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Abstract— Tracking moving anatomical targets with robotic
ultrasound is particularly challenging when the target motion is
both fast and large in scale, as the end-to-end latency of existing
systems prevents the perception—control loop from closing fast
enough. In this paper, we argue that overcoming this limitation
calls for the joint design of perception and control, rather
than optimizing each in isolation. We present a tightly-coupled
framework with two main components: (1) a Decoupled Dual-
Stream Perception Network that estimates 3D translational
state from 2D ultrasound images at high frequency, and (2) a
Single-Step Flow Policy that outputs an entire action sequence
in one forward pass, removing the need for iterative rollouts
used in conventional policies. Together, the two modules enable
closed-loop control at over 60 Hz. In phantom experiments
with complex 3D trajectories, the system achieves a mean
tracking error below 6.5 mm and re-acquires the target after
resultant displacements exceeding 170 mm. It tracks targets
moving at speeds up to 102 mm/s with a terminal error under
1.7 mm. In-vivo trials on a human volunteer further confirm
that the approach transfers to realistic clinical conditions. To
our knowledge, this is the first RUSS framework to unify
high-bandwidth dynamic tracking with large-scale repositioning
within a single architecture, offering a concrete step toward
autonomous ultrasound operation in the presence of patient
motion.

I. INTRODUCTION

Robotic Ultrasound Systems (RUSS) have attracted grow-
ing interest for their potential to assist in medical diagnostics
and image-guided interventions [1], [2]. In clinical practice,
a central requirement is to maintain a stable ultrasound view
of the target anatomy while the patient moves—whether
due to respiration, involuntary body shifts, or postural ad-
justments—so that the clinician can safely carry out tasks
such as needle insertion or catheter drainage. As shown in
Fig. 1, this amounts to continuously adjusting the robotic
probe so that the live image stays aligned with a reference
view previously selected by the operating physician. Despite
its practical importance, achieving this alignment in real time
remains difficult, largely because existing systems cannot
process visual feedback and generate motor commands fast
enough to keep pace with rapid physiological motion.
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Fig. 1: Overview of the proposed high-frequency visual
servoing. (a) Challenge: maintaining the ultrasound view
under significant and unpredictable disturbances. (b) Control
objective: aligning the live video stream with the target image
using robotic manipulation. (c) Outcome: rapid reduction of
positional errors (X, y) and maximization of image similarity,
quantified by normalized cross-correlation (NCC).

Current approaches to this problem each face limitations
when applied to continuous, high-frequency tracking. Event-
driven strategies [3] react only after discrete triggers and are
too slow for sustained motion compensation. Model-driven
visual servoing methods [4], [5] rely on hand-crafted image
features and typically require many update steps to converge.
More recent learning-based methods, including Diffusion
Policy [6], show promise but are constrained by their iterative
denoising procedure, which limits control frequency to well
below the 60 Hz frame rate of standard medical ultra-
sound hardware. A control loop that cannot consume every
incoming frame inevitably discards information, placing a
hard ceiling on tracking performance. What is currently
lacking is a framework in which both the perception and
control modules are designed together to operate at the full
sensor rate.

In this work we present such a framework, where percep-
tion and control are tightly coupled and jointly optimized for
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perception module feeding it cannot keep up, and conversely
a fast perception module is wasted if the downstream policy
cannot act on its outputs in time. We realize this through two
main components. First, a Decoupled Dual-Stream Percep-
tion Network separates in-plane geometric matching from
out-of-plane semantic inference, enabling robust 3D state
estimation at high frequency from 2D ultrasound images
alone. Second, a Single-Step Flow Policy replaces the multi-
step denoising of diffusion models with a single forward pass
that produces a full predictive action sequence, removing the
iterative latency that has limited prior generative approaches.
This tightly-integrated perception-control loop is comple-
mented by a sample-efficient Sim-to-Real transfer strategy
that exploits the decoupled structure of the perception front-
end for rapid domain adaptation. We validate the complete
framework both on a dynamic phantom and through an in-
vivo study on a human volunteer. The main contributions of
this paper are:

« A RUSS framework that integrates a high-frequency
Flow Policy with a co-designed perception front-
end, achieving 62,Hz closed-loop tracking of dynamic
anatomical targets.

o A dual-stream perception architecture that addresses the
inherent ambiguity of out-of-plane motion estimation,
enabling real-time 3D translational servoing from 2D
images.

