
IEEE ENGINEERING IN MEDICINE AND BIOLOGY SOCIETY SECTION

Received 24 June 2026, accepted 9 July 2026, date of publication 16 July 2026, date of current version 22 July 2026.

Digital Object Identifier 10.1109/ACCESS.2026.3713969

An AI-Based Mobile Robot for Autonomous
Ultrasound in Legal Medicine
SARAH GRUBE 1, SARAH LATUS 1, DUSTIN MOEBIUS2, MARTIN FISCHER1,
VIDAS RAUDONIS 3,4, AXEL HEINEMANN2, BENJAMIN ONDRUSCHKA2,
AND ALEXANDER SCHLAEFER 1,3, (Senior Member, IEEE)
1Institute of Medical Technology and Intelligent Systems, Hamburg University of Technology, 21073 Hamburg, Germany
2Institute of Legal Medicine, University Medical Center Hamburg-Eppendorf, 22529 Hamburg, Germany
3SustAInLivWork Center of Excellence, 51423 Kaunas, Lithuania
4Faculty of Electrical and Electronics Engineering, Kaunas University of Technology, 51367 Kaunas, Lithuania

Corresponding author: Sarah Grube (sarah.grube@tuhh.de)

This work was supported in part by the Interdisciplinary Competence Center for Interface Research (ICCIR) funded by Hamburg
University of Technology (TUHH) and University Medical Center Hamburg-Eppendorf (UKE); in part by the European Union through
Horizon Europe Program under Grant 101059903; and in part by the Research Consortium National Autopsy Network (NATON) through
the National Network of University Medicine funded by the Federal Ministry of Research, Technology, and Space under Grant 01KX2524.

This work involved human subjects or animals in its research. Approval of all ethical and experimental procedures and protocols was
granted by the Ethics Committee of Hamburg Chamber of Physicians under Application No. 2020-10353-BO-ff.

ABSTRACT Comprehensive documentation of internal tissue structures plays an important role in legal
medicine. Although ultrasound is widely used in medical diagnostics as a powerful modality for injury
detection and documentation, its integration into legalmedicineworkflows remains limited. Potential reasons
include physical strain and infection risks due to manual probe placement at different locations along the
body. Robotic ultrasound systems have been proposed to address such challenges. However, current systems
are typically restricted to specific target regions and are limited in mobility and autonomy, complicating their
clinical integration and fully autonomous, task-level operation.We therefore propose amobile robotic system
for autonomous ultrasound scanning across the body. The system localizes the body, estimates internal target
structures, moves to reach the target structure, and performs ultrasound scans.We evaluate the system in three
stages. First, we assess the accuracy and robustness of target localization and scan path planning across
different body types. Second, we conduct experiments with a body phantom to evaluate the repeatability of
covering target structures. Third, we demonstrate the system in a real legal medicine setting. Our experiments
demonstrate that the system can approach the body, define the scan path, and acquire reproducible ultrasound
images of target structures. These results demonstrate the feasibility of fully autonomous ultrasound imaging
across multiple anatomical regions using a mobile robotic system. Beyond legal medicine, the proposed
mobile system offers perspectives for autonomous imaging in broader clinical settings such as telemedicine
and infectious disease settings, supporting remote diagnostics while reducing infection risks.

INDEX TERMS Autonomous robotic agents, autonomous systems, forensic imaging, legal medicine,
medical imaging, medical robotics, robotic systems and software, robotic ultrasound, ultrasound imaging.

I. INTRODUCTION
Imaging is an important diagnostic tool in modern medicine,
providing valuable information for different applications such
as disease assessment, patient monitoring, and treatment

The associate editor coordinating the review of this manuscript and

approving it for publication was Yingzhe Wang .

planning. While physical examination remains the initial step
in clinical diagnostics, imaging is routinely employed to
visualize internal structures and pathological changes that are
not directly accessible from the outside.

Non-invasive imaging techniques have also gained interest
in legal medicine. In this field, comprehensive post mortem
documentation across multiple body regions is essential for
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analyzing disease pathogenesis and determining the cause
of death [1], [2]. Typically, the documentation relies on
invasive autopsy. However, autopsy alone often lacks the
comprehensive, internal visualization required to document
deep-tissue trauma or pathological changes. Consequently,
legal medicine is increasingly employing imaging modalities
to achieve a more comprehensive documentation of the inter-
nal body structures. Currently, the combination of invasive
autopsy and non-invasive Computer Tomography (CT) is
the gold standard for comprehensive documentation. While
autopsy provides direct tissue inspection, CT offers an
imaging modality to visualize internal structures across the
whole body. However, both autopsy and CT documentation
are subject to limitations. Autopsies are frequently restricted
or avoided in cases of High-Consequence Infectious
Diseases (HCIDs), such as Ebola or SARS-CoV-2, to min-
imize infection risks for the clinicians [3], [4], [5]. CT,
in turn, is limited by its high cost and the need for specialized
infrastructure, which restricts its accessibility in many legal
medicine institutes, particularly for on-site investigations
and in less developed regions. These safety risks and
limited CT accessibility result in incomplete post mortem
documentation, leading to a lack of systematic internal
data [6], which is, however, essential for understanding
disease pathogenesis and developing public health responses.
This challenge was recently underscored by the SARS-CoV-2
pandemic.

To bridge this gap, US imaging provides a portable,
cost-effective, and widely available alternative for internal
documentation. However, US imaging is still not widely used
in legal medicine. This may be related to specific challenges,
e.g., time-consuming applications, operator dependency,
and physical strain [7], [8], [9]. Beyond ergonomics, the
requirement for direct physical contact poses substantial
infection risks. These risks were clearly evident during
the SARS-CoV-2 pandemic. While lung US is an estab-
lished modality for detecting and monitoring COVID-19
manifestations, it requires close-range contact with the
examined subject, introducing significant infection risks for
sonographers [10], [11], [12].
To address these limitations of US, there has been renewed

interest in robotic US scanning systems (RUSS) [13],
[14], [15]. These systems are well-suited for repetitive,
high-precision tasks and promise to offer consistent image
acquisition, improved reproducibility, and the capability for
volumetric imaging of large areas. Moreover, by decoupling
the sonographer from the US probe, RUSS can reduce the
physical strain on the sonographer and enable safe remote
examinations in environments with a high risk of infection.

