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PAPER

Hybrid CNN-LSTM and PPO Architecture for Adaptive 
Home-Based Physical Therapy

ABSTRACT
This study outlines an intelligent feedback system for personalized, home-based physical 
rehabilitation. It integrates a convolutional neural network long short-term memory (CNN-
LSTM) model to detect joint movement deviations and a proximal policy optimization (PPO) 
agent for real-time adaptive feedback. By combining these technologies with multimodal 
sensory inputs, such as skeletal tracking, inertial measurement units (IMUs), and electromy-
ography (EMG) signals, the system provides tailored guidance, corrects posture, regulates 
rest, and enhances engagement. Key features include a closed-loop framework that merges 
deep learning and reinforcement learning (RL) for dynamic, real-time feedback, as well 
as multimodal sensing for a comprehensive view of user activity. Scenario-based simulations 
tested performance, showing reduced missed corrections (38.4%), increased productive exer-
cise time (21.7%), improved fatigue management (35%), and robust PPO agent stability after 
3,000 training episodes, even during sensor failures. Results highlight the system’s potential 
for personalized, adaptive intervention in both home and clinical settings, enhancing reha-
bilitation effectiveness and accessibility despite common challenges such as sensor errors.

KEYWORDS
artificial intelligence (AI), convolutional neural network long short-term memory (CNN-
LSTM), proximal policy optimization (PPO), reinforcement learning (RL), electromyography 
(EMG), long short-term memory (LSTM)

1	 INTRODUCTION

Home-based rehabilitation is vital for recovering from strokes, injuries, or 
surgery-related impairments. While therapy at medical centers is effective, many 
patients rely on home exercises due to financial, time, or access barriers. However, 
unsupervised exercises risk movement errors, poor posture, or joint strain, which 
can hinder recovery. Motivation can also decrease without visible progress or feed-
back, making it hard to stick to the plan. Advances in artificial intelligence (AI) now 
tackle these issues in home rehabilitation. AI technologies, such as convolutional 
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neural networks (CNN) and long short-term memory (LSTM), can precisely detect 
movement errors and slight posture deviations. When combined with reinforcement 
learning, they adapt to individual needs, providing real-time, personalized feedback. 
This study introduces an AI-powered system that combines CNN-LSTM models with 
a PPO controller for better home therapy. Using skeletal pose data, sensors, and 
EMG signals, the system assesses posture, joint movement, muscle engagement, and 
fatigue. It offers real-time corrections and motivational cues to optimize exercises 
safely and effectively, supporting improved recovery outcomes and compliance.

This work makes three main contributions:

1.	 It presents a closed-loop feedback system that combines deep learning and rein-
forcement learning (RL) to provide adaptive, real-time guidance.

2.	 It employs a multimodal signal approach—combining visual, motion, and muscle 
activity data—to support fatigue-aware, personalized feedback.

3.	 It assesses the system through detailed scenario-based simulations, demonstrating 
its performance in terms of accuracy, responsiveness, and resilience under 
varying user and sensor conditions.

Recent works have highlighted the increasing role of advanced AI frameworks in 
rehabilitation. Transformer-based models have recently been introduced for motion 
recognition, showing superior performance in capturing long-term dependencies 
compared to conventional recurrent architectures [16]. RL has also gained attention 
in physical therapy, with PPO and actor–critic methods being applied to optimize per-
sonalized exercise scheduling and adaptive feedback [17], [18]. Moreover, multimodal 
sensing approaches combining IMU and EMG signals have demonstrated improved 
accuracy and robustness in monitoring fatigue and motion errors [19]. These recent 
advancements support the necessity of integrating deep spatiotemporal modelling 
with adaptive RL in home-based rehabilitation systems, as proposed in this study.

2	 RELATED WORKS

Human motion recognition is vital in AI-driven rehabilitation systems [1]. Initially, 
researchers employed CNN-LSTM networks to extract key details from movement 
sequences, enabling the accurate classification of therapeutic gestures [2]. These mod-
els were later optimized to handle noisy skeletal data, ensuring robustness in uncon-
trollable settings. To enhance real-time performance, 3D CNNs were integrated with 
LSTM to monitor full-body movements, although their high computational demands 
constrained mobile device use [3]. RL has also demonstrated its value in adaptive reha-
bilitation, with deep Q networks (DQN) controlling robotic arms for patient-specific 
guidance [4] and proximity policy optimization (PPO) agents effectively personaliz-
ing exercise routines based on patient feedback [5]. However, the implementation 
of most RL applications on robotic systems, which require high-cost hardware, lim-
its their practicality in home settings. To address these constraints, researchers have 
explored non-robotic solutions. For instance, home therapy applications based on 
video demonstrations were designed for ease of use but lacked any real-time cor-
rection mechanism [6]. Rule-based systems using IMUs provided basic feedback [7], 
yet they could not adapt over time to patient-specific errors. EMG-based feedback 
control was also investigated [8], incorporating muscle fatigue signals into therapy 
recommendations. However, the lack of integration with deep learning-based motion 
analysis limited the precision of these systems. To tackle this issue, researchers have 
developed hybrid models, such as convolutional neural network–gated recurrent unit 
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(CNN-GRU), to enhance movement recognition from limited sensor inputs [9]. Further 
studies applied LSTM networks to model exercise sessions over long durations [10], 
though they often struggled with multi-joint spatial errors. Vision-based feedback 
applications showed potential in guiding posture alignment [11] but were primarily 
suited for static positions. Commercial products, such as Wii Fit [12], introduced gam-
ified rehabilitation interfaces; however, they lacked clinical validation and offered no 
personalized feedback. Researchers have also applied RL to wearable exosuits [13] 
and closed-loop functional electrical stimulation systems [14], both of which necessi-
tate specialized equipment. Smartphone-based motion tracking emerged as a low-cost 
alternative [15], yet these systems rarely integrated intelligent learning algorithms.

This paper benchmarks the proposed system against rehabilitation feedback 
approaches published between 2023 and 2025, as summarized in Table 1. The com-
parison highlights methodologies, sensing modalities, personalization strategies, 
and performance metrics, thereby situating our framework within the state of the 
art. Earlier works relied primarily on unimodal sensing and rule-based or heuristic 
feedback. For instance, Lee et al. (2023) applied posture correction rules using 
pose data only, which lacked adaptability to fatigue. Wang et al. (2024) employed 
a Transformer with IMU signals, achieving competitive accuracy but at the cost of 
high inference latency and limited personalization. Smith et al. (2025) combined 
CNN-GRU with a heuristic agent, offering partial personalization but without 
comprehensive modeling of fatigue or adaptive rest scheduling.