¢ A demonstration of sample-efficient Sim-to-Real trans-
fer, where the system generalizes from simulation to a
physical phantom using only 50 expert trajectories.

II. RELATED WORK

A. Robotic Ultrasound Systems: The System-Level Bottle-
neck for Dynamic Tracking

Recent advances in RUSS have shown success in automat-
ing quasi-static tasks like vascular screening [4], thyroid
scanning [7], and standard plane localization [5], [8], [9].
The feasibility of maintaining stable probe contact is also
well-established [10].

However, addressing patient and target motion, partic-
ularly high-frequency, unpredictable disturbances, remains
a formidable challenge. One typical method, event-driven
discrete compensation, employs a “Stop-Register-Resume”
strategy [3], but its reported 336 ms registration latency
makes it unsuitable for continuous clinical disturbances.

Another line of work pursues continuous tracking via
model-driven visual servoing, achieving high control fre-
quencies [11] (20 Hz) or sub-millimeter [5], [12] static
accuracy. Yet, their system-level responsiveness is poor, with
end-to-end convergence times on the order of seconds, even
when using high-rate perception (60 Hz) [4], [5], [12]. This
discrepancy proves a critical point: component-level speed
does not translate to system-level agility, which indicates
that a comprehensive and structured framework is needed to
achieve low-latency dynamic responses.

Therefore, a critical gap exists for a RUSS frame-
work comprehensively architected for high-bandwidth, un-
predictable motion tracking. Recent surveys confirm that

the lack of real-time [1] integrated perception and control
[1], [2] is a key challenge in the field. Our work directly
addresses this gap by proposing a framework where these
subsystems are cohesively co-designed for a low-latency
dynamic response.

B. Learning-based Control: The Quest for High-Frequency
Policies and Robust Generalization

Learning-based methods, particularly imitation learning
(L), are effective for acquiring expert workflows in RUSS
[13], [14]. The state-of-the-art is dominated by Diffusion
Policies [15], but their reliance on an iterative denoising
process for inference imposes a fundamental latency bottle-
neck. This limits their control frequency to 10-23 Hz [15],
[16], a rate far below the 60 Hz update stream from the
US probe, making real-time compensation of physiological
motion impossible.

To overcome this, policies based on Flow Matching have
emerged as a compelling alternative [17]. By enabling single-
step inference, their recent work demonstrating speeds of 50
Hz—a nearly 7-fold improvement [18] over diffusion coun-
terparts and highlighting their potential for high-frequency
control [6].

However, a fast policy alone is insufficient. A critical
second challenge is generalization against variations in US
appearance. Existing frameworks are often too slow for
dynamic tasks, relying on minute-long offline searches [19]
or using perception modules that limit the system frame
rate to a mere 3 fps [8]. This reveals a critical trade-off:
existing methods sacrifice either real-time performance for
generalization, or vice-versa.

Therefore, an effective framework must address both
challenges in concert. To our knowledge, no prior work
has presented a comprehensive framework where a high-
frequency policy is cohesively co-designed with a fast,
sample-efficient Sim-to-Real strategy to enable true, end-to-
end dynamic tracking at over 60 Hz. This fusion of a high-
bandwidth policy with a robust, low-latency generalization
pipeline is the central methodological contribution of our

paper.

C. The Perception Bottleneck for High-Frequency Servoing

The performance of any high-frequency control system
is ultimately limited by the latency and accuracy of its
perception front-end. Common RUSS perception pipelines,
comprising segmentation, feature extraction, and matching,
inherently accumulate latency and propagate errors [5], [20],
rendering them unsuitable for real-time dynamic tracking.

