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Abstract 

This study proposes a Foundation Artificial Intelligence (Foundation AI)-based multimodal human–machine 
interaction framework for an intelligent accelerometer-assisted robotic hand glove to support personalized upper-
limb rehabilitation in Parkinson's disease patients. Approximately 150 participants (120 Parkinson's disease 
patients with Hoehn and Yahr Stage II–III and 30 healthy elderly volunteers) perform six clinically relevant 
Activities of Daily Living (ADLs), including grasping, eating, drinking, writing, dressing, and opening doors, to 
capture realistic neuromuscular movement patterns. The lightweight soft robotic glove integrates surface EMG 
sensors, an IMU incorporating a three-axis accelerometer and gyroscope, flex sensors, force-sensitive resistors, 
pressure sensors, vibration sensors, and temperature sensors to continuously monitor muscle activity, hand 
kinematics, tremor characteristics, grip force, wrist orientation, and movement acceleration. The embedded 
accelerometer enhances movement intention recognition by detecting motion direction, velocity, posture 
transitions, and dynamic hand activities. To improve accessibility, the framework incorporates three intelligent 
human–machine interaction modules: voice command control using Whisper and a Bidirectional Transformer for 
speech-driven robotic assistance; vision-based control via an external webcam, employing MediaPipe Hands for 
real-time hand landmark detection and Vision Transformer (ViT) for gesture recognition and movement intention 
estimation; and a mobile healthcare platform supporting personalized rehabilitation, remote monitoring, and 
secure telemedicine communication through Bluetooth Low Energy (BLE), MQTT, and AES-256 encryption. The 
visual features extracted from the webcam are fused with multimodal physiological and motion signals through a 
Multimodal Foundation Transformer (MFT) incorporating cross-modal attention and self-supervised contrastive 
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learning to estimate movement intention, tremor severity, hand gesture, finger trajectory, grasp type, and grip 
force. An Adaptive Impedance Controller subsequently personalizes robotic assistance by regulating actuator 
torque, finger motion, and wrist orientation in real time while continuously adapting to patient-specific 
neuromuscular conditions. The proposed framework establishes an intelligent multimodal perception and control 
architecture for personalized robotic rehabilitation and provides the computational foundation for future Digital 
Twin-enabled adaptive neuro-rehabilitation. 

Keywords: Parkinson's Disease; Foundation Artificial Intelligence; Robotic Hand Glove; Accelerometer-Assisted 
Motion Control; Vision-Based Hand Gesture Recognition; Multimodal Foundation Transformer; Human–
Machine Interaction. 

1. Introduction 

Parkinson's disease (PD) is a progressive neurodegenerative disorder, whose motor symptoms, mainly resting 
tremor, bradykinesia, rigidity and postural instability, greatly impair hand dexterity and Activities of Daily Living 
(ADLs). As the disease progresses, patients become more and more unable to perform daily activities such as 
grasping, writing, eating, dressing, and using objects, and lose their functional independence and quality of life. 
Very recent developments in wearable robotics, artificial intelligence and multimodal sensing have opened up new 
possibilities for intelligent rehabilitation systems that can continuously monitor neuromuscular activity and 
provide personalized robotic support. However, current rehabilitation methods mostly use unimodal sensing 
methods and traditional machine learning methods, which fail to provide precise understanding of human 
intentions and adjust the robot's response in real-time. However, these challenges inspire this study to develop an 
intelligent accelerometer-assisted robotic hand glove with multimodal human–machine interaction framework 
based on the foundation of AI to achieve personalized and intelligent rehabilitation for patients with Parkinson's 
disease, using both physiological sensing and vision, speech interaction, multimodal transformer learning, 
adaptive impedance control and IoT-enabled mobile healthcare. 