Current research primarily follows two distinct approaches.
On the one hand, robotic teleoperation systems, such as the
HERCULES platform [16], enable remote examinations via
a haptic interface, decoupling the sonographer from the sub-
ject’s location [13], [17]. Although teleoperation is effective
in reducing infection risks and physical strain, it remains an

assistive approach that requires trained sonographers to be
continuously available. Hence, teleoperation does not reduce
the significant temporal workload of the scanning process.
This creates a bottleneck in settings where sonographers
availability is already a primary constraint.

On the other hand, autonomous RUSS aim to reduce
this workload by automating the scanning process itself.
These systems typically employ small collaborative robotic
arms in stationary setups, where both the robot and the
body remain in pre-aligned, fixed positions [13]. Unlike
teleoperation, no continuous human supervision is required,
thereby enabling workload redistribution. Achieving this
level of autonomy requires the independent execution of tar-
get localization, scan path planning, and probe manipulation.
While approaches for estimating the location of the target
structure based on the body surface have been proposed [18],
[19], [20], the scan regions are still commonly defined
manually by a clinician [21] or derived from landmark
detections [22], [23], [24], [25].

The main drawback of existing RUSS approaches is
their limited flexibility, as they are usually realized as a
stationary setup. This constraints their clinical applicability
due to the limited reach of a small robotic arm. However,
a comprehensive examination in legal medicine involves
anatomical targets across the whole body, which are difficult
to image from a single fixed position. Instead, a sonographer
typically moves around the couch to reach feasible US
windows for each target.

We propose mimicking this behavior by an intelligent and
mobile robotic agent. Hence, we integrate a mobile base into
the RUSS, providing additional degrees of freedom (DoF)
that extend the operational workspace to the entire examina-
tion room. This transition from a stationary tool to a mobile
autonomous agent allows the system to reposition itself
autonomously relative to the target structure. By dynamically
adjusting its base position, the agent maintains the maneu-
verability required to access optimal US windows across the
entire body necessary for a comprehensive legal medicine
examination. Such an autonomous mobile agent has the
potential to address the challenges of legal medicine. It allows
for comprehensive, full body US scans without human
intervention, thereby reducing the physical and temporal
workload for clinicians [9]. Furthermore, by operating
independently, the mobile agent provides a contact-free
solution that reduces the infection risks associated with
manual post mortem procedures.

In this work, we describe the proposed MObile Robotic
UltraSound System (MORUSS), an autonomous agent
designed for comprehensive US imaging in unknownmedical
environments. The MORUSS is composed of a small 6 DoF
robotic arm mounted on a mobile base, similar to [26], and
utilizes a depth camera to perceive the surrounding environ-
ment. Unlike stationary systems, the MORUSS utilizes its
mobile base to autonomously approach and image different
target structures. To illustrate requirements for such a robotic
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agent, consider a scenariowhere theMORUSS is placed at the
entrance of a room and is tasked with providing US images
of the liver. Fulfilling this task requires the agent to solve
three spatial challenges: (1) exploring the environment to
identify and localize the body within the room, (2) inferring
the position of the liver based on the external body surface,
(3) repositioning its base to ensure target reachability and
executing the autonomous US scan.

We evaluate our prototypical MORUSS in a simulation,
as well as in our laboratory and in a real legal medicine
setting.We first evaluate the impact of base mobility on target
reachability by benchmarking the mobile platform against a
stationary robotic setup. Second, we analyze the robustness of
our target localization and base positioning algorithm through
a systematic simulation study with full body CT scans. Third,
we evaluate the system’s performance in a laboratory using
a body phantom. We obtain quantitative results regarding
the repeatability and accuracy of target-specific US scans.
Finally, we demonstrate the system in a legal medicine
setting and illustrate its capability to autonomously acquire
US images of different organs within a real human body.
A clinician validates the visibility of the target structure in
the acquired US images by manual segmentation.

II. METHODS
The MORUSS framework is designed to autonomously
acquire US images of a selected target structure from
within the body. It operates without prior knowledge of
the subject-specific anatomy and is robust to inter-subject
variability. Central to this approach is the ability to localize
the position of the target structure, to autonomously position
the mobile base, and to image the target structure. The sub-
sequent sections detail these steps. Section II-A outlines the
experimental setup and general workflow, while Section II-B
describes the methodology for positioning the mobile base
relative to an unknown target. Section II-C describes the
algorithmic implementation required for workflow execution.
Finally, Section II-D describes the hardware configuration.

A. SYSTEM OVERVIEW AND WORKFLOW
The proposed MORUSS is designed to function as an
autonomous agent in legal medicine environments. We con-
sider a scenario in which the body lies on a couch in a room,
and the MORUSS is positioned at an arbitrary initial location
within the room. The clinician only names the target structure.
Thereafter, the MORUSS autonomously approaches the
body and acquires images. To enable autonomous US
scanning of the target structure, the MORUSS incorporates
a mobile base (RB-Theron, Robotnik), a small lightweight
robotic arm (UR3, Universal Robots) equipped with a US
probe, and a color and depth (RGB-D) camera (Azure
Kinect, Microsoft) for navigation, as shown in Fig. 1.
A US imaging system (Cicada, Cephasonics) with a linear
US probe (CPLA12810A, Cephasonics) and a curved
US probe (CPC12835R5P, Cephasonics) are integrated.
The RGB-D camera is mounted on the fourth joint of

FIGURE 1. An overview of the MORUSS. (a) Overall setup containing a
mobile base and a robotic arm with an RGB-D camera and a US probe
attached. The coordinate frames and the corresponding transformations
are depicted as well. (b) The proposed autonomous US scanning workflow
contains three main steps, i.e., exploration of the room, localization of
the target structure, and US scanning of the target structure.

the UR3. The US probe is attached to the robot’s end-
effector through a custom adapter with an integrated
force sensor (SRI M3703A, Sunrise Instruments) to realize
force-controlled US scanning.

