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Abstract—Rehabilitation systems often face barriers to adop-
tion due to specialised hardware requirements and limited
cross-platform delivery. We present ReMotion-Al, a gamified
rehabilitation platform that has transitioned from a depth-
sensor desktop application to a monocular, browser-deployed
solution. The system uses a server-side inference pipeline that
combines Human Mesh Recovery (HMR)-based full-body 3D pose
and mesh recovery, SmoothNet for temporal stabilisation, and
MediaPipe Hands for lightweight real-time hand-state estimation.
A Kkey engineering objective is backward compatibility and the
inference output is mapped to a standardised joint format.

To support safe and clinically interpretable adaptation, an
Impairment and Compensation Adaptation Module (ICAM) is
introduced based on interpretable rules and calibrated scoring.
ICAM estimates movement capability, including range of motion
(ROM) and smoothness and detects compensatory strategies
such as trunk substitution, shoulder elevation and lower-limb
compensations including hip hiking and altered gait patterns.
The system is formulated as a human-in-the-loop adaptive control
framework, in which ICAM acts as a supervisory controller with
bounded adjustment.

Preliminary technical validation showed a median end-to-end
latency of 180 ms, a 25-30% reduction in upper-limb trajectory
jitter after temporal smoothing and stable supervisory adaptation
with no abrupt difficulty changes observed under noisy monoc-
ular measurements. The proposed framework demonstrates that
webcam-based pose estimation, temporal smoothing and rule-
based compensation monitoring can be integrated into a browser-
deployed platform.

Index Terms—Human-in-the-loop control, Markerless rehabil-
itation, Monocular 3D pose, Compensation detection, Adaptive
feedback, Remote rehabilitation

I. INTRODUCTION

Effective rehabilitation typically requires high-repetition
practice with appropriate progression and timely feedback [1]-
[3]. However, many patients experience barriers to sustained
participation due to travel burden, limited access to super-
vised sessions and reduced motivation during long-term home
programs [1], [4]-[6]. Serious games offer a promising route
to increase engagement by embedding therapeutic movements
into goal-directed tasks and feedback-driven play [7], [8].
However, many existing camera-based rehabilitation solutions
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rely on dedicated sensing hardware or platform-specific in-
stallations, which can limit accessibility, scalability and long-
term maintainability [9]-[12]. A practical alternative is to
deliver rehabilitation games through the web using a standard
webcam, thereby improving accessibility and inclusivity by
reducing hardware requirements and enabling participation
across a wider population with internet-connected devices
[13]-[15]. This shift, however, introduces two key technical
and clinical challenges. First, monocular motion capture can
be temporally unstable, leading to jitter that affects avatar
control and the reliability of kinematic measures such as
joint angles and range of motion (ROM) [16], [17]. Second,
users may achieve in-game objectives through compensatory
strategies such as trunk lean or shoulder elevation that bypass
the intended movement, potentially reducing therapeutic value
and increasing strain [18]-[20]. These considerations motivate
an approach that is both technically robust and clinically inter-
pretable, combining stabilised pose signals for interaction with
a rule-based ICAM controller that discourages compensation
while supporting safe progression [2], [16], [18]. Accordingly,
this paper presents ReMotion-Al, a browser-based, hardware-
agnostic rehabilitation platform enabling markerless interac-
tion using a standard webcam. The system features a stabilised
monocular 3D tracking pipeline for real-time kinematic esti-
mation within a closed-loop interaction. It further incorporates
an interpretable, compensation-aware supervisory controller
with bounded, safety-constrained adaptation (ICAM). Finally,
the system is formulated within a control-theoretic human-in-
the-loop framework, with analysis of practical stability under
measurement noise. The tracking stack integrates Human
Mesh Recovery (HMR) 2.0-S for SMPL (Skinned Multi-
Person Linear model)-based body reconstruction [21], [22],
SmoothNet for temporal refinement [16] and MediaPipe Hands
for robust hand-state estimation [23]. Unlike many existing
rehabilitation games that focus primarily on engagement or
sensing, this work explicitly integrates control-theoretic safety,
interpretability and compensation awareness within a deploy-
able and clinically aligned system.