This challenge is particularly acute in US due to a funda-
mental ambiguity: inferring out-of-plane (Z) motion from a
2D image sequence is a notoriously ill-posed problem [11],
[21]. Existing systems often circumvent this with inefficient
search strategies or are confined to 2D in-plane compensation
only [22]. While end-to-end regression has been proposed
[23], these methods have not been validated within a high-
frequency dynamic tracking loop.
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Fig. 2: Overview of our proposed high-frequency US servoing framework. The system takes a live image stream and a goal
image as input. The Vision Front-end, composed of a Decoupled Dual-Stream Network and an Adaptive-UKF, estimates the
3D translational error. This state information is fed to the Flow Policy Network, which generates a short-horizon motion

plan executed by the robotic arm in the Physical Environment.

Therefore, a perception module for this task must be low-
latency and architected to resolve the out-of-plane ambiguity
from image data directly. We address this by proposing a
novel, decoupled dual-stream architecture that estimates the
full 3D translational state at high frequency. This perception
front-end is co-designed with our high-speed policy, forming
the cornerstone of our cohesive framework.

III. METHODOLOGY
A. Problem Formulation

We formulate the dynamic visual servoing task as learning
a policy, my, that maps a temporal sequence of visual
observations to a trajectory of future actions. The objective is
to minimize the 3D translational error e; between the current
ultrasound frame /; and a goal image I,. In our setting, I, is
a reference frame pre-selected by the operator to define the
target anatomy of interest; the system’s role is to keep the
probe aligned with this region even as the patient moves.

At each time step t, a perception front-end, ¢, estimates
this error (detailed in Sec. III-C):

e = [dx;,dy,dz|" = ¢(I,1,) (1)

where dx;,dz; denote errors within the imaging plane (the
XOZ plane of the probe), and dy; is the error along the
elevational (out-of-plane) direction. To capture temporal dy-
namics of the target, we define the system state, s; as a sliding
window of the k£ most recent errors (k = 8 in our work):

s,:(et,e,,l,...,e,_kﬂ)ER3X/‘ )

Rather than producing a single reactive command as in [24],
our policy outputs a short-horizon motion plan of H future
actions (H = 8), where each action a;1; € R3 is a desired
translational velocity command [vy, vy, v,]":

A= (an,a1,..., 8 5-1) 3)

The core task is to learn the deterministic policy g that
maps the state history to this action sequence:

3[7...,a[+H7] :7[9(5,) (4)

At execution time, we adopt a receding-horizon strategy:
only the first 4 =4 actions of each predicted sequence are
executed before the policy is re-queried. The choices of k
and h reflect a practical trade-off — a larger observation
window k improves prediction accuracy but limits the fastest
trackable motion, while a larger execution horizon & reduces
re-planning overhead at the cost of responsiveness to abrupt
changes.

B. Framework Overview

Our approach to this predictive control problem is a frame-
work for high-frequency dynamic visual servoing, illustrated
in Fig.2. The central design principle is to minimize end-to-
end latency by tightly coupling perception and control within
a single pipeline. Rather than developing the two modules
independently, we co-designed them so that the policy’s
fast inference does not idle waiting for perception updates,
and conversely, high-rate state estimates from the perception
front-end are consumed without unnecessary buffering. Con-
cretely, the framework integrates a high-frequency perception
front-end (Sec.III-C) with a single-step predictive policy
(Sec. III-D). The resulting perception-to-action loop runs at
over 60 Hz, which is sufficient for compensating the dynamic
disturbances encountered in our target application.

C. High-Frequency Temporal Perception Front-End

The core task of our perception front-end is to robustly
estimate the target’s 3D translational motion from a 2D US
stream. This requires balancing two conflicting objectives:
(1) Generalization for performance across diverse subjects,
and (2) Real-time Performance for tracking high-frequency
motion at over 60 Hz. We address these requirements through
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a structured visual observer paired with a predictive temporal
filter.