In order to acquire US images of the target structure
without prior knowledge of the target’s spatial location,
we propose a workflow that transitions from global room
perception to target localization within the body and US
scanning. The workflow is illustrated in Fig. 1b and
consists of three main steps: (1) exploration of the room,
(2) localization of the target structure and base repositioning,
and (3) explorative US scanning of the target structure.
The Supplementary Material provides visualizations of
the workflow. During the initial exploration step (1), the
MORUSS generates a global 3D map of the room and a 3D
scan of the body using the RGB-D camera. This allows the
system to identify the body’s position within the room and
in step (2) to plan a safe navigation path toward it. However,
from this data, only the external body surface is known; the
location of the internal target structure remains unknown.
Therefore, theMORUSS estimates the target’s location based
on the acquired surface geometry using an anatomical atlas
model (2). Additionally, it determines a target-specific base
pose to ensure that the target structure is within the reachable
imaging workspace of the robotic arm. Once the MORUSS
navigated to the determined target-specific base pose, the
MORUSS acquires a local RGB-D scan to refine its relative
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TABLE 1. Comparison of RUSS approaches in the literature and the proposed MORUSS with respect to system mobility, target structures, experimental
validation, initial ROI localization, and scan path planning. Experimental validation indicates the anatomical model or subject used for evaluation. Scan
ROI localization refers to the strategy used to determine the body surface region for US acquisition, including manual selection, color-based
segmentation, or anatomical landmark detection. Scan path planning summarizes whether the system employs predefined trajectories, a single scan
path, or multiple scan paths covering the ROI. Online feedback indicates whether the scan path is adapted online during scanning based on sensor
feedback, including force sensing or US image analysis (e.g., image quality assessment or anatomical structure segmentation).

pose with respect to the body and to acquire detailed body
surface geometry for US scan path planning (3). In the
final US scanning step, the system plans and performs a
US scan based on the local body surface geometry and the
estimated location of the target structure. The MORUSS
records the robot pose for each US image to reconstruct a
US volume covering the target structure. The 3D surface
scan and the US images can both be expressed with respect
to a single world frame, using the spatial transformations
derived in Section II-D. This provides a comprehensive 3D
representation of both the external body surface and the
internal target structures for subsequent clinical analysis.

Table 1 compares the proposed MORUSS to existing
RUSS in terms of system mobility, target structures, experi-
mental validation, region-of-interest (ROI) localization, and
scan path planning. These systems typically use fixed
robotic setups designed to image a specific anatomical
target structure. Experimental validation is usually performed
using partial anatomical phantoms or human subjects. Note
that the latter often limits the acquisition of ground truth
images. Furthermore, the table shows that the ROI, i.e., the
area on the body surface that should be covered during
US scanning, is typically defined manually or based on
color features or anatomical landmarks, e.g., the umbilicus
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or mammary papillae. While landmarks and body features
are generally derived from RGB-D surface scans, some
approaches estimate the skeleton in order to define the
ROI. Different approaches for scanning the ROI have been
considered. A majority of systems realize a single scan along
the surface and some systems employ predefined paths or
multiple paths covering the ROI by a more complex scan
pattern. Most systems use online feedback during scanning to
maintain sufficient contact between the probe and the tissue,
ensuring adequate US image quality. These systems typically
rely on force sensing or the analysis of US images (e.g., image
quality assessment or anatomical structure segmentation).
The table also illustrates that the MORUSS extends existing
approaches in a number of ways, particularly with respect to
the mobility of the base and the related need to identify the
respective ROI for targets in different regions of the body, i.e.,
enabling autonomous navigation and US scanning across the
whole body.

B. PRE-COMPUTED BASE POSITIONING
One challenge in autonomous US is the lack of prior spatial
information regarding the internal anatomy. Since internal
structures are not observable with the RGB-D camera,
the MORUSS must infer the anatomical context from the
subject’s surface geometry. This localization of the target
structure is not only essential for determining where to
perform the US scan, but also for selecting a base pose such
that the target structure lies within the imaging workspace
of the robotic arm. Hence, to address these challenges, the
MORUSS utilizes a standardized anatomical atlas model [42]
as a subject-agnostic spatial reference.

1) ANATOMICAL ATLAS MODEL
The atlas model provides the average 3D position of different
target structures within a standardized human body (Fig. 2).
This allows a reasonably accurate initial guess of the target
position within the actual body. The atlas is defined as

atlasA = {
atlasOi ⊂ R3

| i = 1, . . . ,N },

where atlasOi denotes the point cloud representation of the
i-th target structure in the atlas frame. Each target structure
atlasOi ⊂ R3 is modeled as a rigid object.

2) TARGET-SPECIFIC BASE POSITIONING
The robotic arm of MORUSS has a compact workspace
which requires base repositioning to ensure that the US
windows for a target-structure Oi are within the kinematic
reach of the robotic arm. Furthermore, US scanning requires
kinematic maneuverability to allow for scanning along a
continuous trajectory on the body surface. Consequently,
to ensure sufficient target coverage, we select a base pose that
enables target reachability and sufficient kinematic maneu-
verability to follow the body surface during the US scan,
while accounting for real-world navigation inaccuracies.

However, evaluating the reachability and kinematic
maneuverability for every potential base pose on the

operating floor is computationally expensive. We therefore
augment the anatomical atlasmodel with an offline-computed
look-up table that contains, for every target structure Oi,
a selected feasible base pose atlasb∗

i = [x∗
i , y

∗
i , θ∗

i ]
⊤

∈ R3 in
the atlas frame, where x∗

i and y∗i denote the planar position
and θ∗

i the orientation. During the scanning workflow, the
target-specific base pose atlasb∗

i is retrieved from the atlas and
transformed into the subject coordinate frame.