Figure 1 shows a rehabilitation task in a ReMotion-Al



MAIN MENU

Fig. 1. ReMotion-Al gameplay scene with markerless full-body tracking and
real-time feedback.

scene. The user performs reaching and lower-limb balance
movements mirrored by the in-game avatar. The interface
provides real-time feedback through joint-angle overlays, in-
cluding shoulder and elbow kinematics, and task progress
indicators. Target objects support goal-directed movement,
while a webcam inset enables markerless pose capture for
avatar control and performance logging during upper- and
lower-limb exercises. The WebGL game displays the avatar
and target objects together with joint-angle estimates and
progression indicators.

II. RELATED WORK

Vision-based rehabilitation platforms increasingly combine
motion tracking and gamification to support home-based
therapy and improve patient engagement. Existing systems
can broadly be divided into depth-sensor-based (RGBD) and
monocular-camera-based (RGB) approaches. Early rehabili-
tation systems frequently relied on RGBD sensors such as
Microsoft Kinect or Intel RealSense, which provide relatively
accurate 3D motion capture. For example, Silva et al. devel-
oped a Unity3D Kinect V2 rehabilitation game with real-time
feedback and progress tracking, reporting high user motivation
in healthy participants [24]. Despite their effectiveness, such
systems depend on dedicated hardware, limiting scalability,
accessibility, and long-term deployment.

To address these limitations, recent research has shifted
toward monocular RGB approaches that operate using standard
webcams. Ang et al. evaluated a markerless motion-analysis
pipeline based on OpenPose for estimating joint angles and
angular velocities from home-recorded squat videos, demon-
strating agreement with marker-based motion capture for that
task [25]. Mohamed et al. proposed TOSHFA, a webcam-
based telerehabilitation system for low back pain using Me-
diaPipe pose estimation and gamified biofeedback, reporting
encouraging engagement despite some usability challenges in
pilot studies [26]. Similarly, Fontenele et al. extended the Re-
habilite Game+ platform with hand-pose estimation for upper-
limb rehabilitation, achieving strong usability and movement-
recognition performance in evaluations with clinicians and
healthy participants [27]. Collectively, these studies demon-
strate the feasibility of webcam-based rehabilitation while
highlighting persistent challenges related to motion stability,
reliability, and clinically meaningful adaptation.

From a modelling perspective, monocular 3D human re-
construction methods combine 2D keypoint estimation with
parametric body models [17], [21]. The SMPL model, for
example, provides a compact representation of human body
shape and pose that supports downstream kinematic anal-
ysis, including joint-angle and range-of-motion (ROM) es-
timation [22]. HMR-based architectures further extend this
concept by directly regressing SMPL parameters from sin-
gle RGB images while incorporating model-based priors, as
demonstrated by SPIN (SMPL Optimisation IN the loop)
[21]. However, frame-wise monocular reconstruction often
suffers from temporal instability, especially under occlusion
or uncommon poses. SmoothNet addresses this issue through
temporal refinement of pose sequences, reducing noise while
preserving natural motion dynamics and demonstrating strong
transferability across datasets and estimators [16]. Systems
such as VirTele demonstrate how home-based rehabilitation
can be combined with remote monitoring and clinician-guided
progression [28]. Nevertheless, many deployed solutions still
depend on specialised hardware, reinforcing the need for
lightweight, browser-accessible systems that operate with com-
modity cameras. A further challenge in technology-supported
rehabilitation is the reduced level of clinical supervision,
which can allow patients to complete tasks using compensatory
movement strategies rather than therapeutically desirable mo-
tion patterns [19], [29], [30]. Existing rehabilitation games
often focus primarily on task completion without explicitly
modelling compensation-aware adaptation or interpretable pro-
gression mechanisms. ReMotion-Al addresses these gaps by
combining a web-deployed monocular tracking pipeline with
an interpretable Impairment and Compensation Adaptation
Module (ICAM). The ICAM computes clinically motivated
kinematic features from stabilised pose data and derives capa-
bility and compensation scores within a rule-based framework
incorporating hysteresis and reliability gating. This enables
conservative, transparent, and stable progression suitable for
staged technical and clinical validation. The framework also
builds upon earlier ReHabGame studies exploring machine-
learning-based adaptation and outcome prediction [10], [11],
extending these ideas into an auditable and compensation-
aware control framework for full-body rehabilitation.