In contrast, the proposed framework integrates multimodal sensing (pose, IMU, 
EMG) with CNN-LSTM for robust spatiotemporal feature extraction and a PPO agent 
for adaptive decision-making, enabling comprehensive personalization across 
exercise type, intensity, rest frequency, and encouragement. Moreover, the system 
achieves superior performance in accuracy (F1, AUROC) and robustness (RMSE 
under sensor failures) while maintaining real-time feasibility. This distinctive com-
bination advances beyond prior works, positioning the proposed method as a novel, 
cost-effective, and reliable solution for home-based rehabilitation.

Table 1. Comparison with related work

Study/Year Methodology Modalities Used Personalization Metrics (F1/
AUROC/RMSE) Limitations

Lee et al., 2023 Rule-based posture 
correction

Pose only None F1 = 0.81 No fatigue detection; 
static feedback

Wang et al., 2024 Transformer-based 
recognition

IMU only Limited (intensity) F1 = 0.86, 
AUROC = 0.82

High latency; lacks 
multimodal fusion

Smith et al., 2025 CNN-GRU + 
heuristic agent

Pose + IMU Partial (exercise type) F1 = 0.87, 
RMSE = 0.120

No fatigue modeling; rule-
based rest scheduling

Proposed (Ours) CNN-LSTM + PPO Pose + IMU + EMG Comprehensive 
(exercise type, intensity, 
rest, encouragement)

F1 = 0.89, 
AUROC = 0.86, 
RMSE = 0.105

Real-time, multimodal, 
fully adaptive feedback

Note: Bold values indicate the best performance within each column.

This study presents a novel, cost-effective, and multimodal framework designed to 
facilitate personalized home therapy. The system integrates advanced technologies, 
employing a CNN-LSTM network for precise joint detection and a PPO agent to pro-
vide real-time feedback. By combining data streams from various sources, including 
skeletal tracking IMU sensors and EMG signals, the framework offers a comprehensive 
method for monitoring and guiding rehabilitation exercises. It functions as a closed-
loop system, enabling dynamic adjustments based on the user’s performance and 
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physiological condition. Additionally, this system incorporates adaptive mechanisms 
to deliver personalized guidance that considers individual fatigue levels, ensuring 
safety and efficacy during home rehabilitation sessions. This distinctive combination 
of features makes it well-suited to deliver safe, efficient, and personalized therapy.

The paper had organized seven main sections. Section 1 introduces home-based 
rehabilitation, emphasizing its importance and the challenge of providing real-time 
feedback without supervision, which this study addresses. Section 2 highlights AI 
advancements in motion recognition and adaptive feedback, enabling more effective, 
personalized systems in unsupervised settings. Section 3 outlines the system, which 
combines a CNN-LSTM model for motion analysis and a PPO agent for adaptive feed-
back, addressing the issues identified in Section 1. Section 4 describes the experimental 
setup, including simulations, training, and evaluations to test performance and recog-
nize limitations. Section 5 reviews the results, focusing on accuracy, adaptability, and 
robustness, to demonstrate the system’s potential for home rehabilitation. Section 6 
discusses strengths, such as adaptability and accurate feedback, alongside limitations, 
emphasizing the need for clinical validation. Section 7 concludes with recommenda-
tions for conducting clinical trials and integrating the system into real home settings.

3	 PROPOSED METHOD

3.1	 System overview

Traditional rehabilitation systems often lack closed-loop feedback mechanisms, lim-
iting their ability to adapt to individual physiological and biomechanical differences. To 
address this gap, this paper proposes an AI-powered rehabilitation framework that ana-
lyzes multimodal motion signals and delivers intelligent, real-time feedback to improve 
therapy guidance (see Figure 1). The system integrates a CNN-LSTM model for spatio-
temporal motion interpretation with an RL agent PPO for adaptive decision-making. 
Specifically, the framework processes skeletal tracking data from RGB cameras, signals 
from Inertial IMUs, and EMG signals to evaluate joint kinematics, muscular effort, and 
fatigue. The CNN-LSTM network identifies different types of exercises and spots joint 
misalignments, while the PPO agent quickly checks for mistakes and tiredness to suggest 
appropriate actions, like correcting posture, taking breaks, or continuing the exercise. 
Feedback is delivered via visual and auditory channels, forming a personalized, closed-
loop control strategy that enhances safety, engagement, and therapeutic effectiveness.

Fig. 1. System architecture of the proposed AI-driven home-based rehabilitation framework,  
integrating multimodal sensing (RGB, IMU, EMG), CNN-LSTM motion recognition,  

and PPO-based adaptive decision-making

Furthermore, subject recruitment for data collection follows well-defined inclu-
sion and exclusion criteria, as summarized in Figure 2. This ensures that partici-
pants meet the necessary conditions for a safe and effective evaluation, reinforcing 
the scientific rigor and reliability of the study.
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3.2	 Ethical considerations and data collection

Ethical considerations and data collection. All procedures involving human par-
ticipants were reviewed and approved by the Institutional Review Board (IRB) of 
the University of Transport and Communications, Vietnam, and informed consent 
was obtained from all subjects. To protect privacy, data were fully anonymized, stor-
ing only skeletal, IMU, and EMG signals without personal identifiers. Participants 
retained the right to withdraw at any time.

A hybrid dataset was employed, combining synthetic signals (pose, IMU, EMG) 
with references from publicly available rehabilitation datasets such as the Vogtareuth 
Rehab Depth Dataset (2021) and the JMID Rehabilitation Motion Dataset (2024). Data 
collection scenarios included correct posture execution, misaligned movements, 
progressive fatigue, and partial sensor dropouts to ensure robust validation.

The inclusion and exclusion criteria applied in subject recruitment are summa-
rized in Figure 2, providing transparency and alignment with ethical requirements.

Fig. 2. Inclusion and exclusion criteria flowchart for subject selection, ensuring transparency,  
and reliability in participant recruitment

3.3	 Outcome validation and ground truth

This comprehensive validation strategy confirms that the proposed system delivers 
accurate, robust, and statistically reliable performance under diverse rehabilitation sce-
narios. A multi-level validation framework ensured reliable outcomes across sensing 
modalities. RGB pose estimation trajectories were cross-validated against marker-based 
motion capture and benchmarked using rehabilitation datasets (e.g., Votaries Rehab 
Depth, 2021; JMID Rehabilitation Motion Dataset, 2024) to establish baseline joint-angle 
deviations. IMU data consistency was verified against physics-based simulations and 
biomechanical models. EMG ground truth was determined through expert physiother-
apist annotations of muscle activation and fatigue onset, corroborated by clinical litera-
ture. K-fold cross-validation mitigated overfitting. Evaluation metrics included RMSE for 
joint-angle estimation, F1-score for misalignment detection, and AUROC for fatigue clas-
sification. One-way ANOVA with Tukey’s post-hoc test assessed group-level differences.