In order to determine the look-up table, we perform a
configuration space analysis (CSA) based on the atlas model.
We discretize the potential base poses B on the operating
floor at 50mm resolution. For every b ∈ B we evaluate
each pose by solving a multi-criteria optimization problem
using a lexicographic strategy. We first retain only those
poses fromwhich the target structure is sufficiently reachable.
Among the remaining feasible poses, we subsequently
optimize kinematic manipulability and spatial robustness to
positioning inaccuracies.
Target Coverage Ci(b): For each base pose b ∈ B and

target structure Oi, we compute the target coverage Ci(b),
as the fraction of the target volume intersecting the US
imaging workspace W (b), where W (b) denotes the union of
US windows from all reachable body surface points. Note,
that due to physical limitations of US imaging, full coverage
may not be achievable for every target structure. To address
this, we introduce a coverage threshold parameter γ ∈ (0, 1]
and define a subset of feasible base poses

Bvalid = {b ∈ B | Ci(b) ≥ γ · max
b∈B

Ci(b)}.

In this work, we set γ = 0.95, which was found to provide
a good trade-off between target coverage, robustness, and
flexibility for additional optimization criteria. In general, the
subset Bvalid may form multiple disconnected regions in the
configuration space, from which we only retain base poses
from the largest connected component, denoted as B̃valid.
Manipulability M (b) and Spatial Robustness Ri(b): Within

the feasible set B̃valid, we evaluate each pose with respect to
manipulability and spatial robustness. To ensure the robotic
arm can follow the body surface, we evaluate its kinematic
manipulability using the mean manipulability index [43],
averaged over all body surface points within the scanning
area. Following [15], [44], we assume an orthogonal probe
placement relative to the skin surface during the scanning
process.

The spatial robustness score introduces a safety margin
that compensates for positioning errors while maintaining
sufficient target coverage. It quantifies how close a base
pose b lies to the geometric center of the region formed
by B̃valid. Ri(b) is defined for all b ∈ B̃valid as the
minimum Euclidean distance to the boundary of this region.
Maximizing R(b) yields poses located near the geometric
center, providing sufficient reachability of the target structure
despite translational positioning errors.

Finally, we select a feasible base pose atlasb∗
i by solving a

weighted scalarization of the normalized manipulability and
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robustness scores over the subset B̃valid:
atlasb∗

i = arg max
b∈B̃valid

(
wmM̂ (b) + wrR̂i(b)

)
where wm and wr are weighting factors that balance the
normalized manipulability and robustness scores, M̂ (b) and
R̂i(b), respectively.

C. WORKFLOW EXECUTION
In this section, we detail the implementation of the proposed
workflow, which enables autonomous US scanning of
different subjects. The workflow utilizes the pre-defined atlas
model as a referencemodel to estimate the spatial relationship
between the external surface geometry of the body and
the internal anatomical targets. This mapping provides the
necessary spatial information to autonomously plan a US
scan that covers the target structure.

1) EXPLORATION OF THE ROOM
The exploration step acquires a global 3D map of the room,
defines a world frame, and localizes both the body and
the MORUSS within the world frame. To this end, the
MORUSS first performs an explorative scan of the room in
its local base frame Fbase, capturing RGB-D point clouds
from different arm poses. This provides a local environment
map baseE of the room relative to the MORUSS, where the
left superscript indicates that the point cloud is represented
in the MORUSS base frame Fbase. The MORUSS then
detects the couch in baseE as a ground-parallel plane [26]
and defines the world frame at its center, with axes aligned
to the principal directions of the couch. We describe the
pose of the MORUSS in the world frame with worldTbase,
where worldTbase is the transformation from the MORUSS
base frame to the world frame. All points in baseE above the
couch are assigned to the body surface baseSbody, represented
in the base frame Fbase. We define the body frame at the
center of the detected body surface, aligning its axes with
the anatomical directions: the x-axis along the transversal
direction, the y-axis along the longitudinal direction, and the
z-axis along the sagittal direction. This yields the pose of the
body relative to the MORUSS as baseTbody. Based on these
steps, the poses of the MORUSS and the body in the world
frame are now known and represented by the transformation
matrices worldTbase and worldTbody, respectively.

2) LOCALIZATION OF THE TARGET STRUCTURE AND BASE
POSITIONING
The MORUSS localizes the target structure in the world
frame by registering the atlas model to the acquired body
surface worldSbody. To this end, the system first scales the
atlas model to match the body size and then applies an
ICP-based surface registration. This yields the transformation
worldT atlas ∈ R4×4. Hence, the subject-specific locations of
the target structures in the world frame can be estimated as

worldOi = {
worldT atlasx | x ∈

atlasOi}.

FIGURE 2. Workflow for scan path planning. (a) The location of the target
structure is estimated by registering the atlas model to the acquired body
surface. (b) The ROI for planning the US scan path is selected. First, the
set of body surface points is selected, from which the target structure can
be reached with US, considering the imaging depth 1depth (cross-section
A–A). Next, a bounding box (blue rectangle) is fitted to these surface
points to define the ROI. (c) The scan path is generated such that the ROI
is covered by N parallel scan trajectories with the scan direction dscan,
spaced by a distance 1scan. For each slicing plane, surface points within a
tolerance ±1slice are selected, and a cubic B-spline is fitted to generate a
scan path.

Next, the MORUSS retrieves the pre-computed base
pose atlasb∗

i for the target structure from the look-up table
in the atlas model and transforms it into the world frame by
applying

worldb∗
i =

worldT atlas
atlasb∗

i .

The MORUSS then moves to the resulting pose worldb∗
i .