1. METHODOLOGY
A. Design

Four requirements guided the redesign of ReMotion-Al.
First, we prioritised accessibility and inclusivity by remov-
ing reliance on specialised sensors and enabling use with
a standard webcam. Second, we aimed for cross-platform
delivery by deploying the game as a WebGL build. Third,
we maintained backward compatibility by standardising pose
outputs to the joint interface expected by the existing gameplay
logic, thereby avoiding the need to reauthor avatar control
and task mechanics. Finally, we ensured clinical relevance by
incorporating explicit monitoring of ROM and compensatory
movement patterns to support safer progression and clinician
interpretability.



To meet these requirements, the platform follows a client—
server architecture. The client is a Unity WebGL game running
in the browser that captures webcam RGB frames and renders
an avatar driven by inferred pose. Frames are streamed to a
backend inference service, which returns compact pose packets
containing 3D joints and joint rotations suitable for real-time
control and logs session events for later analysis. Session
summaries and progress metrics are then surfaced through a
clinician-facing analytics layer, such as trend visualisations and
exportable reports, to support remote review of performance
over time. This separation enables incremental upgrades be-
cause the game consumes a standardised skeletal representa-
tion that is independent of the underlying pose model, allowing
inference improvements to be introduced without changing
core gameplay code.

Web deployment introduces practical constraints, including
browser security limitations, restricted filesystem access and
performance considerations for networking and rendering.
We therefore adopt a lightweight WebSocket-based streaming
approach that decouples real-time rendering on the client from
model inference on the server. This design also simplifies
controlled updates to the inference pipeline.

The server-side inference pipeline is executed on GPU-
enabled hardware to ensure real-time performance. While
HMR-based full-body reconstruction models are computation-
ally demanding, the client-server architecture allows scal-
able deployment by offloading inference from the browser.
This design ensures that computational complexity does not
limit accessibility for end users while maintaining sufficient
throughput for interactive rehabilitation tasks. To mitigate
temporal instability in monocular estimates, SmoothNet is
applied as a learned temporal refinement module that reduces
jitter [16]. For hand interaction, MediaPipe Hands provides
lightweight hand landmarks, from which we infer open or
closed states using short hysteresis to prevent flicker [23]. The
resulting body and hand outputs are mapped to a standardised
joint list and coordinate conventions expected by the exist-
ing ReMotion-Al modules. This modular approach preserves
legacy avatar control, scoring triggers and task logic while
transitioning the sensing modality from depth to monocular
RGB.

On top of the stabilised pose and hand streams, we intro-
duce ICAM, a real-time decision layer with clinician-readable
adaptation logic. ICAM transforms windowed kinematic sig-
nals into (i) capability estimates, such as ROM, smoothness
and coordination, (ii) compensation indicators, such as trunk
substitution and shoulder elevation and (iii) adaptation rec-
ommendations that parameterise the difficulty engine. The
module is designed to be auditable and suitable for early-stage
clinical calibration, enabling conservative progression policies
that explicitly discourage compensatory strategies.

B. Human-in-the-Loop

We formulate ICAM as a human-in-the-loop feedback con-
trol system. The rehabilitation process is modelled as a closed-
loop interaction between the user, the sensing stack and the

Fig. 2. Human-in-the-loop control architecture of ReMotion-Al.

adaptive controller. In this interpretation, the patient acts as the
rehabilitation plant, the monocular tracking pipeline functions
as an observer and ICAM acts as a supervisory controller that
updates task difficulty based on interpretable motion features.
We adopt a discrete-time formulation with sampling interval
At and use ¢ to denote discrete time steps throughout the control
analysis. The control formulation is intended as a supervisory
and local stability interpretation of the adaptation layer, rather
than a full physiological model of human motor recovery.