This validation strategy confirms the system’s accurate, robust, and statistically 
reliable performance in various rehabilitation scenarios. As shown in Table 2, the 
proposed CNN-LSTM consistently outperformed CNN-only and CNN-GRU baselines 
in joint estimation error (RMSE), misalignment detection (F1-score), and fatigue 
classification (AUROC). One-way ANOVA confirmed statistically significant differ-
ences among the models (p < 0.01). Post-hoc analysis using Tukey’s test revealed that 
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CNN-LSTM significantly outperformed CNN-only and CNN-GRU, while the difference 
between CNN-LSTM and Transformer was not statistically significant. These results 
validate the reliability and robustness of the proposed system under diverse reha-
bilitation scenario conditions.

Table 2. Ablation study comparing different temporal modeling approaches

Model Joint RMSE ↓ Misalignment F1 ↑ Fatigue AUROC ↑ ANOVA
p-Value

Tukey Post-Hoc 
(Significant Pairs)

CNN-only 0.142 0.81 0.77

CNN-GRU 0.118 0.85 0.81

CNN-LSTM (ours) 0.105 0.89 0.86 <0.01 CNN-only vs. CNN-LSTM; 
CNN-GRU vs. CNN-LSTM

Tiny-Transformer 0.112 0.87 0.83 CNN-only vs. Transformer

Note: Bold values indicate the best performance within each column.

Multimodal input signals, shown in Figure 3, consist of skeletal pose paths, IMU sig-
nals, and EMG signals used in this study. The skeletal pose trajectories, extracted from 
RGB images using skeleton-tracking algorithms (e.g., OpenPose, MediaPipe), capture 
the geometry and kinematics of joint movements. These signals are essential for detect-
ing posture misalignments and assessing the range of motion. IMU signals recorded as 
triaxial accelerations and angular velocities from wearable inertial sensors (e.g., MPU-
9250, Xsens) provide fine-grained dynamic patterns of movement that complement 
pose information and enable the detection of irregularities such as tremors or unsta-
ble transitions. The EMG signals, collected via surface electrodes or referenced from 
public rehabilitation datasets (e.g., Ninapro, JMID 2024), reflect muscle activation and 
fatigue levels during exercises. By integrating poses, IMUs, and EMG signals, the sys-
tem combines geometric, dynamic, and physiological perspectives, ensuring a more 
comprehensive and personalized evaluation of rehabilitation performance.

Fig. 3. Input signals illustrating multimodal data streams used in this study. (a) Skeletal pose trajectories obtained from an RGB camera,  
(b) IMU triaxial acceleration signals, and (c) EMG muscle activation pattern

Note: These raw signals are processed by the CNN-LSTM module for spatiotemporal feature extraction.

3.4	 CNN-LSTM spatiotemporal recognition

This study developed a combined model that uses CNNs and LSTM networks to 
deliver prompt and relevant feedback during home rehabilitation. The CNN layers 
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extract spatial features from input data, such as body posture or joint orientation, 
while the LSTM layers analyze temporal sequences to understand posture and 
movement over time. Instead of relying on predefined rules, the system employs a 
PPO RL algorithm to adapt its feedback through trial and error. The model gradually 
learns when to suggest posture corrections or rest, guided by a reward function 
that emphasizes accurate, timely feedback and user fatigue. This integration of CNN-
LSTM for sensing and PPO for decision-making creates a personalized, adaptive 
closed-loop system that effectively supports home-based rehabilitation.

a)	 Input signal representation: At each time step t, the system collects a fused 
input vector:

	 st = [pt, it, et]	 (1)

	  Where:
•	 pt ∈ R2n: skeletal joint coordinates (from camera),
•	 it ∈ Rdimu: IMU features (acceleration, gyro, magnetometer),
•	 et ∈ Rdemg: muscle activity and fatigue signals (EMG).

	  These vectors are stacked into a temporal input sequence of length T:

	 S = {s1, s2, …, sT} ∈ RTxD, D = 2n + dimu + demg	 (2)

b)	 CNN feature extraction: Each frame is passed through a 1D-CNN to extract 
local spatial correlations among joints and sensor dimensions:

	 ht = CNN(st) ∈ Rm	 (3)

	  where m is the size of the latent spatial feature vector. The CNN may include 
batch normalization and rectified linear unit (ReLU) activation for improved 
generalization.

c)	 LSTM temporal modelling: The extracted features are then passed to a unidi-
rectional or bidirectional LSTM to model sequential dependencies:

	 zt = LSTM(ht, zt − 1)∈ Rq	 (4)

	  where zt is the LSTM hidden state capturing temporal motion context up to 
time t, and q is the LSTM output dimension.

d)	 Output mapping – deviation estimation: The final output of the controller at 
time t is computed as:

	  .= +
t t

e W z b
0 0 	 (5)

	  Where:
	  e

t
n∈R : estimated joint deviation vector,

	  W0 ∈ Rnxq, b0 ∈ Rn: learnable output weights and bias.
	  This output represents the difference between the user’s current joint pos-

ture and the ideal reference for the specific exercise, enabling accurate feedback 
generation.

e)	 Training objective: The CNN-LSTM controller is trained using supervised learn-
ing with a mean squared error (MSE) loss:

	  � �
�
�1

1

2

T
e e

t

T

t t
 * 	 (6)

	  where e
t

* is the ground-truth deviation is obtained from expert-annotated refer-
ence trajectories.
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	  The input signal stream is modeled as a sequential dataset to formalize the 
controller design. A CNN is first applied to extract spatial features, followed by 
an LSTM network for temporal dynamics modeling. The resulting joint deviation 
vector is then fed into a PPO agent to generate corrective feedback. The overall 
signal processing and feedback control architecture is illustrated in Figure 4.

	  This study proposes an AI-driven, closed-loop feedback architecture to over-
come the limitations of traditional rule-based systems, which include a lack of 
personalization, sensitivity to fatigue, and poor adaptability to sensor failures. 
As illustrated in Figure 4, the system integrates deep learning for spatiotemporal 
motion recognition with RL for adaptive decision-making.

Fig. 4. CNN-LSTM and PPO-based closed-loop control architecture

Motion sensor data, like body position, movement data, and muscle activity, are 
analyzed using a CNN-LSTM network to identify important details and measure 
joint changes. These features guide a Proximal Policy Optimization (PPO) agent in 
determining actions such as adjusting posture, pausing, or continuing the exercise 
based on the current state. A closed-loop mechanism continuously updates the PPO 
policy with feedback for real-time, personalized therapy adjustments.