3) US SCANNING OF THE TARGET STRUCTURE
In the final step the MORUSS plans a US scan path that
enables imaging of the target structure, as visualized in Fig. 2.
For this, the MORUSS requires the local surface geometry
and the location of the target structure, both in the world
frame. To this end, the MORUSS performs an RGB-D scan
of the local body surface to refine its pose with respect
to the body and to obtain the local surface geometry. This
pose refinement also avoids the accumulation of localization
errors caused by repeated movements of the mobile base.
As the target’s location is determined from the atlas model,
theMORUSSmust account for potential spatial uncertainties.
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To address this, the MORUSS implements an explorative
scanning strategy. The system plans a continuous scanning
trajectory on the body surface to acquire a US volume
expected to contain the target structure.

The corresponding region of interest (ROI) for US scan
path planning is defined on the body surface as follows. The
MORUSS determines the region of the body surface from
which the target structure is visible with US, considering
the imaging depth of the US probe 1depth. Next, it fits a
bounding box aligned with the desired scan direction dscan to
this region. The ROI is given by the subset of surface points
that lie within this bounding box. The scan direction can be
chosen arbitrarily; in the following, we consider transversal
scan paths.

To systematically cover the defined ROI, the MORUSS
executes a continuous boustrophedon trajectory consisting
of parallel scan paths aligned with the scan direction dscan.
To this end, the ROI is partitioned into N parallel slices of
thickness 1scan. For each slice, the subset of body surface
points falling within a tolerance 1slice of the slice midplane
is extracted. A cubic B-spline is fitted through these points to
generate a continuous 3D scan path, which is discretized into
US probe poses, with the probe being placed orthogonally to
the body surface.

D. SYSTEM IMPLEMENTATION AND CALIBRATION
We use the Robot Operating System (ROS) [45] for the over-
all control of the system components, includingMoveIt! [46],
the Nav2 framework [47] and the slam_toolbox [48].
For robotic US scanning, we represent all system com-

ponents within the world frame, see Fig. 1. We establish
the transformations between all system components by
calibration. We obtain the transformation armTflange from
the flange of the robotic arm to the base of the robotic
arm from the robotic forward kinematics. We determine
the transformation armT camera from the RGB-D camera
frame to the base frame of the robotic arm via hand-eye
calibration using Park’s method [49]. We estimate the
transformation armTbase from the mobile base to the UR3
arm via edge-based calibration using a room corner [50]. The
RGB-D camera on the UR3 arm and the RB-Theron’s built-
in depth camera are used to acquire room-edge point clouds,
which are then aligned to determine the transformation.
We establish the transformation flangeTus from the US
image frame to the flange of the robotic arm by Z-wire
calibration [51]. We transform a pixel pI from the US
image matrix I into the base frame of the robotic arm
using[ armpI(c;r)
1

]
=

armTflange
flangeTus[c1x−

wus

2
, 0, r1y, 1]⊤

(1)

where c, r ∈ N0 denote the c-th column and r-th row in the
US image matrix, wus is the probe width, and 1y and 1x
represent the pixels height and width, respectively.

III. EXPERIMENTAL EVALUATION
We evaluate the proposed MORUSS workflow through a
simulation-based validation, quantitative phantom studies
conducted in a laboratory, and a real-world application in the
legal medicine.

A. VALIDATION OF THE WORKFLOW
Since target localization, robot base positioning, and US scan
path planning depend on the body anatomy, we evaluate
their accuracy and robustness across a wide range of body
shapes using systematic simulations of the workflow. These
simulations assess how anatomical variations affect the
localization accuracy, the robustness of the proposed robot
base positioning algorithm and the target coverage achieved
by the resulting US scan paths.

Dataset and Simulation Environment: For this purpose,
we use 14 full-body CT datasets acquired at the Institute of
Legal Medicine at the University Medical Center Hamburg-
Eppendorf (Legal Medicine, UKE). The study is approved by
the Ethics Committee of the Hamburg Chamber of Physicians
and the study protocol includes the informed consent of
relatives or legal representatives. We perform the analysis
for exemplary target structures. These include abdominal
organs (liver, right kidney, and left kidney) as well as
musculoskeletal structures (upper leg extremities). While the
abdominal target structures show organ-specific reachability,
the musculoskeletal scenario is required for diagnostic tasks,
such as assessing secondary vascular occlusion or deep
muscle rupture following high-energy bone fractures [2].
To estimate the coverage in the upper leg extremity, we use
the femur as a surrogate volumetric target, since relevant
structures lie between the skin surface and the bone.

Each CT dataset serves as basis for simulating the
workflow. We extract the body surface worldSCT, body and
the target structures worldOCT,i from the CT data using
TotalSegmentator [52]. Note that the initial exploration step
is not included in the simulation. Therefore, we use the
extracted body surface from the CT as a representative of
the camera-acquired surface point cloud worldSbody in the real
system.

Experimental Procedure: For each dataset, we execute
the proposed workflow. First, we register the atlas model to
the body surface worldSCT, body to estimate the corresponding
location of the target structure worldOi and the base pose
worldb∗

i . Second, we plan the US scan path for the estimated
target structure worldOi with the mobile robot base positioned
at worldb∗

i .
Evaluation Metrics: We evaluate the target localiza-

tion accuracy using the Average Symmetric Surface Dis-
tance (ASSD) between the estimated structure Oi and the
CT segmentation OCT,i used as reference model. To assess
the robustness of the planned scan path against these
anatomical deviations, we utilize the Encompassment Scaling
Factor (ESF). The ESF quantifies whether the planned ROI
fully covers the target structure OCT,i. The ESF measures
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the uniform scaling required for the ROI bounding box to
fully enclose the bounding box of OCT,i. A value of ESF ≤

1.0 indicates successful total encompassment, despite spatial
variations in the atlas-based estimation.