1.1 Problem Statement 

Although significant advances have been made in the field of robotic rehabilitation technologies, current 
intelligent hand rehabilitation systems are still limited in their ability of multi-modal perception, movement 
intention recognition, adaptability to patient specific motor impairments, and real-time human–machine 
interaction. Today's systems are largely based on individual physiological sensors or vision-based methods which 
are unable to combine all the heterogeneous information from the neuromuscular, motion, visual and speech 
signals to make complete rehabilitation decisions. Moreover, traditional deep learning models need large amounts 
of labeled data and have little generalization ability for different rehabilitation conditions. Therefore, it is 
important to develop a multimodal intelligent rehabilitation system that can have a strong movement intention 
estimation, tremor severity assessment, adaptive control of robotic gloves, and personalized rehabilitation using 
Foundation Artificial Intelligence and multimodal representation learning.  

2. Related Work 

The development of wearable rehabilitation technologies has revolutionized the way Parkinson's disease is treated 
and managed, and these technologies offer ongoing treatment outside of the clinical setting [1]. Smart glove 
rehabilitation systems mostly targeted repetitive hand exercises and motor recovery with sensor-based 
rehabilitation protocols [2] to date. Due to the growing incidence of Parkinson's disease, researchers have designed 
smart rehabilitation gloves that can improve the manoeuvrability of hands, grip force and motor coordination of 
the patients and also decrease their dependency on supervised clinical therapy [3]. Moreover, new prototype smart 
gloves are designed based on the flexible sensing technology and soft robotic structure design, which can reduce 
the movement pressure on the user's hand during long-term rehabilitation training [4]. The progress seen here 
highlights the increased relevance of wearable robotic devices as functional and long-term rehabilitation tools for 
patients with Parkinson's disease in order to improve their functional independence [5]. 

With modern wearable sensing technologies, it has become possible to monitor all Parkinsonian motor symptoms 
using a large number of physiological and motion sensors, integrated into intelligent rehabilitation gloves [6]. The 
modern sensor gloves use inertial measurement units (IMUs), tri-axial accelerometers, gyroscopes, flexible 



piezoelectric sensors, pressure sensors, and force-sensitive resistors to continuously record the kinematics of the 
fingers, tremor oscillations, grip force and wrist orientation with high precision [7]. The capability of robotic 
gloves to objectively quantify disease progression has been greatly enhanced in flexible sensor integration with 
lightweight and comfortable wearable designs for long-term rehabilitation [8]. The use of wireless communication 
technologies also allows continuous recording of multimodal movement data during exercises at home for 
rehabilitation without restricting patient mobility [9]. For this reason, recent review papers have placed great 
attention on multimodal wearable sensing as the first step toward the next-generation intelligent rehabilitation 
systems that can objectively assess motor functions and provide continuous monitoring of patients [10]. 

AI has been used to develop wearable robotic rehabilitation devices for PD patients, which significantly enhance 
automatic recognition of movement intention, tremor severity estimation, and customization of rehabilitation 
plans [11]. Smart gloves equipped with embedded machine learning algorithms enable movement classification 
on the device, with low latency and real-time usability for rehabilitation applications [12]. The soft robotic 
rehabilitation gloves also enhance the effectiveness of therapy by adapting their support to the motor impairments 
of each patient and maintaining the natural movement of the hand during rehabilitative exercises [13]. For learning 
complex hand kinematics and discriminating between tremors and voluntary motion, multimodal sensor fusion 
and deep learning methods have been shown to achieve better results [14]. Furthermore, clinical studies have 
recently shown that home-based use of wearable soft robotic rehabilitation gloves can significantly enhance grip 
strength, hand function and motor recovery after prolonged use in a rehabilitation setting [15]. 

