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Abstract— Healthcare-Associated Infections (HAIs) remain a
critical challenge, with surface contamination representing a
key transmission vector. Current sampling procedures are per-
formed manually, exposing operators to risks and introducing
variability in data collection.

The proposed pipeline combines YOLOv8-based target detec-
tion, surface localization, depth-derived geometric representa-
tion and fixed-base swabbing trajectory validation. Autonomous
base navigation is treated as an upstream capability, while
the proposed contribution focuses on perception-guided surface
modeling and swabbing execution. The swabbing mission is
divided into an arm reaching step and a trajectory execution
step, with contact and tool-orientation constraints enforced only
during trajectory execution.

The framework is evaluated through a fluorescence-based
protocol that compares robotic and manual sampling. Human
sampling achieves a higher mean raw fluorescence signal
(mean ;. = 26080.5, standard deviation o = 8371.8), whereas
robotic sampling yields slightly lower values (u = 24713.5,
o = 7794.1). The coefficients of variation are similar, with
32.1% for manual sampling and 31.5% for robotic sampling.
These findings support the feasibility of perception-guided
robotic surface sampling under controlled conditions, without
establishing superiority over expert human performance.

I. INTRODUCTION

Healthcare-Associated Infections (HAIs) represent a major
global health concern, contributing to increased mortality,
prolonged hospital stays and a significant economic burden
on healthcare systems. According to international health
agencies such as the World Health Organization (WHO) and
the European Centre for Disease Prevention and Control
(ECDC), HAIs affect millions of patients each year, high-
lighting the need for effective prevention and reliable moni-
toring strategies. Among the various transmission pathways,
surface contamination has been identified as a critical vector,
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especially in high-risk clinical areas such as intensive care
units. Several studies have demonstrated that pathogens can
persist on inanimate surfaces and contribute significantly to
cross-transmission dynamics [1]-[3].

Current environmental surface sampling procedures are
predominantly manual and remain heterogeneous across
studies and protocols. Differences in sampling tools (e.g.,
swabs, sponges, contact plates), sampled area definition,
applied pressure, trajectory execution and surface coverage
affect the reliability and comparability of collected measure-
ments [4], [S]. Even under controlled conditions, swabbing
performance can depend on operator execution and protocol
details, influencing recovery efficiency and measurement
variability [6]. These limitations motivate robotic solutions
that can support more reproducible sampling procedures
while reducing direct operator exposure to potentially con-
taminated surfaces.

In recent years, robotic systems have been increasingly in-
vestigated for environmental monitoring and contamination-
sensitive operations, particularly in structured and industrial
settings. Examples include robotic platforms for aseptic
environmental monitoring, closed robotic work cells for
contamination control and robotic swabbing systems in food
safety applications [7]-[9]. Although these works confirm
the feasibility of automating sampling or contamination-
control procedures, they are typically task-specific, operate
in highly structured environments, or are not integrated with
general-purpose mobile manipulation platforms. As a result,
the development of robotic pipelines that combine target
detection, surface localization and contact-aware sampling
execution remains an open research direction, especially for
healthcare-oriented monitoring operations.

From a robotics perspective, surface sampling is a contact-
intensive manipulation task, requiring persistent interac-
tion between the robot end-effector, the tool and the tar-
get surface. This distinguishes it from standard pick-and-
place or collision-free motion planning tasks and motivates
constrained motion planning, force/contact-aware control
and trajectory validation under task-specific admissibility
constraints [10]-[12]. Recent constrained manipulation ap-
proaches provide useful formulations for enforcing task-
space constraints [13], while reinforcement-learning-based
control methodologies have also been investigated for au-
tonomous decision and stabilization problems in uncertain
dynamical systems [14]. However, such methods are rarely



combined with perception-derived surface reconstruction
and experimentally evaluated for healthcare-oriented surface
sampling.

In this context, the present work addresses the gap between
the need for standardized healthcare surface sampling and
the lack of robotic frameworks integrating perception-driven
surface reconstruction with contact-consistent sampling exe-
cution.

The broader system includes perception, planning and
control, but this work focuses on vision-based target de-
tection, surface localization and fixed-base swabbing, while
autonomous base navigation is treated as an upstream capa-
bility.