We use the target coverage Ci(b) to evaluate the planned
scan path and to analyze the advantage of the mobile base
in the MORUSS over stationary setups. We compare the
target-specific base pose b∗

i against two stationary baselines,
which are located at the longitudinal midpoint of the left
or right side of the couch and referred to as ‘‘Fixed-
Left’’ and ‘‘Fixed-Right’’, respectively. To calculate the
target coverage Ci(b), we synthesize a virtual US volume
along the planned path. Specifically, we generate a virtual
US image at each discrete probe pose. Then, we linearly
interpolate between the imaged regions of consecutive poses
to approximate continuous scanning. Coverage is calculated
as the volumetric overlap between this reconstructed US
volume and the segmentationOCT,i used as reference model.

B. QUANTITATIVE LAB EVALUATION
To evaluate the proposed MORUSS workflow, we conduct
experiments in a controlled laboratory setting using a male
body phantom containing three embedded target structures,
see Fig. 3. We quantitatively evaluate the target coverage,
workflow repeatability and US image quality metrics.
We place gelatin-filled cavities with 3D inclusions at the
anatomical locations of the liver, heart, and left femoral vein.
We model the liver as a volumetric, wedge-shaped structure;
the heart as an elliptical volume; and the femoral vein as
a tubular structure, see Fig. 3a. We preserve the phantom’s
body surface using a negative mold, shown in Fig. 3c and 3d.
We create a phantom-specific atlas by scanning the phantom
surface using a 3D scanner (Artec Eva, Artec 3D) and
manually integrating the target structures at the locations
known from the phantom’s design, see Fig. 3a.

We then scan each target five times, repositioning the
MORUSS within the room before each repetition to evaluate
its ability to autonomously localize and approach the target.
The robotmaintains probe–surface contact using proportional
force control with a reference force of 2.5N, while US gel
ensures proper acoustic coupling. We transform the acquired
2D US images into the world frame using the known probe
poses and (1) to reconstruct US volumes and segment the
target structures.

In a first step, we evaluate whether the US scans reliably
cover the whole target structure across repetitions. In a
second step, we evaluate the segmentation error together
with the global positioning accuracy of the mobile base.
As a reference, a consensus segmentation is generated for
each target structure by voxel-wise majority voting across
the five repetitions. We report the ASSD, the 95th Percentile
Hausdorff Distance (HD95) and the Dice Score between
each segmentation and its corresponding consensus. First, the
metrics are computed directly in the world frame, capturing
both segmentation error and global positioning error. Then,
the segmentations are aligned to the consensus using ICP to

FIGURE 3. Body phantom used for the laboratory experiments. (a) The
atlas model with heart, liver, and femoral vein inclusion colored in red is
shown and (b) the corresponding body phantom in the laboratory setting.
(c) 3D-printed molds are used to create the gelatin phantoms that mimic
organs, such as the heart. (d) The gelatin phantoms are integrated into
the body phantom, preserving the body’s surface contour.

remove global localization offsets. The difference between
the errors computed before and after ICP alignment provides
an estimate of the global localization variability introduced
by MORUSS navigation.

We evaluate the acquired US image quality across
the repetitions using the Signal-to-Noise-Ratio (SNR) and
contrast-to-noise ratio (CNR).

C. REAL-WORLD EVALUATION
We further demonstrate the feasibility of the proposed
MORUSS workflow in a legal medicine setting using four
corpses (3 male, 1 female). The study is approved by the
Ethics Committee of the Hamburg Chamber of Physicians
and the study protocol includes the informed consent of
relatives or legal representatives. This qualitative evaluation
in the legal medicine is intended to demonstrate that
the MORUSS can successfully acquire US images of the
target structure. Before scanning, we acquire a CT scan
of the corpse and segment relevant target structures using
TotalSegmentator to serve as a reference model. While
the MORUSS autonomously determines the target-specific
base pose, we manually navigate the MORUSS towards it
with a joystick due to safety and workspace constraints.
A clinician evaluates the target visibility within the acquired
US images from the MORUSS by manually segmenting the
visible structures. Subsequently, we evaluate the US-based
segmentations with respect to the CT reference model.
In order to use the CT data as reference model, we register
the CT volume to the world frame using an ICP alignment of
the segmented skin surface CTSCT, body, represented in the CT
frame, with the RGB-D surface scan worldSbody.

IV. RESULTS AND DISCUSSION
A. VALIDATION OF THE WORKFLOW
1) TARGET LOCALIZATION
Table 2 reports the ASSD between the atlas-estimated
target structure Oi and the segmentation OCT,i used as
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TABLE 2. Evaluation of the target structure localization approach in the
simulation analysis. The mean ± standard deviation of the ASSD between
the estimated Oi and OCT, i is reported, along with the ESF of the ROI.

TABLE 3. Comparison of the reachable target coverage Ci (b) for fixed
(bfixed, L/R

i ) versus target-specific (b∗

i ) base poses within the simulation
analysis. Results are reported as mean ± standard deviation.

reference model. The registration of the atlas model to the
extracted body surfaces worldSCT, body achieved successful
localization across all targets, with ASSD values ranging
from 12.89mm to 24.56mm. While these spatial deviations
reflect the morphological variance between the atlas and the
individual subject’s anatomy, the selected scanning region
contained the target structure in all cases, as indicated by
the ESF values in Table 2, which are below 1.0 for all target
structures.

These findings demonstrate that autonomous US imaging
can be performed without prior knowledge of the exact
target location. The US scanning approach provides a spatial
buffer to compensate for anatomical deviations, enabling
the system to exploratively scan and search for the target
structure. Consequently, the proposed target localization
approach is appropriate for subsequent steps in the scanning
workflow.

2) TARGET COVERAGE AND BASE POSITIONING
The reachability maps in Fig. 4 visualize the reachable target
coverage evaluated over the search space B. The floor region
that contains the feasible base poses B̃valid is indicated with a
dotted line. Hence, the maps illustrate the spatial distribution
of base poses from which the robotic arm can reach a target
coverage > 95%. For contralateral targets such as the left
and right kidneys, the regions with feasible base poses B̃valid
are spatially disjoint. Hence, a single stationary base pose is
kinematically insufficient for scanning both targets.