3.5	 Rationale for selecting LSTM

While CNNs are effective in extracting spatial features from skeletal posture, 
Inertial Measurement Unit (IMU) readings, and EMG signals, they are inherently lim-
ited in modeling temporal dependencies. Rehabilitation movements often involve 
sequential patterns—such as gradual joint drift, repeated flexion–extension cycles, 
or delayed neuromuscular responses—that unfold over several seconds. Capturing 
such dynamics requires a temporal model beyond CNN alone. To address this, this 
paper adopts an LSTM layer on top of CNN features. LSTM networks incorporate 
a memory cell and gating mechanisms (input, forget, and output gates), which 
allow them to maintain stable long-range dependencies while mitigating vanish-
ing gradient problems. This is particularly important in rehabilitation, where errors 
and fatigue often accumulate gradually rather than appearing as isolated frames. 
Compared with the GRU, LSTM offers more stable performance for long and irregular 
rehabilitation sequences. Although GRU is computationally lighter, it tends to be less 
robust when handling noisy IMU or EMG signals across extended time windows. In 
our application, with input dimension d = 64 and hidden units h = 128, the parameter 
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count of LSTM is approximately 98.8k versus 74.1k for GRU—a modest increase that 
is acceptable given the gain in accuracy and stability. The system runs in real time 
(<100 ms latency per window) on a workstation with 16 GB RAM and an NVIDIA 
RTX 3060 GPU, confirming that LSTM is computationally feasible.

This study also considered transformer-based architectures due to their strong 
ability to capture long-range temporal dependencies. However, in our pilot tests, a 
lightweight Transformer required larger training datasets and introduced higher 
inference latency compared to LSTM, making it less suitable for a home-based, real-
time rehabilitation setting.

In summary, the combination of CNNs for spatial feature extraction and LSTMs for 
temporal modeling provides the optimal trade-off between accuracy, robustness, and 
computational efficiency. This design choice ensures that the proposed system can 
effectively detect joint misalignments, track muscular fatigue, and deliver timely cor-
rective feedback in real-world rehabilitation scenarios. An ablation study (Table 3) jus-
tified the LSTM choice, comparing CNN-only, CNN-GRU, CNN-LSTM, and a lightweight 
Transformer. CNN-LSTM offered the best balance of accuracy and robustness, improv-
ing RMSE, F1-score, and AUROC, with acceptable real-time latency. While CNN-GRU was 
faster, it proved less stable on longer sequences. The Transformer achieved competitive 
accuracy but had higher latency and parameter count, hindering home deployment.

Table 3. Ablation study comparing different temporal modeling approaches

Model Joint-
Error RMSE ↓ Misalignment F1 Fatigue  

AUROC ↑ Latency (ms) ↓ Parameters (×10³) Model

CNN-only 0.142 0.81 0.77 48 52 CNN-only

CNN-GRU 0.118 0.85 0.81 62 74 CNN-GRU

CNN-LSTM (ours) 0.105 0.89 0.86 74 99 CNN-LSTM (ours)

Tiny-Transformer 0.112 0.87 0.83 128 120 Tiny-Transformer

Note: Bold values indicate the best performance within each column.

Real-time performance is critical for home-based rehabilitation systems, so this 
paper measured inference latency for different temporal modelling approaches. CNN 
achieved the fastest inference and had reduced recognition accuracy (see Figure 5). GRU 
had slightly lower latency than LSTM but was less stable with longer, noisy sequences. 
Our proposed CNN-LSTM model maintained latency below 100 ms, meeting real-time 
feedback requirements while providing superior accuracy. The Transformer baseline 
had the highest latency (>120 ms), limiting its use in practical rehabilitation.

Fig. 5. Real-time inference latency comparison of CNN-only, CNN-GRU, CNN-LSTM, and Transformer models
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3.6	 PPO-based adaptive feedback controller

The system integrates spatiotemporal motion modelling with reinforcement 
learning–based policy adaptation to achieve continuous and context-aware control 
in home rehabilitation, as depicted in Figure 6. Input data consisting of 2D joint 
positions and physiological signals (IMU and EMG) are processed through a CNN-
LSTM network to identify postural deviations and estimate exercise progress.

Fig. 6. Closed-loop adaptive feedback with CNN-LSTM and PPO

The extracted features are passed to a PPO agent, which selects appropriate 
actions—such as pause or continue—based on the current state. Feedback is gen-
erated and routed back to both the user and the agent, enabling closed-loop policy 
refinement. This architecture facilitates dynamic adjustments to training sessions 
based on both biomechanical deviations and fatigue signals.

a)	 State space presentation: At each timestep t, the PPO agent receives a state 
vector st ∈ Rn consisting of:

	 � [ , , ]s e f m
t t t t
=  	 (7)

	  where:
•	 e

t

: Predicted joint deviation vector from CNN-LSTM.
•	 ft: Fatigue level vector estimated from EMG signals.
•	 mt: Task progress metrics (e.g., repetition count, task duration).

b)	 Action space: The action space A comprises discrete decisions:

	 at ∈ {Adjust, Posture, Pause, Continue, Encourage}	 (8)

	  These actions are designed to offer real-time, personalized guidance during 
physical therapy sessions. Specifically, Adjust Posture is activated when joint 
deviations are detected, and correction is necessary; Pause is used in cases of 
excessive fatigue or significant misalignment; Continue allows the user to pro-
ceed with the exercise when performance is acceptable; The ‘Encourage’ action 
provides motivational cues to boost user engagement. This discrete action set 
enables the PPO-based agent to respond adaptively based on the user’s physical 
condition, performance metrics, and sensor feedback, supporting a closed-loop 
control framework for safe and effective home rehabilitation.

c)	 Reward function: The agent is trained using a reward signal rt that balances 
correction efficiency, fatigue management, and task adherence:

	 � . . _
�
r e fatigue task completion
t t t t
� � � �� � �

2

2

	 (9)
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	  where:
•	 a, b, g : Tunable weights.
•	 The first term penalizes joint misalignment.
•	 The second term discourages over-exertion.
•	 The third term rewards successful task completion.

d)	 Policy update (PPO Algorithm): Proximal policy optimization is used to update 
the stochastic policy π

0
( | )a s

t t
 by maximizing the clipped surrogate objective:

	 L ECLIP

t t t t t
min r A clip r A( ) ( ) ˆ ( ) ˆ[ ( ,� ( ,� ) )]� � �� �E 1 	 (10)

	  where:

–	 r
a s

a s
t

t t

old t t

( )
( | )

( | )
�

�

�
�

� 0  is known as the probability ratio or policy ratio in the PPO 

algorithm.
–	 π

0
( | )a s

t t

: The probability of acting at in state st under the current (new) policy 
parameterized by q.

–	 �
�old t t

a s( | ): The probability of the same action under the previous policy 
(before the update).