The added value lies in integrating target detection, depth-
derived planar surface modeling, swabbing trajectory valida-
tion and fluorescence-based feasibility evaluation on a real
mobile manipulator.

The framework is evaluated through a controlled
fluorescence-based protocol comparing robotic and manual
sampling. The results show that human sampling achieves
higher mean collected fluorescence, whereas the robotic sys-
tem exhibits comparable relative variability under standard-
ized experimental conditions. Therefore, the experimental
comparison is interpreted as a feasibility analysis of robotic
surface sampling, rather than as evidence of superiority over
human operators.

The main contributions of this work are:

« a perception-guided mobile manipulation pipeline inte-
grating target detection, depth-derived surface modeling
and fixed-base swabbing trajectory validation;

¢ a kinematic validation model for the swabbing phase
under geometric contact consistency constraints;

e a custom target detection model and its quantitative
evaluation on manually annotated scenes;

o a fluorescence-based feasibility comparison between
robotic and human surface sampling.

II. PROBLEM FORMULATION

Surface sampling is formulated as a classical constrained
contact manipulation task. The overall pipeline includes an
upstream target reaching phase and a fixed-base swabbing
phase. During target reaching, the robot detects the target
object, identifies the corresponding surface of interest and
reaches a pre-sampling pose in front of the target surface.
In this paper, the contribution to this phase is limited to
target detection and surface localization; autonomous base
navigation is assumed to be available and is not further
investigated.

The swabbing phase starts once the robot is positioned in
front of the target surface and the mobile base is stopped. We
denote by k = 0 the initial discrete instant of the swabbing
mission. The swabbing phase is divided into two sequential
steps: an arm reaching step, in which the manipulator moves
the swab to the first validated contact point without imposing
surface contact; a trajectory execution step, in which the
swab tip follows the validated surface trajectory. Let kj
denote the first instant of contact with the target surface and

the transition index between the arm reaching step and the
trajectory execution step, and let N denote the final discrete
instant of the fixed-base swabbing mission. Contact and tool-
orientation constraints are imposed only for k = kg,..., N,
whereas the constant base pose, collision-avoidance, joint-
limit and velocity-limit constraints are checked for k£ =
0,...,N.If any of these constraints is violated, the swabbing
mission is considered invalid.

Contact modeling assumptions. Physical contact is modeled
geometrically with respect to the depth-derived estimate of
the target surface. Force regulation, friction, compliance and
contact dynamics are not modeled in this formulation and are
left for future work. Therefore, the contact condition below
should be interpreted as a geometric contact constraint, not
as a force-based contact-control model.

A. Kinematic and Surface Representation

Let n € N denote the number of arm joints and let g, €
R™ be the arm joint configuration at discrete instant k. The
candidate joint-space trajectory of the fixed-base swabbing
mission is

Q — concat (Cgarm7 Qcontact) — {q07 e qN}7
where Qarm — {q07 . 7%5—1} and Qcontact
{qk,,-..,qn} denote the arm reaching and trajectory exe-

cution segments, respectively.

Let {WW} denote the world frame and { B} the robot body
frame. The homogeneous transformation W Tz (k) € SE(3)
denotes the pose of the robot body frame with respect to the
world frame at discrete instant k. Since the mobile base is
stationary during swabbing, this pose must remain constant:

WTg(k) =" Tg(0), k=0,...,N.
The swab-tip pose with respect to the robot body frame is

BRy By
BTtip(Qk): tg(Qk) pti(Qk) ESE(?)),

where Bpgp(gr) € R3 is the swab-tip position and
BRup(qr) € SO(3) is the swab-tip orientation, both ex-
pressed in the robot body frame.

Let {S} be the local frame attached to the estimated target
surface, with pose ®Ts with respect to {B}. Its rotation

matrix is
B B B B
Rg = [ Sy Sy ng] ,

where Bs, and Ps, span the tangent plane and Png is the
estimated unit surface normal.