1) Decoupled Architecture for Generalizable 3D Mo-
tion Features: To encourage generalization, we introduce
physically-motivated structure into the network (Fig. 3).
Specifically, we decouple the estimation of in-plane and
out-of-plane motion, since these two components arise from
different visual cues in ultrasound image changes.

This architecture consists of two specialized, parallel
streams. The Geometric Stream first estimates in-plane
displacement (dyz = [dy,d;]) by performing dense matching
on low-level geometric feature maps ¢, (-) via a cost volume:

C(”a"v d) = <¢g<1g)u,va¢g(1t)u+dx,v+dz>~ (5)

This reliance on geometric correspondence makes it inher-
ently robust to appearance shifts. Crucially, the estimated
in-plane displacement d is then used to warp the feature
maps for the second stream. The Semantic Stream analyzes
these warped high-level semantic features, @s(-), to infer the
more ambiguous out-of-plane motion (d,). It is trained to
interpret changes in anatomical morphology as translational
displacement.

2) Predictive State Estimation for Real-Time Perfor-
mance: To meet the throughput requirement, we apply
computational optimizations including feature caching and
pre-computation for the static goal image I,. The raw 3D
displacement estimates d, = [dx,dy,dz}T, from the vision
network are noisy, particularly along the elevational axis.
We therefore pass them through a temporal filter to produce
smoothed state estimates for the downstream policy.

We adopt an Adaptive Unscented Kalman Filter (A-
UKYF) rather than a standard Extended Kalman Filter (EKF)
for two reasons. First, the UKF propagates uncertainty
through sigma points, avoiding the Jacobian linearization that
the EKF requires; this is better suited to our setting where the
mapping from image features to 3D pose is highly non-linear.
Second, our A-UKF variant adaptively adjusts the process
noise covariance Q based on the innovation sequence. In
practice, this means the filter automatically places more trust
in new measurements during rapid motion and tightens its
estimates during stationary phases — a property that a fixed-
Q EKF cannot provide without manual re-tuning. The filter
state explicitly models the 3D position p;, velocity v;, and a
sensor bias by:

X; = [ptT7vtT7th]T eRg (6)

By jointly estimating position, velocity, and bias, the A-
UKF provides a temporally consistent state representation
that accounts for systematic errors in the vision network,
which matters for stable control at high tracking speeds.

D. Flow Matching for High-Speed Policy

Contemporary generative models such as Diffusion Pol-
icy [15], [16] require iterative denoising during inference,
which introduces substantial latency and makes them imprac-
tical for high-frequency control tasks [6]. To address this, we
adopt a policy based on Flow Matching [17], [18], which
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Fig. 3: The architecture of our Decoupled Dual-Stream Per-
ception Network. The Geometric Stream uses a cost volume
to estimate in-plane motion (X & Z axis) based on low-
level feature. Concurrently, the Semantic Stream infers out-
of-plane motion (Y axis) by interpreting higher-level feature.

can generate an entire action sequence in a single forward
pass, keeping decision-making latency low within the control
loop.

The policy learns to model the trajectory between a simple
noise distribution po (e.g., a standard Gaussian) and the
distribution of expert actions p; by parameterizing a contin-
uous, time-dependent vector field governed by an Ordinary
Differential Equation (ODE). The vector field is conditioned
on the state representation s, provided by the perception
front-end (Sec. III-C):

% = v(x/,t|s;) (7
where the neural network v(-) approximates the conditional
vector field. Once trained, the policy directly maps a sampled
noise vector to a complete action sequence in one step, as
illustrated in Fig. 4.

Because single-step inference keeps the policy latency
well below the perception cycle, the temporal advantage
of the 60Hz front-end is preserved throughout the loop.
This allows the system to react to fast and unpredictable
patient motion during clinical procedures without introducing
additional delay at the decision-making stage.