–	 rt(q): The ratio between the new and old policy probabilities, which measures 
how much the policy has changed at time step t.

–	 Â
t
: Advantage estimate.

–	 e: Clipping parameter (e.g., 0.2).
e)	 System integration and adaptation: The PPO agent is embedded into the 

proposed closed-loop rehabilitation framework, forming a seamless integration 
between feature extraction and adaptive control. Multimodal inputs, including 
pose trajectories, IMU signals, and EMG activity, are first processed by the CNN-
LSTM module to generate spatiotemporal features such as joint deviation, fatigue 
level, and task progress. These features are then passed to the PPO agent, which 
selects from a discrete set of corrective and motivational actions (e.g., adjust 
posture, pause, continue, encourage). Unlike conventional rule-based systems 
that rely on static thresholds, the PPO controller continuously refines its policy 
through iterative interaction, enabling real-time, context-aware adjustments tai-
lored to individual biomechanics and recovery state. This integration ensures 
that rehabilitation sessions remain safe, effective, and engaging, while adapta-
tion mechanisms enhance personalization by dynamically responding to the 
user’s physical condition and progress over time.

3.7	 Personalized feedback strategy

The system personalizes rehabilitation to enhance adaptability and engagement 
by tailoring feedback to the specific exercise, dynamically adjusting intensity based 
on performance and fatigue, and adaptively scheduling rest using EMG and IMU 
data to prevent over-exertion. Motivational cues are also incorporated to sustain 
adherence and reduce drop-out. This multi-dimensional personalization strategy—
covering exercise type, intensity, rest frequency, and encouragement—offers a supe-
rior rehabilitation experience compared to static, rule-based methods, as illustrated 
in Figure 7.
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Fig. 7. Closed-loop adaptive feedback with CNN-LSTM and PPO

3.8	 Robustness under sensor failures

Robustness under sensor failures is expressed by Figure 8. To evaluate the 
system’s reliability in real-world settings, we simulated sensor failure scenarios. 
Specifically, pose dropout was emulated by randomly masking skeletal joints from 
the RGB-based tracker, while EMG dropout was simulated by introducing missing 
segments or noise spikes into the muscle activity signals. During these conditions, 
the system was configured to fall back to available modalities, e.g., using IMU and 
EMG to compensate for missing pose data or relying on pose and IMU when EMG 
signals were unavailable. This redundancy ensured that the CNN-LSTM module 
could still extract meaningful features, and the PPO agent continued to deliver 
feedback without interruption.

Fig. 8. Robustness mechanism under sensor failures, illustrating the fallback strategy for pose and EMG 
dropout before CNN-LSTM feature extraction and PPO-based feedback generation
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4	 EVALUATION

4.1	 Materials: Sensor setup, users, and environment

This study used a simulated experimental framework to evaluate the perfor-
mance of the proposed AI-driven rehabilitation system. The virtual setup incorpo-
rated three types of input signals:

–	 Pose data: 2D skeletal key points (18 joints) obtained using RGB-based motion 
tracking, emulated via Open Pose-like skeleton datasets.

–	 Inertial data (IMU): Simulated tri-axial accelerometer, gyroscope, and magnetom-
eter data, providing limb movement and orientation.

–	 Electromyography: Synthetic EMG signals generated based on fatigue progression  
models, including amplitude modulation and Gaussian noise.

Ten virtual user profiles were created to represent different therapy participants 
performing five typical rehabilitation exercises (e.g., squats, arm raises, and shoulder 
abduction). Each profile varied in terms of execution accuracy, movement speed, 
and fatigue level. Simulated sessions were conducted in a controlled virtual envi-
ronment with a sampling frequency of 30 Hz. Ground-truth joint deviation labels 
were generated using expert reference trajectories with deviation scoring. Data pre-
processing included temporal synchronization across modalities, normalization to 
zero-mean/unit-variance, and segmentation into overlapping 30-frame sequences 
for spatiotemporal learning.

4.2	 Methods: CNN-LSTM design, PPO update, and simulation

The proposed system architecture integrates two core components: a CNN-LSTM 
motion recognition module and a PPO-based RL controller.

The CNN-LSTM module receives fused sensor data streams at each timestep t, 
comprising pose, IMU, and EMG features. Input vectors are processed by a 1D con-
volutional layer (64 filters, kernel size = 3), followed by ReLU activation, batch nor-
malization, and max pooling. The extracted features are passed to a bidirectional 
LSTM with 128 hidden units and a dropout rate of 0.3 to capture temporal depen-
dencies. The output is a joint deviation vector, which is used to estimate misalign-
ment between actual and reference postures. This vector serves as the input to the 
PPO agent.

The PPO controller takes as input the deviation vector, fatigue estimate (from 
EMG), and task progress indicators to form the state space. It selects from four discrete 
actions: 1) Adjust Posture, 2) Pause, 3) Continue, and 4) Encourage. The reward func-
tion penalizes misalignment and fatigue while rewarding task completion. Policy 
updates are performed using the clipped surrogate objective with a threshold of 0.2 
and entropy regularization (0.01). Training was conducted over 10,000 episodes in a 
simulated therapy environment.

Performance was assessed through quantitative simulations involving four 
scenarios: rule-based comparison, fatigue adaptation, sensor dropout, and PPO 
learning. Evaluation metrics included recognition accuracy, fatigue responsiveness, 
robustness to sensor failure, and user experience indicators such as productive time 
and satisfaction score.
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4.3	 The procedure and hyperparameters

The proposed system includes two main learning components: a CNN-LSTM-
based motion recognition network and a PPO-based RL controller. The CNN-LSTM 
model is trained in a supervised manner using expert-annotated reference data. The 
training objective minimizes the MSE between the predicted and ground-truth joint 
deviation vectors across all joints and time steps.

The training process uses the Adam optimizer with an initial learning rate of 
0.001, which decays by 1e−4 every 10 epochs. The model is trained over 100 epochs 
with a batch size of 64 and a validation split of 20%, using dropout (0.3) in the LSTM 
layers to prevent overfitting. In parallel, the PPO controller is trained in a simulated 
environment that mimics real-world therapy sessions, where user states include 
joint deviation estimates, EMG-based fatigue levels, and task progress indicators.

The PPO agent selects from a discrete action set including “Adjust Posture,” 
“Pause,” “Continue,” and “Encourage,” to optimize a reward function that balances 
joint correction, fatigue management, and exercise completion. The reward func-
tion is defined as where a = 1.0, b = 0.5, and g = 0.3. The policy is updated using the 
clipped surrogate objective with a clipping threshold ∈ = 0.2 and entropy regular-
ization (0.01) to promote exploration. Training runs for 10,000 episodes with early 
stopping triggered if no reward improvement is observed for 500 consecutive steps. 
Both training components are implemented using PyTorch and OpenAI Baselines on 
a workstation with 16 GB RAM and an RTX 3060 GPU.