In this feasibility study, the target surface is assumed to be
locally planar, consistent with the class of hospital surfaces
considered in the experiments, such as bedside tables, trays,
worktops and other high-touch planar surfaces [5]. The
estimated planar patch is

u
05+BR5 v,
0

B

SB = BxS(ua U) = (’LL, 'U) € QS )

where Pog is the origin of the local surface frame, (u,v)
are local surface coordinates and Qg C R? is the bounded



admissible sampling region. Extension to curved or non-
planar surfaces is left for future work.

B. Validation Constraints

During trajectory execution, the swab tip is required to
remain on the estimated surface patch Sp within a tolerance.
Let Ppiip (i) denote the swab-tip position expressed in the
robot body frame. The signed distance of the swab tip from
the estimated tangent plane, measured along the estimated
unit normal Zng, is defined as

ds(qr, uns ve) = Pnd (Ppup(ar) — Pas(uk, vr))

where (ug,vi) € Qg denotes the local surface coordinates of
the planned contact point at discrete instant k. The geometric
contact constraint requires this signed distance to remain
within the admissible tolerance:

\ds (g, ugsvi)| < 8y k=ks...,N,

where 0. accounts for depth noise, calibration uncertainty
and finite swab-tip size.

The tool orientation must also remain compatible with the
estimated surface normal:

Bnd B zip(qr) > cos(e), k=ks...,N,

where Bz, (qx) = B Rup(qr)e. is the unit tool axis ex-
pressed in the robot body frame, with e, = [0,0,1]". This
constraint bounds the angular deviation between the swab-tip
axis and the estimated surface normal by e.

Over the whole swabbing mission, the trajectory must
satisfy joint limits, velocity limits and collision avoidance.
In particular, the swab must avoid unintended collisions
with detected obstacles, while the arm links must avoid
collisions with both obstacles and the target surface. The
only admissible target-surface contact is the intended swab-
tip contact during trajectory execution.

C. Problem Statement

The surface sampling task is formulated as a standard
trajectory validation problem. Given a candidate swabbing
trajectory (Q, the objective is to verify that the following con-
straints are satisfied over their corresponding index ranges:

WTy(k) =" Tg(0), k=0,...,N,
|ds (qr, ur, vi)| < e, k=ks...,N,
(ug, vg) € s, k=ks...,N,
BndBzip(qr) > cos(e), k=ks...,N,
Gewab(q) N O =0, k=0,...,N,
LEg)N(OUSE) =0, i=1,...,n4 k=0,...,N,
Gmin < Gk < Gmax; k=0,...,N,
ldk| < Gmax, k=0,...,N.

(1)
where Guwab(gr) is the occupied volume of the swab at
configuration g, O is the set of detected obstacles excluding
the target surface and L£3™(qy) is the collision geometry
of the i-th arm link, with n, denoting the number of arm
links considered in the collision model. The vectors ¢,;, and

(max denote the lower and upper joint limits, respectively.
The vector ¢ denotes the discrete joint velocity at instant k,
while ¢pax 1S the maximum admissible joint-velocity vector.
The inequalities involving g and ¢y are intended component-
wise.

A swabbing trajectory satisfying all constraints in Eq. (1)
is defined as valid and can be executed for surface sampling.

III. SYSTEM OVERVIEW

The proposed method is developed within a perception-
guided robotic pipeline for surface sampling. The overall sys-
tem includes target detection, surface localization, trajectory
generation, validation and execution. The contribution to the
target reaching phase concerns vision-based detection and
surface localization, whereas autonomous base navigation is
treated as an upstream capability. Accordingly, this section
summarizes the computational pipeline used to transform
perception data into a body-frame surface representation and
to generate and validate fixed-base swabbing trajectories.

As summarized in Fig. 1, the pipeline is structured into
the following main components:

o Sensor Acquisition: the robot acquires an RGB image
Ircs and the corresponding depth/LiDAR measurement
Ip. The transformation from the depth sensor frame to
the robot body frame is denoted by ZTp.

o Perception Mapping: RGB and depth/LiDAR data are
mapped into a body-frame representation of the target
surface:

Ppore : (Iras, Ip, PTp) — (Pp, Mg, Sp, BTs),

where Pp is the target point cloud, Mp is the recon-
structed local surface mesh or planar model, S B is the
admissible surface patch and BTy is the local surface
frame. The target object is detected using a fine-tuned
YOLOvVS model and the resulting region of interest is
combined with depth/LiDAR data to reconstruct the
local surface geometry.