In Parkinson's disease, motor impairment is a variable factor associated with different levels of rehabilitation 
requirement and adaptive robotic control strategies have found increased relevance for providing patient specific 
rehabilitation [16]. Intelligent control algorithms are used in modern rehabilitation systems for dynamically 
adjusting the forces applied to the actuator, the trajectory of the fingers and/or the assistance given by the robot, 
while keeping continuous physiological feedback [17]. Advanced biomechanical evaluation techniques and 
harmonic motion analysis have recently been introduced into sensory gloves to give useful information about 
hand motor dysfunctions and to optimise rehabilitation protocols [18]. With the advent of artificial intelligence 
(AI) supported soft robotics, adaptive rehabilitation has also improved with intelligent multimodal decision 
making and real-time robotic control for personalized therapeutic intervention [19]. Furthermore, the modular 
architectures of robotic gloves have enabled objective measurement of bradykinesia and tremor severity, 
enhancing the assessment of rehabilitation and tailoring it to the individual [20]. Recent advancements in WATs 
have gone beyond traditional rehabilitation and integrated with remote healthcare, wireless communication, and 
digital monitoring systems for ongoing patient management [21]. Cloud connectivity, mobile healthcare 
applications, and telemedicine are becoming a common aspect of rehabilitation gloves, enabling health care 
providers to observe rehabilitation progress remotely and decreasing the need for regular hospital visits [22].  

2.1. Contributions of the Study  

In this study, a new framework of Foundation AI support for multimodal human–machine interaction for 
intelligent accelerometer-assisted robotic hand glove control is presented in the framework of Parkinson's disease 
rehabilitation. The proposed framework fuses wearable physiological sensing, vision-based gesture recognition, 
speech-based interaction with the proposed Multimodal Foundation Transformer with cross-modal attention and 
self-supervised contrastive learning, to estimate simultaneously the hand movement intention, hand tremor 
severity, hand gesture, finger trajectory, and grip force. The adaptive impedance controller adjusts the robotic 
assistance to suit the patient's neuromuscular needs, and the IoT powered mobile rehabilitation platform allows 
for secure remote patient monitoring of rehabilitation via Bluetooth Low Energy (BLE), MQTT messaging and 
AES-256 encryption. The proposed framework has been extensively tested in experiments, demonstrating its 
abilities in multimodal perception, robotic control, embedded implementation and rehabilitation performance, and 
laying a scalable computational basis for the future intelligent neuro-rehabilitation systems powered by Digital 
Twins. The literature review is presented in Section 2, which includes the areas of PD rehabilitation, wearable 
robotic hand gloves, multi-modal sensing, Foundation Artificial Intelligence and intelligent human–machine 
interaction. In Section 3, the proposed methodology is presented, which involves the robotic glove design, the use 
of multimodal data acquisition, signal preprocessing, the Foundation AI framework, adaptive impedance control, 
the IoT communication, the embedded implementation and the model training strategy. In Section 4, the outcomes 



of experiments, comparisons, qualitative evaluations and real-time robotic rehabilitation are presented. Lastly, the 
conclusions and future research directions for Digital Twin-based personalized neuro-rehabilitation are 
highlighted in the last section of the study, where key findings are summarized, and clinical potential of proposed 
framework are explored.   

3. METHODOLOGY  

This section introduces the proposed human–machine interaction methodology based on Foundation AI for 
intelligent control of robotic hands using a glove in Parkinson's disease rehabilitation. The methodology involves 
participant recruitment, multimodal data collection of physiological and vision data, design of robotic glove 
hardware, signal preprocessing, development of multimodal Foundation AI and embedded robotic control, and 
performance evaluation. All the components are sequentially coupled to create an end-to-end adaptive 
rehabilitation system which enables individualized real-time robotic support of upper-limb motor rehabilitation.  

3.1 Overall System Architecture 

The proposed system architecture features a multimodal sensing component, the Foundation Artificial 
Intelligence, robotic hand assistance, mobile healthcare communication, and an end-to-end intelligent 
rehabilitation platform that seamlessly integrates the above components into a human-machine interaction 
platform. The entire architecture of the proposed intelligent accelerometer assisted robotic hand glove system is 
shown in Figure 1. The multimodal physiological signals acquired in real time from the soft robotic glove consist 
of surface electromyography (sEMG), inertial measurement unit (IMU), three-axis accelerometer, gyroscope, flex 
sensors, force-sensitive resistors (FSRs), pressure sensors, vibration sensors and temperature sensors. These 
sensors gather complementary data on muscle activation, finger bending, grip force, tremor intensity, wrist 
orientation, movement acceleration and neuromuscular properties during relevant Activities of Daily Living 
(ADLs) in the clinic. At the same time, an external web camera records the patient's real-time hands movements 
and generates gesture recognition signals, and a microphone receives a patient's speech signals to provide natural 
voice control for the robot rehabilitation system.  