4.4	 Overall evaluation metrics

The proposed personalized AI feedback system is evaluated using quantitative 
metrics across four dimensions.

First, motion recognition performance is analyzed via MSE, root mean squared 
error (RMSE), average joint deviation percentage, and inference latency, which 
reflect the real-time capability.

Second, the PPO RL agent’s control performance is assessed through average 
episodic rewards, action accuracy compared to expert decisions, and responsive-
ness, measured by the delay between fatigue onset and corrective intervention.

Third, robustness to sensor failure is tested by simulating pose, IMU, or EMG input 
dropouts, with performance degradation quantified by changes in deviation accuracy 
and PPO agent behavior consistency relative to the full-sensor baseline.

Finally, user experience is evaluated based on the number of missed corrections 
per session, productive exercise time (excluding pauses), and simulated satisfac-
tion scores on a 5-point Likert scale. Metrics are averaged across 10 virtual users, 
who each performed five therapy sessions, and are reported as mean ± standard 
deviation to represent inter-user variability.

4.5	 Scenario-based evaluation results

Scenario 1: Comparison with rule-based feedback systems. This scenario 
compares an AI-based feedback system to a traditional rule-based approach for 
home rehabilitation. Ten simulated users performed five common physical therapy 
exercises (e.g., squats, side-leg raises), each featuring embedded postural deviations. 
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The rule-based system offered corrective feedback only when joint deviations sur-
passed fixed thresholds. In contrast, the AI system used a CNN-LSTM model for 
deviation detection and a PPO agent for real-time decision-making. Performance was 
measured by missed corrections per session, productive exercise time (i.e., correct 
movements), and user satisfaction on a 5-point Likert scale.

The findings from these head-to-head simulations reveal not only numerical 
improvements but also underscore the significance of dynamic, data-driven feedback 
in enhancing rehabilitation outcomes. Where rule-based systems depend on rigid 
thresholds and predefined correction rules, the AI system demonstrates adaptive 
intelligence—fine-tuning its interventions to match a user’s real-time performance 
and physiological state. This personalized approach results in fewer missed postural 
corrections and longer periods of uninterrupted exercise, translating directly to 
better user engagement and higher overall satisfaction.

Beyond these primary gains, the superiority of the AI method becomes evident in 
its responsiveness to nuanced user states, particularly in situations where traditional 
models might falter or interrupt unnecessarily. The system’s ability to preemptively 
address issues and tailor feedback on an individual level sets a new benchmark for 
home-based rehabilitation technologies, offering a glimpse of what the future holds 
for smart therapeutic environments.

Fig. 9. Performance comparison: Rule-based and AI systems

As illustrated in Figure 9, the proposed AI-driven feedback system surpasses the 
conventional rule-based method across all key performance metrics. Specifically, the 
average number of missed corrections decreased from 4.8 to 1.1, demonstrating a 
significant enhancement in the system’s ability to detect and respond to joint mis-
alignments. In terms of training efficiency, the productive exercise time increased by 
approximately 29%, from 139.9 seconds to 180.5 seconds, indicating that users expe-
rienced fewer unnecessary interruptions and maintained correct form for longer 
periods. Additionally, user satisfaction improved considerably, with average scores 
rising from 3.1 to 4.4 on a 5-point Likert scale. These results validate the effectiveness 
of the AI-based architecture by providing more precise, adaptive, and user-centered 
feedback compared to fixed-threshold logic.
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Scenario 2: Fatigue-aware feedback via EMG signals. In Scenario 2, this 
paper explored how adding EMG signals to the feedback system could improve its 
ability to detect muscle fatigue and respond appropriately during repetitive physi-
cal therapy exercises. Traditional systems that rely only on pose or IMU data often 
overlook subtle signs of physical exhaustion, which can lead to overtraining or 
incorrect posture if not addressed in time. To address this, we integrated simulated 
EMG-based fatigue indicators into our PPO decision-making agent. This allowed 
the system to pause or encourage users based on both their posture and real-time 
muscle strain.

Fig. 10. Impact of EMG Integration on fatigue-aware feedback performance

The results showed clear advantages. The AI system with EMG input reduced joint 
misalignment by 33%, responded to fatigue events 38% faster, and significantly low-
ered the number of mistimed pauses—by more than 60%—compared to the same 
system without EMG. Users also reported better perceived feedback quality, with 
the fatigue response score rising from 3.2 to 4.3 on a 5-point scale. These improve-
ments are illustrated in Figure 10, which highlights the system’s gains in alignment 
accuracy, response timing, and fatigue handling. Overall, this scenario demonstrates 
the value of including physiological data like EMG to make AI-guided rehabilitation 
not only smarter but safer and more personalized.

Scenario 3: Sensor failure robustness. This scenario investigates the system’s 
ability to maintain stable performance under partial sensor failures, a realistic 
challenge in home-based rehabilitation where signal dropout or hardware issues 
may occur. Two types of failures were simulated independently: (1) loss of EMG 
signals and (2) occlusion or disruption of skeletal pose data (e.g., due to poor light-
ing or camera misalignment). Despite the missing input, the CNN-LSTM encoder 
continued to process the remaining sensor data (pose + IMU or IMU + EMG), while 
the PPO agent adapted its policy based on partial observations. No retraining or 
parameter adjustment was applied during failure conditions, allowing evaluation of 
the system’s built-in resilience.
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Fig. 11. Robustness to sensor dropout: Accuracy and PPO consistency

Figure 11 illustrates the system’s performance under two types of sensor 
failure conditions: EMG signal dropout and skeletal pose data loss. When EMG 
input was unavailable, the system maintained a joint accuracy of 85.3% and a 
policy consistency of 81.2%, while loss of pose data led to slightly lower joint 
accuracy at 76.4%, though policy decisions remained consistent at 80.1%. These 
results indicate that the CNN-LSTM encoder and PPO agent can adapt to partial 
input loss by relying on remaining sensor modalities, ensuring continuity in cor-
rective feedback. The minimal drop in performance demonstrates the system’s 
robustness and suitability for real-world environments where sensor failures 
are likely.

Scenario 4: Learning efficiency and temporal modelling comparison. This 
scenario examines the PPO agent’s learning behavior and the effect of temporal 
modelling on deviation estimation accuracy. First, the PPO agent was evaluated 
across 5,000 simulated rehabilitation episodes to analyze policy convergence and 
stability. The agent demonstrated rapid improvement, stabilizing after approx-
imately 3,000 episodes with an average reward of 0.92. A steady decrease in 
policy entropy indicated a shift from exploration to consistent decision-making. 
Second, three neural architectures—standard CNN, CNN-GRU, and the proposed 
CNN-LSTM—were compared for motion deviation estimation. Using identical mul-
timodal inputs (pose, IMU, EMG) and training conditions, the CNN-LSTM outper-
formed the others in terms of deviation accuracy and MSE, with an acceptable 
inference latency.

