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Preliminary Motor Assessment of a Post-Stroke
Rehabilitation and Cognitive Evaluation Protocol
Using a Service Robot with Eye-Tracking
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Abstract—The efficacy of upper-limb robotic rehabilitation
post-stroke remains uncertain, with potential benefits influenced
by training protocols and patient characteristics. Research aims
to develop ecological protocols that allow personalized interven-
tions based on impairment, functional abilities, and individual
needs. This paper presents a preliminary study on the motor as-
sessment component of a robotic rehabilitation protocol that will
integrate motor and cognitive evaluation through eye tracking
and kinematic analysis. The approach utilizes a bimanual robotic
platform with a front-facing camera to guide subjects through
gestures like reaching and bringing the hand to the mouth,
adjusting movements based on motor and cognitive responses.
Real-time vocal feedback enhances interaction, while movement
parameters dynamically adapt to response time, motor perfor-
mance, and task comprehension. Motor assessment combines
data from the robot camera and two additional depth sensors,
enabling near real-time kinematic and dynamic analysis, as
well as an indirect evaluation of motor control. The cognitive
assessment is planned to leverage eye-tracking technology for
measuring ocular parameters related to attention and cognitive
function. The paper focuses on the motor assessment component,
presenting preliminary tests using a fixed-camera setup to refine
the protocol for future integration with a mobile robotic platform.

Index Terms—stroke, eye tracking, robot, motor assessment,
cognitive assessment

I. INTRODUCTION

Stroke is a major cause of long-term disability in Western
countries, with approximately 70%-80% of stroke survivors
facing limitations in Activities of Daily Living (ADLs) due
to motor impairments in their more affected upper limb [1].
Many patients do not regain functional use of the paretic
arm, and at six months post-stroke, around 25%-53% remain
dependent on at least one ADL task. Various rehabilitation
interventions are implemented to recover upper-limb function.
However, high-quality evidence of their additive effect is still
lacking [2]. Given the diversity of stroke-related impairments,
personalizing treatment by selecting the most appropriate
intervention and adjusting its parameters based on the patient’s
needs is crucial [3]. Motor and cognitive impairments are
typically assessed using standardized clinical tools, such as the
FMA, ARAT, WMFT, and MAS for motor function, and the
MMSE, SLUMS, and IQCODE for cognition [4], [5]. While
standard assessments offer valuable clinical information, they
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can be complemented by objective, fast, and adaptable in-
strumental measures. To support personalized rehabilitation,
we developed a robotic protocol using a mobile bimanual
platform (TIAGo, PAL Robotics, Spain) that interacts verbally
with the patient and monitors kinematics via a front depth
camera. The protocol integrates an instrumental assessment
targeting both motor (via depth-based kinematic analysis) and
cognitive (via eye tracking) functions. This assessment-driven
approach serves a dual purpose: first, it customizes robotic
rehabilitation parameters based on real-time performance data,
ensuring a tailored intervention; second, it functions as a pre-
and post-intervention evaluation tool, providing quantifiable
metrics to monitor patient progress and assess rehabilitation
program effectiveness. This work presents preliminary tests on
kinematic analysis as part of the assessment protocol, aiming
to validate its potential for tracking motor recovery and refin-
ing rehabilitation strategies. By integrating real-time, objective
measures into the rehabilitation process, this approach seeks
to enhance treatment efficacy and support more targeted and
adaptive stroke rehabilitation interventions [6].

The paper is further structured as follows: Section II
presents the state-of-the-art instrumental assessment in upper-
limb rehabilitation, Section III provides a description of the
proposed rehabilitation approach and assessment protocol,
Sections IV and V present the preliminary tests of the kine-
matic analysis approach and first results. Section VI presents
the discussion and future and the conclusions.