o Trajectory Planning: given Sg, the planner generates
N, desired swab-tip contact poses:

d _ fBpd N
¢ T, j}j:1'

(I)plan : SB = tip — tip,

Here, N, denotes the number of planned contact poses
and the superscript d denotes desired quantities. Each
pose specifies a contact point on the surface and a
tool orientation compatible with the estimated surface
normal. The corresponding joint-space trajectory is ob-
tained through sequential inverse kinematics:

— Q — concat (Qarm’ Qcontaot) .

Validation and
Execution

Architecture of the proposed perception-guided surface sampling
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Formally, ®1x denotes a sequential numerical inverse-
kinematics map based on damped least-squares task-
space error minimization, continuity regularization and
joint-limit enforcement [15].
The IK objective minimizes a weighted task-space pose
error regularized toward the previous valid configura-
tion, subject to joint limits. In the current implemen-
tation, the candidate joint-space trajectory is generated
through sequential numerical inverse kinematics, while
low-level trajectory execution is handled through the
robot control stack. Candidate trajectories are then
checked against the admissibility constraints introduced
in Section II. The use of sequential decision and control
strategies is consistent with previous learning-based
control formulations proposed for uncertain dynamical
systems [16].

« Validation and Execution: validation and execution
are treated jointly. A candidate trajectory is evaluated
through the validation map

V: (Q,S&O) = (v,1),

where v € {0,1} is a binary validity flag and 7
denotes validation and execution metrics. The trajectory
is accepted only if the constant base pose, joint-limit,
velocity-limit, collision-avoidance, contact and orien-
tation constraints are satisfied over the index ranges
specified in Section II. Since the prototype does not
include force or tactile sensing at the swab tip, execution
success is summarized by

Hexec = hcontact hcollision hcompletion ;

where the three binary terms indicate visible contact
maintenance, absence of unintended collisions and com-
pletion of the trajectory, respectively.

The following section details the proposed method for
perception-to-geometry mapping, contact-aware trajectory
generation and execution-level validation, operationalizing
the admissibility conditions defined in Section II.

IV. PROPOSED SAMPLING FRAMEWORK

This section describes the implementation of the proposed
perception-guided robotic surface sampling framework. The
implemented workflow consists of RGB-depth acquisition,
YOLOvVS8-based target detection, depth projection into the
robot body frame, planar surface estimation, generation of
N, contact waypoints, sequential inverse kinematics, con-
straint validation and execution-level feedback.

A. Perception-to-Geometry Mapping

Given the inputs Irgp and Ip defined in Section III, the
target object is localized using a YOLOVS object detector
fine-tuned on a custom dataset of bedside-table scenes ac-
quired from different viewpoints and illumination conditions,
including daytime and nighttime acquisitions. Images were
initially annotated manually in Label Studio and then refined
through a human-in-the-loop workflow based on a Label
Studio ML backend [17], with model-assisted predictions

visually checked before inclusion in the final dataset. Top-
surface annotations include both obstacle-free and partially
occupied surfaces, allowing the perception module to identify
the subset of the target surface that remains available for
sampling. Accordingly, Sz represents the admissible sam-
pling region, obtained by excluding occupied or obstructed
areas from the detected top surface.

The detected region is then combined with the
depth/LiDAR measurement to reconstruct the local 3D ge-
ometry of the target surface. Valid depth samples inside the
region of interest are back-projected into 3D and transformed
into the robot body frame using the frame transformations
provided by the Boston Dynamics perception and robot-state
modules. The resulting body-frame point cloud is filtered to
remove outliers and points outside the target region.

Since the surfaces considered in this study are assumed to
be locally planar, the filtered point cloud is approximated by
a planar surface model. The estimated surface centroid and
normal define the local surface frame {S} and the admissible
surface patch Sp introduced in Section II. This represen-
tation provides the geometric input for the generation of
contact waypoints and the validation of the trajectory.