Figure 2 shows the control-oriented interpretation of
ReMotion-Al. Filtered full-body pose and hand-state streams
are normalised and windowed to compute ROM, movement
quality, coordination, compensation and hand-function features.
These are combined into Capability (CS), Compensation (PS)
and Control Confidence (CC) scores, which are passed through
reliability gating, hysteresis and rate limiting to generate a stable
reconfiguration signal for the difficulty engine and session-level
analytics.

This formulation supports the application of established
control-theoretic tools to analyse stability, boundedness and
safety of the adaptation process, which are typically not
explicitly addressed in rehabilitation gaming systems.

Let the latent rehabilitation state be

X; € Rn, (1)

representing movement capability, compensation tendency and
control reliability. The discrete-time closed-loop dynamics are
written as

Xe+1 = f(Xp, 07, W), )

where
U, = [drange dspeeds dprccision]T el 3)

denotes the game adaptation input and w, captures unmodelled
human variability, fatigue and sensing disturbance.
The measured output is

Y = h(x;) + vy, €]

where y, consists of pose-derived kinematic quantities and v; is
measurement noise.
From y,, a feature vector z; is computed:

Z; = [ROMI» Sjerk,t» Pcomp,t» ¢trunk,t, Cstab,t]T- ()

ICAM then computes the bounded adaptation command

Wt = ay(u, + Ku(a), ©)



where ¢ (-) maps interpretable features to a signed progression
or regression signal, K is a gain matrix and Il¢(-) denotes
projection onto the admissible control set defined by task safety
limits.

C. Kinematic Features

The root-relative joint position is defined as

p; () =p;(1) —pr(2), (7
where p; (1) € R? is the 3D position of joint j at time ¢ and
p»(¢) is the root joint, such as the pelvis.
pj(t)

1
() =15 s(t)+e€’

|B]
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pj (1) =

where 8 is a set of limb segments and € > 0 avoids division by
Zero.

(Ba (1) = Db (1)) - (Be () — Pb (1))
1Da () = Do () ll2 1B (1) = Do () ll2 + € )

4(t) = aIccos( ©)

where b is the joint of interest and (a, b, ¢) are the proximal,
joint and distal points.

ROMg (W) = max 6(t) —min 6(t). (10)
reWw rew
(1) — (1 — Ar)
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Vi) = At
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where X(7) denotes the position of an end effector, such as the
wrist or ankle.

. _a(r)—a(r-Ar) _ _ . 2
== SaW) = ’;Vunz)nz. (12)
qlrunk(t) = pthor(t) - pr(t) ¢Irunk(t) = arccos(q[mnk(t) N eZ)v (13)
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e, = [0,0, 1] approximates the vertical axis in the normalised
coordinate frame.

Zeew IDr (1) — pr (2 — AD) ||,

comp (W) = — —~ . 14
Pamp (W) = 5 W IR() — %1 = A5 + € (o
1 N N
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J is a joint set and w; are joint weights, for example to
emphasise the torso and target limb.

CS(W) = Z ak fr(W),

k€7:cap

PS(W) = > Bi fe(W),
keﬁnmp

CC(W) =y Csan(W).

(16)

where fi (W) are normalised features over window W and
ak, P,y are task-dependent weights.

1, CC(W) = ton,
g(W) « <0, CC(W) < 7o, with Ton > Toff, 17)
g(W7™), otherwise,

where W~ denotes the previous window.

progress, g(W)=1ACS(W) 2 7cap APS(W) < Teomp»
A(W) = qregress, g(W) =1APS(W) > Tcomp, (18)
hold, otherwise.

where 7¢qp and 7. are calibrated per task family and applied

with rate limiting in the controller. The decision variable in
Eq. 18 determines whether the controller applies progression,
regression, or hold actions through the bounded update law in
Egs. 19-21.

