypoint
locations with ground truth. Localization accuracy was measured using mean
L2 error (in pixel, px) and Percentage of Correct Keypoints (PCK).

Table 1 provides the results. The network achieved an overall mean L2 error of
2.698 pixels. For the transducer side keypoints, symmetry was considered during
evaluation. The probe tail showed larger error due to frequent hand occlusion.

3.2 Pose Tracking Accuracy

We evaluated the 6D probe pose tracking accuracy on 35 RGB-D test videos
using Absolute Trajectory Error (ATE) and Relative Pose Error (RPE) |20,
12]. The test videos were captured under unconstrained freehand scanning by
multiple subjects. To exclude sequences in which all methods completely fail
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Table 2. Quantitative evaluation of the proposed framework, including comparisons
with existing 6D pose estimation methods in probe pose accuracy (ATE/RPE: t =
translation [mml|, » = rotation [°]) and runtime performance (FPS). Runtime denotes
end-to-end pose tracking speed, excluding GUI rendering overhead.

. ATE; ATE; RPE: RPE; RPE, RPE.
Occlusion FPS?
Mask mae| rmse] mae| rmse] mae| rmse]

Any6D SAM2 No-occ 27.72 30.42 24.38 51.14 63.47 88.63 <1
Hand-occ | 41.23 46.02 40.62 32.00 77.20 93.20

SAM6D SAM? No-occ 1099 17.40 12.58 23.82 9.16 15.02 13.70

Hand-occ | 34.50 50.00 35.09 60.41 18.00 25.54

BundleSDF| SAM2 No-occ 2.42 2.67 1.86 2.11 3.17 3.62 13.33
Hand-occ | 17.46 19.11  7.59 8.35 6.41 7.13

Not No-occ 2.17 2.44 1.77 2.01 2.73 3.09
Ours . 25.62
required | Hand-occ | 13.04 15.00 7.50 8.31 4.95 5.58

Method | S8

tracking, severe occlusion and rapid motion were not included. For methods
that use segmentation masks, probe masks were generated using SAM2 [17].

Table 2 shows quantitative tracking accuracy results and presents a compar-
ative study against representative pose estimation models [7, 10, 22]. Overall, the
proposed framework achieved the highest tracking accuracy and FPS among the
compared methods, while operating without requiring a precomputed segmen-
tation mask.

3.3 Ablation Study on Pose Estimation Robustness

We conducted an ablation study on the proposed keypoint-based guidance using
PK-Net to analyze its contribution to tracking robustness. Robustness is evalu-
ated separately for initial frame pose registration and next frame pose tracking.
The evaluation is performed on RGB-D videos and quantified by the success
rate, defined as the absence of pose registration failure or pose tracking failure
within each sequence. A total of 110 test videos were collected from multiple
subjects under diverse real-world environments, including severe hand occlusion
and dynamic motion. The subjects were instructed to grasp the probe in the
manner typically used by sonographers during freehand scanning. Tracking fail-
ure is defined with respect to optical ground truth, and a frame is considered
failed if the translation error exceeds 20 mm or the rotation error exceeds 20°.

Initial Frame Pose Registration As shown in Fig. 3 (Top), the pose estima-
tion success rate on the first frame of each test video is evaluated. Under severe
hand occlusion, the baseline achieves a success rate of 54%, whereas the proposed
framework achieves 91%. The segmentation-based baseline more frequently fails
to estimate probe translation, leading to registration errors. In contrast, the pro-
posed keypoint-guided approach successfully localizes probe keypoints, including
those in occluded regions, resulting in more robust pose registration.
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Fig. 3. (Top) Pose Registration Robustness: qualitative results and pose estimation
success rate comparison. (Bottom) Pose Tracking Robustness: qualitative results and
tracking success rate comparison under varying motion speeds.

Next Frame Pose Tracking Tracking robustness is presented in Fig. 3 (Bot-
tom). A sequence is considered strictly successful (O) if no tracking failure occurs
throughout the sequence. Under the relaxed criterion (A), a sequence is also con-
sidered successful provided that tracking failures do not occur for three or more
consecutive frames.

Furthermore, to evaluate robustness under dynamic motion, frame dropping
is applied to emulate fast scanning motion, where 0 drop denotes the original
video and 14 drops correspond to x2—x5 motion speeds, respectively. The base-
line achieves 25% robustness on the original videos and fails on all sequences at
x4 speed. In contrast, the proposed framework achieves 93% robustness (O)
and 96% robustness (O+A) on the original videos, and maintains stable track-
ing even at x5 motion speed, achieving 57% (O) and 93% (O+A). Additionally,

Y Start Point
O  End Point
== Baseline
== Ours

== Ground Truth

Fig. 4. Trajectory comparison of the proposed method and baseline, with red arrows
indicating baseline tracking failure points.
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Fig. 4 visualizes representative trajectory comparisons between the baseline and
the proposed method, where the baseline fails to maintain tracking while the
proposed method remains stable.

4 Conclusion

We propose UPTrack, a real-time 6D ultrasound probe pose tracking frame-
work for freehand scanning using a single RGB-D camera, eliminating the need
for markers or external tracking devices. By integrating probe keypoint detec-
tion with keypoint-guided pose estimation, the framework achieves robust per-
formance under hand occlusion and dynamic probe motion. Additionally, by
leveraging a pose estimation foundation model with automated self-training, it
enables adaptation with minimal annotation effort. Experiments demonstrate
state-of-the-art accuracy and tracking robustness compared to existing pose es-
timation methods. The proposed framework can be further extended to down-
stream applications, such as sonographer training, skill assessment, and probe
guidance systems, for validation in practical clinical scenarios.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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