B. Trajectory Generation and Execution-Level Validation

The trajectory generation module operates after the target
reaching phase has been completed. At this stage, the robot is
positioned in front of the target surface and the mobile base is
stationary. The fixed-base swabbing mission is composed of
an arm reaching segment and a trajectory execution segment.
The arm reaching segment moves the swab from its initial
configuration to the first validated contact waypoint without
imposing surface contact, while the trajectory execution
segment follows the validated contact path on Sk.

Given the estimated surface patch, the trajectory execution
segment is constructed as a sequence of N. contact way-
points with positions on S and tool orientations compatible
with the estimated surface normal. The corresponding joint-
space trajectory is generated by the sequential IK procedure
introduced in Section III and executed through the robot
control stack.

A trajectory is accepted only if the constant base pose
constraint, collision-avoidance constraints, joint-limit con-
straints and velocity-limit constraints are satisfied over the
whole swabbing mission, and if the contact and orientation
constraints are satisfied during trajectory execution. If any of
these checks fails, the swabbing mission is rejected.

Since the current prototype does not include force or
tactile sensing at the swab tip, execution-level feasibility is
assessed through the human-evaluated score Hexe. defined
in Section III. The system should therefore be interpreted
as a perception-guided, geometrically validated execution
pipeline rather than as a closed-loop contact-control system.
Closed-loop sampling with online re-planning, force feed-
back, tactile sensing and adaptive contact control is left for
future work.



V. EXPERIMENTAL FEASIBILITY EVALUATION

This section presents a controlled experimental feasibility
evaluation of the proposed robotic sampling procedure. The
objective is not to demonstrate superiority over manual
sampling, but to assess whether robotic sampling can produce
measurable fluorescence recovery with variability compara-
ble to manual execution under standardized conditions.

A. Experimental Setup

The robotic platform used in the experiments is the Boston
Dynamics Spot legged robot equipped with the Spot Arm,
which provides six degrees of freedom and an integrated
gripper. For robotic sampling, a rack with six sterile col-
lection tubes was manually mounted on the robot body
(see Fig. 2a). Each tube houses one swab, allowing the
arm to extract a swab before sampling and reinsert it after
task completion. At the end of the mission, the tubes can
be manually removed and transported to the laboratory for
analysis.

The evaluation is conducted using a fluorescence-based
protocol. A known quantity of fluorescein is uniformly
applied to a planar target surface and subsequently collected
using a standardized swab (Copan 952C, Copan Diagnostics)
in both manual and robotic trials. Sampling is performed
over a structured 6 x 2 grid, corresponding to N, = 12
contact waypoints in the experimental protocol, to promote
consistent spatial coverage across trials following ISO 18593
guidelines. The same sampling material, surface preparation
procedure and fluorescence analysis protocol are adopted for
both experimental conditions (see Fig. 2b).

In the experiments, J. is set to 0.0015 m and is used as
the admissible bound on the signed distance between the
swab tip and the estimated sampling plane. This parame-
ter accounts for residual uncertainty due to depth sensing,
surface fitting, frame transformations and the finite size of
the swab tip. The candidate arm trajectory is computed
through a sequential numerical inverse-kinematics solver
based on damped least-squares updates. At each contact
waypoint, the previous valid arm configuration is used to
initialize the solver, so as to promote joint-space continuity
and reduce abrupt configuration changes. The resulting joint
trajectory is accepted only if the geometric contact tolerance,
tool-orientation constraint, joint limits, velocity limits and
collision-avoidance checks are satisfied.

A total of 72 trials are performed with the robotic system
and 72 with manual operators under the same protocol.
Each trial consists of surface preparation, sampling ex-
ecution, sample collection and fluorescence measurement
using a spectrofluorometer (Infinite 200 Pro, Tecan Group
Ltd.). Background-corrected fluorescence is computed by
subtracting the baseline signal obtained from blank samples.
Fluorescence values are reported in arbitrary units (a.u.).

B. Metrics and Results

Detection performance is evaluated on manually reviewed
validation and test scenes using precision P, recall R, F1

(b)

Fig. 2.
swabs; (b) fluorescein-marked planar sampling grid.