D. Feedback Mechanism

The ICAM controller operates as a supervisory feedback
controller with safety constraints and hysteresis to prevent oscil-
latory behaviour. The bounded adaptation dynamics introduced
in Eq. 6 can be expressed as

u(r + 1) =u(r) + Au(y), (19)
where
Au(r) = Kp (CS(1) = Teap) = Ke (PS(1) = Teomp)s (20)
subject to
Upin < U(7) < Upax. 21

Hysteresis in Eq. 17 prevents rapid switching, while rate
limiting constrains adaptation speed:

lAu(?)]| < Omax- (22)

This design yields bounded adaptation updates under noisy
pose estimates and supports practically stable closed-loop
behaviour.

E. Adaptive Update

A desirable property of the adaptation mechanism is that game
difficulty should not oscillate excessively in response to noisy
measurements or transient compensatory motions. To analyse
this behaviour, we consider the controller update error relative
to a task-dependent equilibrium input u*:

e, =u, —u*. (23)

The following analysis is intended to provide a local
supervisory-control interpretation of the ICAM update rather
than a formal experimental proof of human motor-system
stability. The assumptions of local Lipschitz continuity and
bounded disturbances are standard sufficient conditions used
to reason about bounded adaptive updates, but they were not
directly identified from participant-specific system models in
this preliminary technical validation. Therefore, the analysis
should be interpreted as a design-level argument showing how
projection, hysteresis and rate limiting constrain the adaptation
signal under bounded measurement perturbations.

This approximation reflects the assumption that increases
in difficulty beyond the user’s capability reduce performance
scores, yielding a negative feedback relationship between the
control error and feature response. Assume that, in a neighbour-
hood of the desired operating point, the feature-to-control map

W (z,) is locally Lipschitz and can be approximated as
¥ (z;) ~ —Le; +dy, (24

where L is positive semidefinite and d; is a bounded disturbance
term induced by sensing noise, temporary occlusions, and



human variability. Substituting Eq. 24 into Eq. 6 gives the local
closed-loop error dynamics

e ~e —KLe, + Kd;. 25)
Consider the candidate Lyapunov function
P=P" >0.

Vl = e:Pet, (26)

For sufficiently small controller gains, such that the matrix (/ —
K L) is Schur stable, the nominal system satisfies

0=0">0,

in the a_bsence of disturbances. With bounded disturbance
||d;|| < d, the Lyapunov difference satisfies

Viger = Vi < _e:Qen (27)

Virt = Ve < =Amin(Q)lle;||* + c1lle;|d + c2d?, (28)

for some constants cj,co > 0. Under these assumed local
conditions, the adaptation error is uniformly ultimately bounded.

IV. RESULTS

A technical validation study was conducted to evaluate real-
time performance, signal stability and controller behaviour.
A series of controlled end-to-end sessions was performed
under representative operating conditions. A total of twelve
sessions were conducted using internal engineering trials with
fifteen healthy adult users performing predefined upper-limb
and full-body movement tasks, including reaching, holding and
controlled repetitions.

The client system consisted of a standard consumer laptop
(Intel i7 CPU, integrated GPU, 16 GB RAM) running the
Unity WebGL application in a modern web browser, while the
server-side inference pipeline was deployed on a GPU-enabled
backend (NVIDIA RTX-class GPU). Tests were conducted over
a typical home broadband connection (Wi-Fi, 30-60 Mbps),
without specialised network optimisation.

Performance metrics were computed from timestamped run-
time logs, including frame-level inference time, client—server
latency and rendering rate. Kinematic stability metrics, such
as joint trajectory jitter and joint-angle variance, were derived
from pose time-series data before and after temporal smoothing.
Adaptation metrics, including false ROM-trigger events and
difficulty oscillations, were quantified from threshold crossings
and controller state transitions during gameplay segments.

Across repeated test sessions, the system sustained responsive
interactive performance in the browser. The median end-to-end
latency, from webcam frame acquisition to server-side inference,
pose-packet transmission and client-side avatar update, was
180 ms (IQR: 150-240 ms), with a median rendering rate
of 22 FPS in the Unity WebGL client. These results indicate
that the client—server streaming design supports responsive
gameplay under typical home-network conditions. Server-side
inference time was measured on a GPU-enabled backend
using per-frame processing logs, while round-trip latency was
estimated from timestamped client—server message exchanges.
False ROM-trigger events were quantified by counting spurious
threshold crossings during controlled movement trials before

and after temporal smoothing. These latency and rendering
characteristics indicate responsive interaction for the tested
deployment conditions.