E. Sample-Efficient Sim-to-Real Transfer

To reduce the dependence on large-scale clinical data, we
adopt a three-stage Sim-to-Real training pipeline that exploits
the decoupled structure of the perception module described
above.

a) Step 1: Vision Pre-training (Simulation): The vi-
sion front-end is first trained on 20,000 simulated image pairs
generated from CT volumes. We apply domain randomiza-
tion over both visual properties (e.g., brightness, contrast)
and US physics parameters (e.g., probe frequency, TGC
curves), so that the learned features generalize across domain
variations.
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b) Step 2: End-to-End Pre-training (Simulation): The
full framework is then trained end-to-end on 1,000 simulated
tracking trajectories, allowing the policy to learn the mapping
from visual state representations to motion commands in a
controlled setting.

c) Step 3: Targeted Fine-tuning (Physical Phantom):
Finally, the pre-trained model is fine-tuned on only 50 expert
trajectories collected on a physical phantom. During this
stage, we freeze most weights of the geometric stream,
whose learned representations are largely domain-invariant,
and concentrate updates on the domain-sensitive semantic
stream. This selective fine-tuning bridges the sim-to-real
gap with minimal real data while retaining the knowledge
acquired in simulation.

IV. EXPERIMENTS

We conducted a series of experiments on both a dynamic
phantom and a human volunteer to evaluate our system. The
experiments are organized around four questions: (1) How
accurately can the system converge to a target view? (2)
How fast can it track a moving target? (3) How robust is it
under complex trajectories? (4) How does it perform in an
in-vivo scenario? In addition, we performed a comparative
study against baseline methods to quantify the contributions
of our framework’s key components.

A. Experimental Setup

Our platform (Fig. 5) consists of a 6-DoF UR3e manip-
ulator, a Mindray M8 US machine with a C5-1s convex
probe, and a CIRS Model 057A abdominal biopsy phantom.
The phantom contains clinically relevant structures such as
liver and portal vein, providing a realistic test environment.
Ground-truth probe positions were measured by an optical
tracker (NDI Polaris) rigidly attached to the probe. All

_Am
UR3e Manipulator

Ultrasound Phanto
(CIRS 057A)

Fig. 5: Overview of the experimental setup, showing the
UR3e manipulator, the CIRS phantom and the US system.

algorithms ran on a workstation equipped with an NVIDIA
RTX 4080 GPU, running Ubuntu 20.04 and ROS Noetic.

B. Baseline Performance Evaluation

We first evaluate the system in two scenarios: (1) static and
quasi-static repositioning to a target view, and (2) continuous
tracking of a target moving at high velocity. These tests
quantify the system’s accuracy, repeatability, and dynamic
response.

1) Static and Repositioning Accuracy: We validated posi-
tioning accuracy through two tests: a local convergence test
requiring recovery from minor manual displacements, and a
large-scale repositioning test where the probe was displaced
by over 170 mm (corresponding to simultaneous 100 mm
offsets along X, Y, and Z, yielding a resultant magnitude of
V3% 100 ~ 173 mm).

As shown in Table I, the system converges to a terminal
error of approximately 1.52 mm with image similarity above
0.92 (NCC) in both cases. The convergence dynamics for the
large-scale test are plotted in Fig. 6a and b, showing a steady
error decay from the initial 173 mm offset. These results
confirm that the geometric stream can handle large spatial
deviations while the semantic stream provides fine-grained
alignment near the target.

TABLE I: Performance in Local Recovery and Global Repo-
sitioning Tasks

Experiment Movement Terminal Terminal
Dist (mm)  Error (mm) NCC

Local Recovery 21.2 1.5148 0.9481

Global Repositioning 173.2 1.5219 0.9246

2) Dynamic Tracking Performance: To test end-to-end
responsiveness, we designed a high-velocity tracking experi-
ment in which significant latency in the perception-to-action
loop would directly cause tracking failure.

As reported in Table II, the system tracks a target moving
at over 100 mm/s with a mean error of approximately
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Fig. 6: System dynamic performance in large-scale reposi-
tioning and high-velocity tracking. (a-b) Convergence dy-
namics for the >170 mm repositioning test. (c-d) Agility
during the high-velocity dynamic tracking test.