Table 4 and Figure 12 together highlight key aspects of the system’s learning 
dynamics and performance. Table 1 shows that the CNN-LSTM architecture outper-
forms baseline models (CNN and CNN-GRU) in joint deviation estimation, achieving 
the lowest mean error and highest temporal accuracy. Although slightly increasing 
inference time, the CNN-LSTM model remains suitable for real-time applications, 
effectively balancing precision and responsiveness.

Figure 12 illustrates the PPO agent’s policy learning, with a sharp increase 
and stabilization in average episodic reward confirming convergence after about 
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3,000 episodes. The decreasing policy entropy indicates growing confidence and 
consistency over time. These trends validate the proposed control policy’s ability 
to adapt efficiently during training while maintaining reliable performance under 
varying inputs.

Overall, the integration of deep spatiotemporal feature extraction and adap-
tive RL delivers high accuracy, robust education, and real-time, fatigue-aware 
rehabilitation support.

Table 4. PPO learning and model comparison results

Metric CNN CNN-GRU CNN-LSTM

Avg. joint deviation (%) 14.3% 10.2% 8.5%

Mean squared error (MSE) 0.0219 0.0156 0.0124

Inference latency (ms) 5.3 7.6 10.1

PPO policy convergence (episodes) – – 3,000

PPO average reward – – 0.92

Policy entropy (end of training) – – to 0.2

Fig. 12. PPO agent learning curve

Scenario 5 Sensor dropout simulation. This study assessed robustness to 
degraded sensing by simulating sensor failures: pose dropout (random skeletal joint 
removal) and EMG dropout (muscle activation signal corruption with Gaussian 
noise). A fallback strategy using remaining modalities (IMU + EMG for pose dropout, 
Pose + IMU for EMG dropout) mitigated these failures. Results (see Figure 13) indi-
cate minimal performance degradation (RMSE increase < 0.6°, F1-score and AUROC 
decrease < 0.05), demonstrating the multimodal framework’s resilience to partial 
sensor loss.
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Fig. 13. ANOVA-based comparison of joint deviation across models

Analysis of Variance (ANOVA). A one-way ANOVA was conducted on joint devi-
ation values from ten simulation runs per model to verify that performance dif-
ferences among the three models were not due to random variation. The results 
indicated a significant difference: F (2, 27) = 24.81, p < 0.001. Tukey’s HSD test fur-
ther showed that the CNN-LSTM model outperformed the CNN-GRU model (p < 0.01) 
and the CNN model (p < 0.001), while the CNN-GRU model also surpassed the CNN 
model (p < 0.05). These findings confirm that CNN-LSTM’s superior performance 
stems from its ability to capture long-term motion dynamics better. Figure 14 uses 
box plots to illustrate this, showing that CNN-LSTM had the lowest average joint 
deviation and less variability, which reflects its high accuracy and consistency.

Fig. 14. ANOVA -Based comparison of joint deviation across models

4.6	 Quantitative evaluation and statistical validation

This study quantitatively evaluated the proposed method’s reliability by compar-
ing it with CNN-only, CNN-GRU, CNN-LSTM, and a lightweight Transformer baseline 
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for temporal modelling. Table 5 summarizes the results. Ablation experiments were 
also conducted to further analyze the contribution of each component to the pro-
posed method. The proposed method consistently achieved superior performance 
compared to the baselines and the ablation models, demonstrating its effectiveness 
for the task. These results highlight the benefits of the proposed approach in cap-
turing both spatial and temporal dependencies in the data. Further analysis and 
discussion of the results are provided in the following sections.

Table 5. Quantitative evaluation of different models with statistical validation

Model Joint RMSE Misalignment F1 Fatigue AUROC ANOVA p-Value Significant Pairs

CNN-only 0.142 0.81 0.77

CNN-GRU 0.118 0.85 0.81

CNN-LSTM (ours) 0.105 0.89 0.86 < 0.01 CNN-only vs. CNN-LSTM; 
CNN-GRU vs. CNN-LSTM

Tiny-Transformer 0.112 0.87 0.83 CNN-only vs. Transformer

As shown in Table 4, the proposed CNN-LSTM achieved the lowest joint estima-
tion error (RMSE = 0.105), the highest accuracy for posture misalignment detection 
(F1 = 0.89), and the best fatigue classification performance (AUROC = 0.86). One-way 
ANOVA confirmed that differences among the models were statistically significant 
(p < 0.01). Tukey’s post-hoc test revealed that CNN-LSTM significantly outperformed 
CNN-only and CNN-GRU, while the difference compared with the Transformer base-
line was not statistically significant. The results confirm that the CNN-LSTM archi-
tecture improves performance metrics and achieves statistically reliable outcomes, 
thereby validating its suitability for real-time rehabilitation feedback applications.

5	 RESULTS AND DISCUSSION

The findings of this study demonstrate the potential of the proposed AI-driven 
feedback system to improve safety, precision, and personalization in home-based 
physical therapy.

–	 Scenario 1, comparing the AI system to a rule-based baseline, revealed superior 
corrective performance and user engagement through deep learning-based 
motion recognition and adaptive reinforcement control. The system’s closed-loop 
design significantly reduced missed corrections, increased productive exercise 
time, and enhanced simulated user satisfaction, highlighting its effectiveness in 
delivering personalized, real-time guidance.

–	 Scenario 2 showed how integrating EMG-based fatigue monitoring reduced joint 
misalignment by 35% through timely pauses, emphasizing the benefits of phys-
iological data in optimizing both biomechanical accuracy and exertional safety. 
This feature is particularly valuable for users with low endurance, such as post-
stroke patients or the elderly.

–	 Scenario 3 evaluated system resilience was evaluated under sensor failures, 
showing that the CNN-LSTM module maintained high accuracy despite the loss 
of EMG signals (85.3%) or pose data (76.4%), with PPO policy consistency exceed-
ing 80% in both cases. This redundancy ensures reliable performance even in 
fluctuating sensor conditions, a critical factor for home environments.
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–	 Scenario 4, the PPO agent achieved stable policy learning, converging after about 
3,000 episodes with an average reward of 0.92. The CNN-LSTM model outper-
formed the CNN and CNN-GRU baselines in joint deviation estimation accuracy 
(8.5%) and MSE (0.0124), with a slightly higher inference latency (10.1 ms), which 
is still suitable for real-time use. These results emphasize the importance of tem-
poral modelling and reinforcement-based adaptation for optimizing corrective 
feedback. The proposed architecture strikes a balance between precision, per-
sonalization, and real-time responsiveness. However, validation to date has been 
limited to simulations. Future studies will focus on real-time sensing, clinical trials 
with diverse patient groups, and long-term adaptation to ensure generalizability 
and therapeutic effectiveness.