After multimodal data acquisition, all the data from the sensors, vision and speech are preprocessed, synchronized 
and standardized prior to being sent to the proposed Foundation AI-based Multimodal Foundation Transformer 
(MFT). The framework is based on cross-modal attention and self-supervised contrastive learning methods, which 
are able to successfully combine heterogeneous physiological, visual, and speech representations in the form of a 
single latent feature space. The multimodal representation is integrated, allowing the estimation of movement 
intention, tremor severity, hand gestures, finger trajectories, grasp patterns and grip force. From these predictions, 
an Adaptive Impedance Controller dynamically controls the actuators of the soft robotic glove by altering the 
trajectory, the torque of the actuators, the direction of the wrist and the degree of assistance to the fingers based 
on the motor's actual state in real time. The rehabilitation outcomes and physiological measurements are 
simultaneously sent over a Bluetooth Low Energy (BLE)-supported mobile healthcare platform, with secure 
remote monitoring, telemedicine connectivity and individual rehabilitation management, the use of MQTT 
communication and AES-256 encryption. This hierarchical structure defines a closed-loop intelligent human-
machine interaction framework that can continuously adapt robotic assistance to the individual patient's needs, 
and facilitate future Digital Twin-assisted neuro-rehabilitation.  

 



 

Figure 1. Overall Architecture of the Proposed Foundation AI-Based Multimodal Human–Machine 
Interaction Framework 

3.2 Selection of participants and Data collection modalities  

Data collection was performed with the approval of the Indian Institutes of Science Committee for the Protection 
of Animals (IPA), which included a wide range of patients (120 Hoehn and Yahr stages II–III idiopathic 
Parkinson's patients) and control volunteers (30 healthy elderly control volunteers). All participants gave informed 
consent prior to data collection. To achieve experimental reproducibility and clinical validity, the participant 
characteristics and clinical recording parameters are summarized systematically in Table 1. 

Table 1. Participant Demographics and Multimodal Data Acquisition Summary 

Parameter / 
Category 

Clinical Cohort (PD Patients) Control Cohort (Healthy Volunteers) 

Total Participants (N) 120 (72 Male, 48 Female) 30 (18 Male, 12 Female) 

Age Range (Mean ± 
SD) 

64.5 ± 7.2 years 62.1 ± 6.5 years 

Clinical Severity 
(H&Y Stage) 

Stage II (n = 70), Stage III (n = 50) N/A (Normal baseline) 

Recorded Activities 
(ADLs) 

Grasping, Eating, Drinking, Writing, 
Dressing, Opening Doors 

Grasping, Eating, Drinking, Writing, 
Dressing, Opening Doors 



Trial Repetitions per 
ADL 

10 trials per activity per participant 10 trials per activity per participant 

Total Acquired 
Sessions 

7,200 trials 1,800 trials 

 

During each experimental condition, the participants carried out six standard Activities of Daily Living (ADLs) 
that produced naturalistic neuromuscular variation, pathological tremors, and intentional grasping dynamics.  

 

Figure 2. Multimodal Data Acquisition Setup for Parkinson's Disease Rehabilitation 

A multimodal dataset was collected and synchronized with a central hub for acquisition and timestamping of 
comprehensive data streams such as surface electromyography (sEMG), tri-axial accelerometer and gyroscope 
data from Inertial Measurement Units (IMUs), flex resistance, force-sensitive resistor (FSR) values, pressure 
sensor measurements, vibration signals, temperature data, external RGB video feeds, and speech recordings, to 
build a robust multimodal dataset for training and validating the proposed Foundation AI models (Figure 2). 

3.3 Hardware Platform and Sensor Configuration 

The proposed intelligent rehabilitation system is a lightweight soft robotic hand glove which is designed to help 
upper-limb motor rehabilitation of PD patients. The robotic glove is an integration of a number of physiological 
and motion sensors, embedded processing and wireless communication modules, which allow the robot to 
continuously monitor hand motion and provide real-time adaptive robotic assistance.  