II. BACKGROUND

Originally developed for gait analysis in hospital settings
during the 1990s (Perry, 1992) [7], kinematic analysis ini-
tially focused on lower-limb function. It later expanded to
upper-limb movement, which posed greater complexity. Rau
and Disselhorst-Klug (2000) [8] highlighted the need for
standardized protocols to ensure reliability. Caimmi et al.
(2015) [9] developed a clinically applicable protocol for
upper-limb kinematic analysis, now routinely used to assess
motor function in patients with neurological conditions such
as stroke, Parkinson’s disease, and multiple sclerosis. This
protocol supports clinicians in evaluating performance and
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tailoring rehabilitation strategies to clinical needs. Marker-
based motion capture systems, long the standard for kinematic
analysis due to their high precision, rely on infrared cameras
and reflective markers but are costly and time-consuming.
Markerless systems, using depth cameras and computer vision,
offer faster setup, greater comfort, and clinical feasibility.
While challenges in accuracy—especially for complex hand
movements—opersist, they represent a growing, non-invasive
alternative in rehabilitation [10]. While kinematic analysis
offers valuable insights into motor function, recent advances
enable the integration of instrumental cognitive assessments
into rehabilitation. Eye-tracking technology allows for objec-
tive, non-invasive analysis of attention and cognition through
eye movements [11]. Common metrics—such as pupil size,
blink rate, and saccade patterns—are known to correlate with
cognitive load, increasing with task complexity [10]-[12].
Although typically used in controlled tasks like neuropsy-
chological tests or games [13], its application to motor tasks
remains limited. Notably, Tulimieri et al. [14] linked altered
eye movements to impaired proprioception in the affected
arm of post-stroke patients, highlighting the potential of eye
tracking to uncover visuomotor integration deficits

III. PROPOSED REHABILITATION APPROACH AND
ASSESSMENT PROTOCOL

Building upon successful studies on fully-assisted robotic
movements in upper-limb rehabilitation [15] [16], which
demonstrated that this type of intervention affects EEG ac-
tivation of the contralateral movement-related areas [17], we
designed a rehabilitation protocol incorporating subject-robot
interaction with the Tiago-Pro robotic platform. The inter-
vention is based on functional movements similar to those
used in previous studies, specifically reaching and hand-to-
mouth movements. However, unlike traditional fully-assisted
paradigms, the proposed approach leverages interactive robotic
guidance, where Tiago actively engages the subject through
movement and vocal instructions, facilitating motor learning
and adaptation. The rehabilitation and assessment protocols
are described briefly in this section.

A. Materials

The equipment that will be used during the execution of the
rehabilitation and assessment protocol is as follows:

1) TIAGo Pro. TIAGo Pro (PAL Robotics S.L., Spain) is a
service robot used in this study for delivering motor data
and explanation and illustrating the tasks to be performed.
It is equipped with a series of accessories, sensors, and
software that allow it to interact with the environment
and with people. It has two 7 DoF arms with a maximum
reach of 96 cm, microphones, speakers, and, importantly,
an RGB-D camera located in its head.

2) Azure Kinect. Two additional Azure Kinect (Microsoft
Corporation, Redmond, WA, USA) cameras are used
to complement TIAGo-Pro camera data. These cameras
feature depth sensors, spatial microphones, and RGB

video cameras, allowing for point cloud generation and
human skeleton tracking.

3) Pupil Neon. The ocular data are acquired using Pupil
Neon (Pupil Labs, Berlin, Germany), an eye-tracking
device that features three cameras: two 120Hz infrared
eye cameras with a resolution of 192x192 pixels and
one 30Hz world camera with a resolution of 1600x1200
pixels. Thanks to the software provided by Pupil Labs,
information can be obtained such as gaze data, pupil posi-
tion data, fixations, saccades, blinks, orientation, position,
and pupil diameter.

B. Intervention

The intervention consists of 12 sessions, each lasting 40
minutes, conducted three times per week over a four-week
period. Each session includes:

« Reaching training (10 min): The subject performs lat-
eral, frontal, and medial reaching movements by touching
the robot’s hand as it moves within their peripersonal
space. The robot dynamically adjusts hand position and
speed based on the subject’s performance.

« Repetitive reaching (10 min): The subject executes
a sequence of 10 lateral, 10 frontal, and 10 medial
reaching movements. The robot provides vocal guidance,
indicating which movement to perform.