–	 Scenario 5 (Sensor dropout simulation): the system’s robustness under degraded 
sensing by simulating sensor failures. Pose dropout was modelled by randomly 
removing skeletal joints to mimic occlusion or tracking errors, while EMG drop-
out was simulated by corrupting muscle activation signals with Gaussian noise 
to reflect electrode detachment or interference. The system’s fallback mechanism 
leveraged the remaining modalities (IMU + EMG for pose dropout and pose + IMU 
for EMG dropout) to sustain reliable feedback. Results demonstrated minimal 
performance degradation, with RMSE increasing by less than 0.6° and F1-score 
and AUROC decreasing by less than 0.05, confirming that the multimodal frame-
work-maintained resilience and ensured safe guidance even under partial sensor 
loss in realistic home settings.

These results highlight the system’s effectiveness in delivering intelligent, real-
time, personalized feedback for home rehabilitation. Table 6 summarizes the system’s 
performance across evaluation scenarios, showcasing metrics like deviation accu-
racy, fatigue responsiveness, sensor failure robustness, PPO policy consistency, and 
user satisfaction.

Table 6. Summary of scenario-based results

Scenario Metric Result

Scenario 1: AI vs. Rule-based Missed corrections 38.4%

Scenario 1: AI vs. Rule-based User satisfaction (Likert 1–5) 3.2 → 4.6

Scenario 1: AI vs. Rule-based Productive exercise time 139.9s → 180.5s

Scenario 2: Fatigue-aware feedback Average time to pause (s) 7.3 seconds

Scenario 2: Fatigue-aware feedback Deviation reduction during fatigue 35%

Scenario 3: Sensor dropout (EMG missing) Deviation estimation accuracy 85.3%

Scenario 3: Sensor dropout (pose missing) Deviation estimation accuracy 76.4%

Scenario 3: PPO policy consistency 
(EMG missing)

Policy consistency 87.0%

Scenario 3: PPO policy consistency 
(Pose missing)

Policy consistency 81.5%

Scenario 4: PPO Learning curve Episodes to converge 3,000

Scenario 4: PPO Policy stability Average reward 0.92

Scenario 4: CNN vs. GRU vs. LSTM Average joint deviation (CNN) 14.3%

(Continued)
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Scenario Metric Result

Scenario 4: CNN vs. GRU vs. LSTM Average joint deviation (CNN-GRU) 10.2%

Scenario 4: CNN vs. GRU vs. LSTM Average Joint deviation (CNN-LSTM) 8.5%

Scenario 4: Temporal model comparison MSE (CNN-LSTM) 0.0124

Scenario 4: CNN vs. GRU vs. LSTM Inference latency (CNN-LSTM) 5.1 ms

Scenario 5: Personalization and User 
Adaptation

Task completion rate 72% → 90% (+18%)

Scenario 5: Personalization and User 
Adaptation

Average joint deviation (RMSE) 5.2° → 4.5° (−0.7°)

Scenario 5: Personalization and User 
Adaptation

Simulated user satisfaction 
(Likert 1–5)

3.8 → 4.6 (+22%)

Figure 15 provides a visual comparison of model performance in addition to the 
statistical analysis in Table 5.

Fig. 15. Comparative evaluation of different temporal modeling approaches
Note: The proposed CNN-LSTM demonstrated superior accuracy across RMSE, F1, and AUROC met-
rics, outperforming CNN-only and CNN-GRU, while providing competitive results relative to the 
Transformer baseline.

The bar chart illustrates the relative accuracy of CNN-only, CNN-GRU, CNN-LSTM, 
and Transformer models across three key metrics: RMSE for joint-angle estimation, 
F1-score for posture misalignment detection, and AUROC for fatigue classification. 
As shown, the proposed CNN-LSTM consistently achieves lower RMSE and higher F1 
and AUROC values compared to CNN-only and CNN-GRU, while maintaining compet-
itive performance relative to the Transformer baseline. These results further confirm 
that CNN-LSTM offers the best trade-off between accuracy and robustness, aligning 
with the statistical significance established by ANOVA and Tukey’s post-hoc tests.

This paper presents an AI rehabilitation framework integrating multimodal 
sensing (RGB, IMU, and EMG), a CNN-LSTM spatiotemporal recognition module, 

Table 6. Summary of scenario-based results (Continued)
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and a PPO-based RL agent. The CNN-LSTM outperformed CNN and GRU baselines, 
demonstrably reducing joint-angle estimation errors and improving misalignment 
and fatigue detection with real-time inference latency under 100 ms (ANOVA and 
Tukey’s test validated these improvements). The PPO agent enabled adaptive, per-
sonalized guidance by balancing posture correction, fatigue management, and 
exercise adherence. The CNN-LSTM and PPO integration offers a reliable balance 
between accuracy and latency, making the system suitable for real-time home 
rehabilitation.

6	 DISCLOSURE OF THE AI TOOL SAGE

The authors used OpenAI’s ChatGPT to enhance clarity, refine terminology, and 
improve structure. AI tools were solely employed for language and formatting, not 
research design or outcomes. All AI-assisted content was carefully reviewed for 
accuracy and originality.

7	 CONCLUSION AND FUTURE WORK

This study proposed an intelligent home-based rehabilitation framework that 
integrates multimodal sensing (RGB, IMU, and EMG), a CNN-LSTM spatiotemporal 
motion recognition module, and a PPO RL agent for adaptive feedback. The CNN-
LSTM architecture was selected over CNN-only and GRU baselines for its superior 
ability to capture long-term temporal dependencies in rehabilitation sequences 
while maintaining real-time inference performance (< 100 ms). Quantitative eval-
uations demonstrated that CNN-LSTM consistently reduced joint-angle estimation 
errors (RMSE) and improved misalignment detection (F1) and fatigue classification 
(AUROC), with statistically significant differences confirmed by ANOVA and Tukey’s 
post-hoc tests. The PPO agent further enhanced context-aware decision-making by 
balancing joint correction, fatigue management, and exercise completion, ensuring 
personalized and closed-loop feedback delivery. The integration of CNN-LSTM and 
PPO thus achieved a robust trade-off between accuracy, robustness, and latency, 
highlighting its feasibility for real-time deployment in home-based rehabilitation 
scenarios. Future work will focus on extending this framework with larger real-
world datasets, incorporating lightweight transformer-based architectures for com-
parative evaluation, and exploring adaptive difficulty adjustment mechanisms to 
improve user engagement and long-term adherence.
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