In Table 3 the target coverageCi(b) is reported, to quantita-
tively evaluate the fixed baselines against the target-specific
base pose. The target-specific base pose b∗

i significantly
outperformed the contralateral baseline (p < 0.05) and
provided more consistent results across varying body
geometries, as indicated by the lower standard deviation.
The target-specific base pose reached a mean coverage
exceeding 95% for all structures except the liver (88.12%).

Due to the inter-subject variability in the lateral extent of
the liver, for some bodies the MORUSS can not cover the
whole liver structure with a single base pose. However, the
MORUSS can overcome this workspace limitation by adding
a second base pose on the opposite side of the couch. This
results in liver coverage that exceeds 95%. Note that due to
the limited US imaging depth, full coverage is not always
achievable.

While the stationary ipsilateral baseline provides compa-
rable reach, the target-specific pose b∗

i lies more centered
within the feasible workspace B̃valid, visualized in Fig. 5. This
central positioning within B̃valid offers two main advantages.
First, it provides robustness against localization inaccuracies
and inter-subject anatomical variations; second, it signifi-
cantly increases the manipulability of the US probe. High
manipulability is critical for maintaining consistent probe-
to-skin contact across the body surfaces and to facilitate
explorative scanning maneuvers such as fanning and tilting.
Statistical evaluation confirms higher manipulability for b∗

i
relative to fixed baselines (p < 0.05 for most targets).
This improvement is illustrated for the liver in Fig. 5,
which contrasts the manipulability maps of the different
base pose strategies. The CSA is performed once during
initial system configuration using the ATLAS model (5 cm
floor discretization; 1 cm skin surface resolution), requiring
approximately 11.86 h. The runtime could be reduced by
using a coarser spatial resolution, at the cost of reduced
CSA completeness. However, the CSA characterizes the
workspace of the proposed system based on its hardware con-
figuration and is therefore independent of the individual body
geometry. Consequently, it only needs to be precomputed
once during the initial system configuration. During clinical
application, the atlas-based approach facilitates a direct
application of the precomputed CSA to the case-specific
body geometry, enabling, e.g., real-time estimation of the
base pose for US scanning. The simulation experiments
further indicate robust target localization performance under
typical anatomical variations across different body types.
Future work could investigate the performance for more
complex cases, such as in obesity or severe trauma
cases.

B. QUANTITATIVE LAB EVALUATION
Fig. 6a shows an acquired RGB-D surface scan of the
body phantom. In Fig. 6b, the segmented target structure
volumes are visualized together with the RGB-D surface
scan in the world frame. Table 4 reports the results of the
repeated US experiments conducted in the laboratory. All US
scans fully covered the whole target structure. In the world
frame, the liver shows the largest localization deviations
with a mean ASSD of 3.51 ± 2.44 mm and a mean HD95
of 7.78 ± 4.76 mm. These values represent the cumulative
effect of segmentation inaccuracies and global localization
deviations. To estimate the localization variability introduced
by MORUSS navigation, we compute the difference between
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FIGURE 4. Body surface of an exemplary CT scan used in the simulation analysis, with the planar xy-projection of the target structure Oi indicated by a
blue rectangle. The floor heatmap visualizes the target coverage Ci (b) evaluated over the search space B. The color of each pixel quantifies the
percentage of the target volume that can be reached from that specific base pose b, ranging from 0% (black) to 100% (white). The dotted black
boundary indicates the high-coverage subset B̃valid ⊆ B, where Ci (b) ≥ 95%. This mapping illustrates the spatial distribution of feasible base poses
relative to the target anatomy.

FIGURE 5. The body surface of an exemplary CT scan used in the simulation analysis is shown with the liver as target structure (dotted black
rectangle). Two distinct heatmaps are visualized, with higher values corresponding to better performance. First, the grayscale floor heatmap
visualizes the target coverage Ci (b) evaluated over the search space B. The color of each pixel quantifies the percentage of the target volume that
can be reached from that specific base pose b. Lighter regions indicate a higher percentage of the target volume reachable from that specific base
pose. Second, the resulting kinematic capability to place the US probe onto the skin is projected onto the body surface for a selected base
pose (red cross). This color-coded heatmap represents the local normalized manipulability M̂(b) of the US probe for each point on the skin
surface. The comparison between the fixed baseline poses and the atlas-derived target-specific pose illustrates the influence of base positioning
on manipulability.

the world frame error and the error obtained after ICP
alignment. The largest variance was observed for the liver,
with a difference of 2.55mm in ASSD and 4.86mm in HD95.
These results indicate that the spatial localization accuracy of

the overall workflow lies in the millimeter range. The mean
SNR and CNR are reported in Table 4.

The laboratory experiments confirmed complete coverage
of the target structure in the US volumes across all targets and
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TABLE 4. Quantitative analysis of the US scans acquired in the laboratory
experiments, using ASSD, HD95, and Dice scores relative to the consensus
segmentations. The three target structures liver, heart, and leg vein are
evaluated within the world frame and after ICP alignment. Additionally,
the image quality is analyzed by SNR and CNR. All values represent the
mean ± standard deviation across N = 5 experimental trials.

FIGURE 6. Visualization of the acquired body phantom data. One
representative scan per target in the world frame is shown. (a) RGB-D
body surface scan of the body phantom with femoral vein (A), liver (B),
and heart phantom (C). (b) For each target, the segmented inclusions
(red) from the acquired US scan volume are represented within the world
frame Fworld. (c) A reconstructed US volume of the leg vein phantom
corresponding to position (A) is visualized using MATLAB volume
rendering with a linear alpha map and grayscale colormap. (d) The same
reconstructed US volume is shown with the segmented leg vein overlaid
in orange.

varying starting positions of the MORUSS, demonstrating
the repeatability of the scanning workflow. The observed
localization errors of approximately 5mm in laboratory
experiments were compensated by a local RGB-D surface
acquisition prior to US scanning. The observed Dice Score
variability, particularly for small structures such as the
femoral vein, reflected segmentation sensitivity rather than
incomplete imaging. These results demonstrate that the
MORUSS can reliably perform autonomous US scans of
different target structures.