« Hand-to-mouth training (10 min): Tiago demonstrates
and verbally cues the subject to bring their hand to
their mouth, adjusting the timing of instructions based
on individual execution speed.

o Peripersonal reaching (10 min): The robot moves
the subject’s hand within their reachable workspace to
encourage controlled movements across various spatial
positions.

C. Motor and Cognitive Assessment

Throughout the training, real-time assessment of motor and
cognitive performance is conducted to tailor the intervention.
Kinematic data from depth cameras (integrated into the Tiago-
Pro and additional Azure Kinect sensors) measure the range
of motion, velocity, repeatability, and movement smoothness.
Cognitive engagement is assessed using eye-tracking technol-
ogy, analyzing gaze patterns, ocular metrics, and attentional
focus. The integration of these assessments enables dynamic
adaptation of exercise parameters, ensuring a personalized
rehabilitation experience. The same assessment methodology
is used as a pre- and post-intervention evaluation tool at
baseline (T0) and after four weeks (T1).

To conduct the Motor and Cognitive Assessment, a stan-
dardized position is requested to ensure consistency in data
collection: the participant is seated on a chair with their legs
positioned so that the knee angle is 90°, feet flat on the
ground, and hands resting on their thighs near the pelvis [9].
Once properly positioned, the subject wears the eye-tracking
device, which is connected to a smartphone placed on a surface
behind them. Tiago Pro is positioned 1.5 meters in front of
the subject. Before each task, the robot provides both a verbal
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and physical demonstration of the movement the subject is
required to perform.

The evaluation consists of a structured test (fig. 1), in which
the subject performs:

« 10 frontal reaching movements,

¢ 10 lateral reaching movements,

o 10 medial reaching movements,

e 10 hand-to-mouth movements.

This test is executed with both the affected and less-affected
arms.

D. Metrics

The metrics measured fall into two main categories, motor
and cognitive parameters.

1) Motor Parameters: From the video acquisition using the
Tiago-Pro RGB-D camera and the two Azure Kinect cameras,
a skeletonization process is performed to extract the subject’s
joint positions frame by frame. Data collected by different
cameras are synchronized and filtered using a low-pass filter.
Among the key detected joints relevant to the computation of
our metrics are the positions of the wrists, elbows, shoulders,
head, and hips. Moreover, the target in the reaching test is the
robot’s end effector, whose position is known a priori. After
proper calibration, the reference system of all the cameras
is centered in front of the patient, with the axes oriented as
follows: the y-axis is perfectly aligned with the gravity vector,
the z-axis is perpendicular to the camera plane and parallel to
the floor, and the z-axis is determined using the right-hand
rule.

Every movement is divided into two phases: the Forward
Phase, which begins when the hand moves away from the leg
and ends when it reaches the target, and the Backward Phase,
which begins at the target location and returns to the leg.

Among all the measurable and computable variables, a
relevant set of metrics was selected to assess upper-limb
functionality as in [9]. These measures were chosen to address
three key questions: (1) how fast, (2) to what extent, and (3)
how well-controlled the two performed gestures are.

The selected set of indices includes: - For Hand-to-Mouth
Movement (HtMM): Movement Duration (M D), Elbow An-
gle (E A), Acceleration Coefficient of Periodicity (AC P), and
Normalized Jerk (NN.J). - For Reaching Movement (RM):
Movement Duration (M D), Elbow Angle (FA), Angle of
Arm Flexion (AAF'), Acceleration Coefficient of Periodicity
(ACP), and Normalized Jerk (N J).

The duration of movement (M D) is computed as the time
taken by the subject to complete the Forward Phase and the
Backward Phase.