Experimental setup: (a) robot-mounted rack with sterile tubes and

score, mMAP@0.50 and mAP@0.50:0.95. The YOLOv8m de-
tector is fine-tuned from pretrained weights on 1550 training
images and 173 validation images, with 20 additional public
images used for external inference. Training uses 640-pixel
inputs, batch size 16, SGD, initial learning rate 1072, dropout
0.2 and early stopping with patience 5, reaching convergence
after approximately 30 epochs.

Table I shows high precision and mAP@0.50, indicating
reliable target localization under the validation conditions.
The lower mAP@0.50:0.95 reflects the stricter localiza-
tion requirement across multiple IoU thresholds, while the
precision—recall balance supports the detector as an upstream
module for surface-based trajectory generation.

Sampling performance was evaluated using the mean
raw fluorescence signal, standard deviation, coefficient of
variation (CV = 1000/pu) and background-corrected mean
fluorescence. Execution-level feasibility was also monitored
using the human-evaluated score Hoye. defined in Section
III, which summarizes visible contact maintenance, absence
of unintended collisions and task completion.

As shown in Table II, manual sampling achieved a
higher mean collected fluorescence signal in both raw
and background-corrected measurements. Robotic sampling
yielded slightly lower mean values, while the coefficients of
variation were similar across the two methods. These results
indicate comparable relative dispersion under controlled con-
ditions, but do not establish superiority of robotic sampling
over manual execution. All robotic trials included in the
analysis completed the planned trajectory without visible loss
of contact or unintended collisions, resulting in Heyeo = 1.

TABLE I
QUANTITATIVE DETECTION PERFORMANCE OF THE FINE-TUNED
YOLOV8M MODEL USED FOR TARGET LOCALIZATION.

Prec. Rec. F1
0.9562 0.8760 0.9144

mAP@0.50 mAP@0.50:0.95
0.9572 0.7186




TABLE 11
COMPARISON BETWEEN MANUAL AND ROBOTIC SAMPLING.
FLUORESCENCE MEASUREMENTS ARE EXPRESSED IN ARBITRARY UNITS
(A.U.). “BC” DENOTES BACKGROUND-CORRECTED MEASUREMENTS.

Mean Std CvV Mean
Method .0 (aw] raw[aw] [%] be [au]
Manual 260805 83718 3201 214927
Robot 247135 77941 315 206273

C. Discussion

The results should be interpreted as a feasibility com-
parison rather than as evidence of robotic superiority. Man-
ual sampling recovered a higher mean fluorescence signal,
whereas robotic sampling showed comparable relative vari-
ability. The lower mean value obtained by the robot may be
related to differences in contact execution and to the current
mechanical setup, including swab handling, air exposure
during transfer from the target surface to the body-mounted
rack and reinsertion into the collection tube.

The inclusion of partially occupied top-surface annotations
further supports sampling-area selection under moderate
surface occlusion, although systematic stress testing under
severe clutter, reflective surfaces and highly variable lighting
remains future work.

The current prototype validates contact geometrically and
through human-evaluated feedback, without force or tactile
measurements. Therefore, force consistency remains outside
the scope of the present validation and will be addressed
through dedicated sensing. The fluorescence-based protocol
provides a controlled and repeatable proxy for sampling
performance, but does not fully capture microbial adhesion,
survival, or air-exposure effects. Validation with clinically
relevant microbial samples is left for future work.

VI. CONCLUSION

This work presents a feasibility study of a perception-
guided robotic framework for healthcare-oriented surface
sampling. The proposed approach integrates YOLOvVS-
based target detection, depth-derived surface localization and
constraint-based validation of fixed-base swabbing trajecto-
ries.

The experimental evaluation shows that manual sampling
achieves a higher mean fluorescence signal, while robotic
sampling exhibits comparable relative variability under con-
trolled conditions. These findings support the feasibility of
robotic surface sampling as a step toward more standardized
monitoring workflows, without establishing superiority over
expert manual sampling.

Future work will extend the evaluation to non-planar
surfaces, cluttered environments and clinically relevant mi-
crobial contamination. In addition, the current perception-
guided execution pipeline will be extended toward a closed-
loop sampling framework by integrating force and tactile
sensing, quantitative contact-force measurement, online tra-
jectory adaptation and mechanical optimization of the swab-
handling rack.
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