The US image quality was sufficient for volumetric
reconstruction and structure segmentation. However, future

FIGURE 7. Visualization of legal medicine data from an example corpse.
All modalities are registered in the world frame. (a) The registered and
segmented CT data serve as a spatial reference and are used to validate
that the US scans captured the intended anatomical target. (b) We
visualize the RGB-D scan and the CT volume using a checkerboard overlay
to illustrate their spatial alignment. Note that we blurred areas for
anonymity. (c) Example US images of the liver and (d) a vessel.

iterations should focus on optimizing the US image parame-
ters to fulfill diagnostic standards.

C. REAL-WORLD EVALUATION
Fig. 7 shows a checkerboard-style multi-modality visualiza-
tion of the corpse in 3D Slicer, including the segmented
CT target structures and the RGB-D surface point cloud.
The RGB-D scan captures the body surface in detail,
including features such as a bruise from cardiopulmonary
resuscitation. The corresponding CT and US images confirm
spatial alignment and anatomical correspondence between
modalities. Although diagnostic image quality was not
a primary endpoint of this study, visual review by two
experienced clinicians confirmed that relevant anatomical
structures and landmarks were identifiable and clinically
interpretable, including organ boundaries, major vascular
structures, and relevant soft-tissue interfaces. The resulting
image quality was considered comparable to that routinely
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FIGURE 8. US and CT data acquired in the legal medicine. (Left column) For each corpse, the 3D CT scan is cropped at the plane of a representative US
image to visualize the internal anatomy. (Right column) The corresponding 2D view of the CT cross-section along the US imaging plane is shown with the
US image overlaid. All modalities are registered in the world frame.
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encountered during conventional post mortem US examina-
tions with manual probe placement on the body surface. This
demonstrates the capability of the MORUSS to perform US
acquisition within a legal medicine framework, where all
modalities (RGB-D, CT, US) are consistently aligned within
the world frame to provide a multimodal visualization for the
clinician.

Fig. 8 presents representative US images for all corpses,
overlaid with the corresponding CT slice and the segmented
target structure from the clinician. Generally, the US images
successfully visualize the intended target structures. The
spatial validation with the CT reference model confirms
anatomical correctness. In Fig. 8d, the kidney appears
partially truncated in the US image due to acoustic shadowing
from bone structures. Note, that in future work these effects
could be further mitigated by advanced scan path strategies
that consider adaptive probe orientation to optimize acoustic
windows and improve image quality [53]. Beyond that,
there is further potential to enhance performance using
machine learning methods, in particular for US image quality
assessment [27], [54], [55] and localization of anatomical
structures in point clouds [19], which could further refine the
workflow.

The legal medicine experiments were conducted on four
corpses, representing typical anatomical body types in legal
medicine. Cases involving more complex body types, such as
severe obesity, were not considered within the scope of this
study. Nevertheless, these cases represent a relevant direction
for future work, as they may introduce additional challenges
and potentially limit US imaging performance due to acoustic
penetration constraints. However, based on expert assessment
by the co-authors active in legal medicine, most routine foren-
sic examinations involve body types within the normal range
and are not substantially affected by extreme obesity or severe
trauma. Therefore, the selected corpses are considered rep-
resentative of common forensic practice. Hence, despite the
limited sample size, the experiments demonstrated the robust-
ness of the proposed system within the scope of this study.

Beyond technical development, ethical and regulatory
aspects are important for the future integration of autonomous
robotic US into clinical workflows. Recently, these aspects
have gained interest in research [13], [56]. This also includes
operational requirements such as interaction with clinical
personnel, advanced obstacle detection, and standardized
calibration procedures that should be regularly performed
within the workflow to ensure sustained system precision.
One challenge in this context is that forensic environments
are designed for human operation and are often narrow
and cluttered. This poses additional challenges for reliable
autonomous navigation and safety-aware system behavior.

Overall, the results demonstrate the feasibility of robust
autonomous US scanning with the proposed AI-supported
framework. As outlined in Table 1, the MORUSS differs
from other approaches by integrating a mobile platform
and atlas-based internal anatomy localization, enabling fully
autonomous US scanning across the entire body tested in

a post mortem legal medicine setting. The legal medicine
experiments verify the system’s real-world applicability,
particularly its ability to reliably capture clinically relevant
structures. Furthermore, theMORUSS does not require direct
contact between clinician and corpse, which can be beneficial
in legal medicine scenarios with, e.g., highly infectious
corpses.

V. CONCLUSION
In this work, we introduced a novel mobile robotic US
system. In contrast to typical approaches for robotic
US in clinical settings, the proposed system can move
autonomously to reach target structures across the whole
body. Moreover, the system can autonomously localize a
body, estimate the anatomical target structure within, and
generate a US scan path covering the respective structure.
This allows for an unprecedented level of autonomy, enabling
US image acquisition for targets along the full body and with
minimal human contact and intervention. In the context of
legal medicine, this level of autonomy could reduce clinician
workload and help lower infection risks.

To this end, we evaluated different aspects of the system.
First, we showed that suitable positions of the system’s
mobile base can be determined based on a surface scan and
an atlas model. Second, our lab evaluation illustrated that the
system can robustly reach the planned target regions with
sufficient precision to ensure full coverage of the respective
structures in the US images. Finally, we demonstrated that the
approach is feasible in a real legal medicine setting.

Beyond legal medicine, mobile robotic US may also be
beneficial in other clinical settings, such as telemedicine.
The proposed approach does not require a fixed setup with
respect to the body, andmotion planning andUS scanning can
be realized without human intervention. Hence, the system
represents an important step towards fully autonomous US
imaging.
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