Knowing the spatial positions of the relevant arm joints,
the unit vectors of the upper arm (u,) and forearm (uy) are
computed as follows: u, is obtained as the normalized vector
difference between the elbow and shoulder positions, while
uy is derived as the normalized vector difference between the
wrist and elbow positions. From these, the elbow angle (F A)
is calculated as the arccosine of the dot product between the
two unit vectors. Similarly, the arm angle (AAF) is defined

as the angle between the unit vector u, (aligned with the
y-axis) and u,. Considering these angles, it is possible to
determine the subject’s range of motion. AAF' can be used
to determine a subject’s maximum ability to raise their arm in
various configurations based on their target position, as well as
their maximum angle in case of flexion, abduction, or addition.
Observing the E'A, one obtains information on the maximum
extension of the elbow, which corresponds to the angle of fine
movement.

Among the selected metrics, the ACP and NJ are particu-
larly important, as they serve as indirect indicators of the sub-
ject’s motor control ability [9]. AC P provides insights into the
rhythmicity and consistency of movement execution, reflecting
the ability to generate smooth and repeatable motion patterns.
NJ, on the other hand, quantifies movement smoothness by
measuring the rate of change in acceleration, with lower
values indicating more fluid and controlled movements. These
parameters are crucial for assessing motor function recovery
and evaluating the effectiveness of rehabilitation interventions.

ACP is computed based on the singular value decomposi-
tion (SVD) of the acceleration vectors, normalized over time,
for a given movement phase (e.g., forward or backward motion
in a task). Once the acceleration matrix is obtained, SVD is
applied, yielding the matrix S, which contains the singular
values of the acceleration matrix in descending order. AC'P
is then calculated as:

SV (1)2

S SV (n)?
where SV is the array of singular values from the principal
diagonal of S, and N is the number of movement repetitions.
A higher AC P value, approaching 1, indicates greater consis-
tency in movement execution.
NJ is calculated as follows:

ACP = (D

1 Tena ... o
NJ =[5k, WTD"(t)dt 2)

Ts‘tn,'rt

where K ; is given by:

MD5
|WTD(T.ng) — WTD(Tstar)||?

2) Cognitive and Attentive parameters: The following
metrics will be examined from the eye tracking data to see
whether they are associated with the attentional and cognitive
abilities of stroke patients: pupil diameter, blink and saccade
frequency and length, fixations, and gaze movements. It is
demonstrated how increasing a task cognitive and attentional
load causes the pupil diameter to expand, the number and
frequency of saccades to increase, and the number and duration
of blinks to decrease [11]. Heat maps and a visual pattern are
calculated from the gaze movements to evaluate the patient’s
visual strategy. These metrics will be monitored throughout
the assessment protocol, including the task explanation and
illustration phase. They will be evaluated and compared to the
ocular metrics of the control population, as well as within the

K;= 3)
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. REACHING TEST
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Fig. 1: Assessment protocol Timeline. Legend: F-RM = Frontal Reaching Movement, L-RM = Lateral Reaching Movement, M-RM = Medial

Reaching Movement, HHMM = Hand-to-Mouth Movement.

same test to see if there are significant changes while changing
tasks.

IV. TESTING THE ASSESSMENT PROTOCOL

In this section, we will present the preliminary tests of the
motor assessment protocol that were performed to evaluate
the feasibility of using depth cameras instead of marker-based
systems. The goal is to develop a setup that is as simple
as possible while ensuring its reliability and applicability in
clinical settings.

A. Materials and Methods

The motion acquisition system includes three Azure Kinect
cameras, each equipped with an RGB and an infrared sensor.
RGB images were recorded at 2048x1536 px and 30 fps,
while depth data were acquired at 640x576 px and 30 fps
(NFOV unbinned mode). The first Azure Kinect camera,
which simulates the future Tiago-Pro integrated camera, is
placed directly in front of the subject. For capturing side-
view recording, the other two cameras have been positioned
laterally with an angle of 30 degrees between their optical axis
and the subject’s sagittal plane. All the cameras are mounted
on three tripods approximately 1.5 high and are inclined to
fully center the subject during the protocol execution. The tests
were conducted in an environment illuminated by natural light
and/or standard indoor lighting, avoiding concentrated high-
intensity light sources.