We quantified temporal jitter using frame-to-frame variation
in joint trajectories and joint-angle stability during static and
controlled movements. Applying SmoothNet reduced the mean
frame-to-frame displacement of key upper-limb joints by 25—
30% and reduced elbow-angle variance during a static hold
by 45% compared with the unsmoothed pose stream. This
stabilisation improved avatar steadiness and reduced spurious
threshold crossings in ROM-triggered game events.

We evaluated ICAM behaviour by analysing adaptation
decisions over complete gameplay segments. With hysteresis
and rate limiting enabled, difficulty oscillations were rare, with
a median of 0-1 oscillations per session and progression was
automatically suppressed when control confidence was low, with
reliability gating active for 8% of windows. When confidence
recovered and capability remained stable, ICAM produced
gradual progression decisions consistent with the conservative
safety policy. Controller credibility was assessed empirically
through observable bounded-update behaviour, including dif-
ficulty oscillations, rate-limited progression/regression events,
reliability-gating activity and the absence of abrupt difficulty
changes across the tested sessions.

End-to-end deployment was validated across four browser and
operating-system configurations. Session events and summary
metrics were successfully stored and retrieved for dashboard
review. From a control perspective, the bounded-update mecha-
nism maintained stable adaptation trajectories across twelve test
sessions, with low oscillation frequency and no abrupt difficulty
jumps. This supports bounded supervisory adaptation under
noisy webcam-based measurements.

V. DISCUSSION

The results indicate that ReMotion-Al can support responsive
browser-based interaction and stable rule-based adaptation
under controlled technical validation conditions. However, the
present study should be interpreted as a preliminary technical
evaluation rather than a clinical efficacy study. ICAM currently
uses manually specified thresholds selected for conservative
adaptation, and systematic parameter tuning, sensitivity anal-
ysis, and learning-based calibration were not performed.

The kinematic features used by ICAM, including ROM,
smoothness, trunk angle, and compensation ratio, are estab-
lished biomechanical descriptors. The contribution of this work
is therefore their integration into a web-deployed, compensation-
aware, human-in-the-loop adaptive rehabilitation framework
rather than the introduction of new biomechanical metrics.

Several limitations remain. The validation was limited to
healthy adult users and did not include patient cohorts or clinical
outcome measures. Robustness to occlusion, lighting variation,
camera viewpoint, and uncontrolled home environments was not
systematically evaluated. Future work will compare ReMotion-
Al-derived kinematics against reference motion-capture sys-
tems, tune ICAM thresholds using patient-specific data, and
evaluate clinical outcomes in rehabilitation cohorts.



VI. CONCLUSIONS

This paper presented ReMotion-Al, a monocular WebGL-
deployed rehabilitation game that integrates a server-side full-
body inference pipeline based on an HMR-derived model,
SmoothNet, and MediaPipe Hands, together with an inter-
pretable Impairment and Compensation Adaptation Module
(ICAM). The proposed architecture improves accessibility
and scalability while supporting incremental system upgrades
without disrupting existing gameplay logic through the use
of standardised joint interfaces. By reframing ICAM as a
human-in-the-loop adaptive control framework, the system
enables explicit reasoning about feedback generation, bounded
supervisory adaptation, and safety-aware constraints during re-
habilitation tasks. In this way, the framework provides an initial
step toward interpretable, compensation-aware, and bounded
adaptive rehabilitation within a deployable real-time system.

The experimental results demonstrate the technical feasibility
of the proposed framework under the evaluated conditions
and indicate that the system is capable of satisfying practical
real-time interaction requirements. Nevertheless, the present
study does not establish clinical effectiveness, patient-level
robustness, or superiority over alternative adaptive rehabilita-
tion approaches, which remain important directions for future
investigation.
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