6.12 mm. The velocity profiles in Fig. 6¢c show that the
robot’s actual velocity closely follows the commanded pro-
file. Fig. 6d further confirms that the velocity error remains
bounded, indicating sufficient control bandwidth for high-
speed operation.

TABLE II: Dynamic Tracking Performance at High Velocity

Max Speed Avg. Error Terminal Error  Terminal NCC
(mm/s) (mm) (mm)
102.47 6.1244+0.386 1.629 0.9548

C. Robustness on Complex 3D Trajectories

We evaluated the system on 11 complex 3D trajectories
covering spirals, square waves, and random paths to examine
its behavior under high curvature, abrupt acceleration, and
stochastic disturbances.

As shown in Fig. 8 and Table III, the robot’s trajectory
closely follows the ground truth across all tested paths,
with a mean tracking error below 6.4 mm and an average
NCC>0.91. These numbers indicate that both geometric
accuracy and anatomical view stability are preserved during
unpredictable motion. The result can be attributed to the
high-frequency state updates from the perception front-end,
which supply the predictive policy with timely input even
under rapid direction changes.
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Fig. 7: XY-plane trajectory comparison from the dynamic
tracking ablation study. Our full framework (blue) closely
follows the ground truth (orange). While the Diffusion Policy
(green) and DCL-Net module (red) lags significantly.

D. Comparative Analysis

To isolate the contribution of each module, we replaced
our components with two strong alternatives and evaluated
them on the high-velocity tracking task. For the policy we
selected Diffusion Policy [15], a widely adopted imitation
learning method; for the perception front-end we chose DCL-
Net [25], a registration network designed for dynamic US.

Results are summarized in Table IV and Fig. 7. The
Diffusion Policy variant suffered from high inference latency
(>128 ms, corresponding to roughly 8 Hz), which capped its
tracking speed at 31 mm/s and led to a repositioning error
of 9.84 mm. The DCL-Net variant, despite being compu-
tationally fast (14 ms per frame), failed to converge during
dynamic tracking: its outputs were not sufficiently stable for
the downstream policy, causing immediate instability.

Our framework achieves 16.2 ms inference latency and
a 62 Hz control loop, supporting tracking speeds above
100 mm/s with a final error below 1.6 mm. These results
suggest that neither fast perception nor fast control alone
is sufficient; both modules must be designed in concert for
reliable high-speed servoing.

TABLE IV: Ablation and Comparative on Dynamic Tracking

Latency Metrics ‘ Performance Metrics

Framework Configuration ‘

‘ Time (ms)  Freq. (Hz) ‘ Max. Speed (mm/s)  Error (mm)
Ours (Dual-stream + Flow) ~16.2 ~ 62 102.47 1.52
Dual-stream + Diffusion ~128.2 ~8 30.98 9.84
DCL-Net + Flow ~13.7 73 Failed to Converge 6.508

E. Robustness to Out-of-Plane Rotational Disturbances

Our framework targets 3D translational servoing. To define
its operational limits, we tested its stability under unmodeled
Z-axis rotational disturbances introduced during a spiral
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Fig. 8: High-fidelity tracking on three complex 3D trajectories (rows, top to bottom: random polyline, spiral, square wave).
Each row shows the 3D path (left) and per-axis tracking (X,Y,Z).

TABLE III: Performance on Complex 3D Trajectories

Trajectory Type Total Time (s) Position Metrics (mm)

Speed Metrics (mm/s) Image Metrics

Error X Error Y Error Z Avg. Tracking Error Terminal Error Speed Error Avg. NCC Terminal NCC

Spiral-like Trajectories

Spiral 38.895 1.712+£0.046  3.252+0.098 1.217+0.039 4.2124+0.088 1.582 3.759+0.166 0.919440.0018 0.9592
Elliptical Spiral 32.042 4.800+0.206 3.23240.140 0.912+0.030 6.3131+0.222 1.139 6.078 £0.269 0.918140.0022 0.9602
Square Wave Trajectory