Fig. 2: Experimental setup

The protocol employed in these preliminary tests closely
follows the Assessment Protocol described in Section III,
except for the cognitive and attentional components. The
prescribed exercises remain unchanged; however, participants
interact with a fixed target rather than a robotic system, and
the tasks are verbally explained and demonstrated by an op-
erator. The software used to perform a multiple Azure Kinect
cameras acquisition, control and skeletonization process is
Multiple Azure Kinect Gui [18]. From the video acquisition,
a skeletonization process is performed to extract the joints’
positions frame by frame. Data collected by different cameras
are synchronized and filtered using a low-pass filter. The
computed kinematic metrics (see Section III) are calculated
for the Forward Phase of the movements and then combined
using a weighted approach to assess potential improvements
in the final results. The weights were assigned as a normalized
index based on each camera capability to detect the horizontal
component of the wrist joint trajectory accurately [19]. Specif-
ically, each camera was assigned a weight as follows:

li
Ej L

where w; is the weight assigned to the i—th camera, [; is
the horizontal amplitude measured by the i-th camera, and
> ;1 is the total horizontal amplitude considering all the
cameras. Consequently, cameras positioned frontally toward
the motion direction, where depth estimation errors are more
frequent, were given lower weights. The final fused value was
then obtained by applying these weights to the corresponding
metrics.

w; =

“4)

B. Participants

The study was conducted on a cohort of three healthy male
volunteers (mean age: 25 + 3 years) with no apparent cognitive
or motor impairments. Informed consent was obtained from all
participants prior to their inclusion in the study.

V. PRELIMINARY TEST: RESULT AND DISCUSSION
A. Results

In total, 168 motions were recorded. Analyzing the WT' D
metric, 35 movements exhibited a non-sinusoidal pattern, an
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STATE OF ART TOTAL SUBJECT 1 SUBJECT 2 SUBJECT 3
RM HMM RM HtMM RM HtMM RM HtMM RM HtMM
MD (s) 107 £ 016 095 £ 0.17 0.86 + 020  0.86 £ 0.21 122 £ 0.16 122 4 0.13 074 £ 0.04 074 4+ 004 | 078 +004 075+ 0.04
EA (°) 26 + 4 136 £ 3 31 £ 15 137 £ 3 28 4 14 138 £ 1 35+ 15 133 £ 1 28 4 13 139 £ 1
NJ 2547 1945 42 4 43 27 + 18 115 4 37 57 + 13 24 +7 19 4 4 21 + 4 1745
ACP 093 + 004 093 £ 0.03 0.88 £ 0.04 092 £ 0.05 0.85 + 0.05 092 4+ 006 | 0874002 095+ 001 090 + 0.04 087 £ 0.04
AAF (°) 93 +5 96 + 4 90 + 5 93 4 4

TABLE I: Kinematic metrics of the three subjects in the multi camera fusion proposed approach. The results are compared with those
reported in the reference paper [9], which presents data from a young group performing the same tasks using a marker-based system.

Frontal RM - EA (°)

T +
a0 | :
i ety
§ e =18 = +
| o — —o
Right Tam Caniral Coen Laft Cam Multi-camera fusion

Fig. 3: Example
approch.

of EA result after the Weight-fusion camera

example is shown in Fig. 4. Given that the expected motion
follows a nearly sinusoidal trend due to continuous approach-
ing to and withdrawing from a target, these deviations suggest
inaccuracies in depth perception and joint tracking. These
incorrect detections were exclusively observed in Reaching
Movement, while Hand-to-Mouth Movement (where the hor-
izontal motion is less present) remained unaffected.
Specifically, during the Reaching Movement testing, this
issue was detected on the camera aligned with the arm move-
ment axis: in central camera data during frontal movements,
in right-side camera data during rightward movements, and in
left-side camera data during leftward movements. The weights
obtained by assigning the aforementioned normalized index
resulted to be equal to 0.26+0.7 in the case of the camera
aligned with the movement and 0.37 £0.7 in the other cases.
An example of how the values change after multi-camera
fusion is shown in Fig. 3, where both the F'A values obtained
from the three cameras separately and their fused data for
the subjects during the execution of the Frontal Reaching
Movement are presented. The results of the fusion for the
subjects are summarized in the table I for the Forward Phase.

B. Discussion

When analyzing the recordings and the spatial coordinates of
the affected joints, some issues were highlighted. The WT'D
(Fig. 4) graphs analysis indicates that cameras positioned
directly in front of the Reaching Movement trajectory have
higher wrong joint detection. This problem could be caused
by depth estimation camera limits when motion happens along

Frontal RM - WTD {m)

14 15 16 17 18 19
Time(s)

Fig. 4: Example of wrong detection of frontal camera in a F-RM.
Legend: blue line = Left Camera, red line = Central Camera, yellow
line = Right Camera

the camera optical axis. In these cases, data related to the
spatiotemporal orientation of the arm often do not reflect
the nature of the movement performed, inevitably influencing
the results of the calculated metrics. We tried to mitigate
this issue by associating a weight to each camera based on
the camera position and the measured displacement of the
affected wrist joint. One can observe that these values tend
to converge towards those reported in the work of Caimmi et
al. [9], indicating that this approach, if further refined, could
represent a viable solution. This preliminary finding could
suggest that using Tiago camera alone may not be sufficient.
Given the nature of the reaching movements requested in the
assessment and rehabilitation protocols, using three cameras
and combining their respective weights could address this
issue.

Furthermore, an additional hypothesis regarding the quality
of the movements performed can be deduced from the data
obtained. In the case of Subject 1, the recorded metrics showed
a significant difference in M D e NJ compared to the other
participants. Supported by a manual review of the test videos,
this discrepancy could be due to the execution of movements
that are not completely fluid but have pauses between the
forward and backward phases. These pauses affected the jerk
profile of the movement, leading to a pronounced increase
in NJ values. On the contrary, other kinematic metrics
did not exhibit significant variations, further supporting the
hypothesis that the marked increase in N.J is attributable
to movement discontinuities. If this hypothesis is confirmed
by future experiments, the assessment protocol will require
modifications and improvements to ensure clearer instructions
and standardization of movement execution across subjects.
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Given that this preliminary study involved only three healthy
subjects and no post-stroke participants, further validation on
a larger cohort is necessary. Nonetheless, these preliminary
data contributed to developing the final rehabilitation protocol
currently under development. With respect to this preliminary
setup, additional challenges will have to be faced, such as
the replacement of the fixed front-facing camera with Tiago
mobile one and the dynamic presentation of reaching points
by the robot. Furthermore, the final protocol will integrate the
cognitive evaluation into the rehabilitative training, enhancing
its overall effectiveness and applicability.

VI. CONCLUSIONS

The authors aim to develop a rehabilitation and motor-
cognitive assessment approach that can be used in clinical
settings. In this paper, they conducted preliminary tests on
the motor assessment component.

Based on the results obtained, the use of two additional
RGB-D cameras appears necessary to reduce errors in es-
timating arm joint positions, particularly when the cameras
are aligned with the movement direction. A potential solution
could involve developing an algorithm that dynamically inte-
grates the metrics calculated by the three cameras, optimizing
the accuracy of movement assessment. Additionally, further re-
finements in the protocol design are needed to enhance clarity
and standardization, ensuring smoother and more comparable
movement execution across trials.

To verify the hypotheses that emerged from the preliminary
tests and validate the measurement system, expanding the
studied population of healthy subjects will be necessary. This
future campaign will also allow for the development of a more
advanced algorithm to optimize the fusion of metrics acquired
from the different cameras, considering the real robot and the
consequent challenges of using a mobile platform. Once the
motor assessment component is completed and validated with
the robot, the system will be integrated with the cognitive
and attentional assessment. Future studies will expand testing
to a larger population of healthy subjects using the Tiago
Pro platform. This will facilitate the development of a more
advanced algorithm for optimizing data fusion from multiple
cameras while addressing the challenges of a mobile robotic
system. Once the motor assessment is validated, the system
will be integrated with cognitive and attentional evaluation to
provide a comprehensive rehabilitation framework. Moreover,
ethical approval has been requested to include post-stroke
patients and assess the clinical relevance of the proposed set-
up and metrics.
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