Square Wave 30.310 1.3924+0.055 2.836£0.105 1.536+0.048 3.906 +0.094 2.959 6.51440.254 0.956540.0010 0.9655
Random Polyline Trajectories

Random 1 42.234 0.900+0.028 3.740+£0.131 1.081+0.038 4.337+0.120 1.686 4.896+0.207 0.9196+0.0017 0.9485
Random 2 41.294 0.9724+0.025 2.366+0.100 1.103+0.037 3.038+£0.097 2.460 2.915+0.129 0.94324+0.0018 0.9572
Random 3 38.177 1.11440.046  3.901£0.140 0.768+0.033 4.35040.138 1.584 5.390+£0.204 0.94324+0.0016 0.9664
Random 4 39.015 1.349+£0.043 5.716+£0.215 1.241+0.044 6.357+0.203 1.684 9.669+0.351 0.9263 +0.0018 0.9609
Random 5 83.185 1.189+£0.027 4.239+0.102 0.7564+0.016 4.701+0.096 1.216 5.981+0.185 0.9398 +0.0010 0.9555
Random 6 52.897 3.50940.065 4.050£0.121 1.249+0.035 6.0514+0.105 5.052 7.5284+0.233 0.920440.0013 0.9412
Random 7 55.311 2.066+0.049 3.948+0.109 1.064+0.029 5.0194+0.097 2.719 6.489+0.201 0.917440.0012 0.9373
Random 8 50.819 2.5004+0.063 3.132+£0.099 1.166+0.031 4.7724+0.081 4.710 5.868+0.193 0.931540.0010 0.9403

tracking experiment, with offsets ranging from 0° to 25°.
Rotations around the X and Y axes, which degrade US image
quality, are outside the scope of this work [26].

As shown in Table V, the system remains stable up to
15°, maintaining high image similarity and low positional
error. Beyond this point performance degrades quickly, with
instability at 20° and tracking failure at 25°. This is expected:
the perception network is trained to interpret visual shearing
as translational motion, so large rotational offsets introduce
a perceptual ambiguity that the controller cannot compensate
for.

TABLE V: Stability under Out-of-Plane Rotational Error

Rotational Offset  Positional Error Avg. NCC Status
0° 4.2124+0.088 0.9181+0.0018 Stable
5° 4.659+0.093 0.9161+0.0015 Stable
10° 5.096+0.103 0.9477+0.0014 Stable
15° 8.170£0.179 0.937040.0007 Stable
20° 9.916+0.183 0.9153+0.0013  Unstable
25° N/A 0.6962 +0.0096 Failed

E In-vivo Validation on Human Volunteers

We conducted an in-vivo study on a human volunteer’s
forearm to examine clinical applicability. The system au-
tonomously tracked over 20 em of motion during a 27-
second scan. Despite non-rigid tissue deformation and phys-
iological motion, it reached a terminal NCC of 0.946,
confirming that the framework generalizes from phantom
to in-vivo conditions. Throughout the experiment, a force
sensor with predefined force and velocity limits ensured
contact safety. Further safety redundancy, such as real-time
tissue-contact monitoring and emergency retraction, would
be required before eventual clinical deployment.

V. CONCLUSION

In this work, we presented a framework for dynamic
robotic ultrasound tracking that achieves closed-loop control
above 60 Hz. By tightly coupling a high-frequency, decou-
pled perception front-end with a single-step Flow Matching
policy, the system can compensate for target motion at speeds
exceeding 100 mm/s and transfer from simulation to real
hardware with limited real-world data. These results were
validated on both a dynamic phantom and a human volunteer.
While the current implementation handles 3D translational
motion, future work will extend to full 6-DoF pose control,
explore applicability to other planar imaging modalities such
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Fig. 9: In-vivo validation of the proposed framework on a
human volunteer.

as photoacoustic and OCT, and address the safety require-
ments necessary for broader in-vivo deployment.
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