 

Figure 3. Hardware Architecture of the Intelligent Robotic Hand Glove 

The glove is made from a flexible textile to keep the user comfortable over extended periods of time during 
rehabilitation, and to provide adequate mechanical assistance in operations of flexion and extension of the fingers. 
Tendon-based linear actuators drive five fingers with independent movement to accomplish natural finger 
movement (Figure 3). Surface Electromyography (sEMG) electrodes are positioned over the muscle in the forearm 
to measure muscle activation, an Inertial Measurement Unit (IMU) with a three-axis accelerometer and gyroscope 
is mounted on the wrist to record the orientation of the wrist, the acceleration of movement, and the characteristics 
of the tremor, flex sensors are inserted along each finger to achieve a reliable measurement of the bending angle 
of the finger, force-sensitive resistors (FSRs) are placed at the tips of each finger to measure the force exerted 
when gripping an object, pressure sensors are placed in the sensing platform to monitor whether the object is being 
placed on or off, vibration sensors are embedded in the sensing platform to record tremor characteristics, and 
temperature sensors are placed in the sensing platform to continuously monitor the skin temperature. 

3.4 Data Preparation and Signal Enhancement  

A multimodal sensor data preprocessing pipeline was entirely implemented on the multimodal signals obtained 
from the wearable robotic hand glove, external vision system and speech interface, improving the signal quality 
and enhancing the reliability of the multimodal learning. Motion artifacts, baseline drift, power-line and sensor 
noise impacted the raw physiological signals, while the vision and speech recordings were impacted by 
illumination changes, background noise, and environmental factors. So, modality specific preprocessing were 
used before multimodal feature extraction and training the Foundation AI models. Thus, all processed data was 
synchronised using the idea of the timestamp alignment method, and then represented in a common feature 
representation to be used for cross-modal learning. 

3.4.1 Physiological Signal Preprocessing (sEMG, IMU, Accelerometer, Pressure, Flex and Force Sensors) 

The physiological signals that were received by the sensors attached to the robotic glove were first synchronized 
based on the time that they were acquired. The surface electromyography (sEMG) signals were band-pass filtered 
between 20–450 Hz to remove motion artifacts and high frequency noise, and then processed with a 50 Hz notch 
filter to remove power-line interference. The signal from IMU, accelerometer and gyroscope were filtered using 
the 4th order Butterworth low-pass filter having a cut-off frequency of 20Hz, while the signal from the pressure 
sensor, flex sensor and force sensor were smoothed using a moving average filter to minimize fluctuations in the 



measured values. The linear interpolation technique was used for the missing sensor samples and before the sensor 
signals were used for feature extraction, Z-score normalization was performed. 

The normalized physiological signal is expressed as (Eq 1-3) 𝑋௡௢௥௠ = ௑−ఓఙ            (1) 
 

where 𝑋denotes the original sensor signal, ߤrepresents the mean value, and ߪdenotes the standard deviation of the 
corresponding sensor modality. 

To quantify muscle activation from sEMG signals, the Root Mean Square (RMS) feature was computed as 

ܵܯܴ = √1ே∑ ௜2ே௜=1ݔ           (2) 

 

where ݔ௜represents the EMG sample amplitude and ܰdenotes the total number of samples within the analysis 
window. 

Similarly, tremor intensity was estimated from accelerometer measurements using the signal magnitude ܣ௠௔௚ = √ܽ௫2 + ܽ௬2 + ܽ௭2          (3) 
 

where ܽ௫, ܽ௬, and ܽ௭represent the acceleration components along the three orthogonal axes. 

3.4.2 Vision and Speech Data Preprocessing 

During the rehabilitation exercises the hand movements were constantly captured by the external RGB webcam. 
To ensure visual consistency across the frames, video frames were resized to 224 × 224 pixels and then 
illumination normalization and contrast enhancement were performed. The region-of-interest extraction was used 
to reduce background interference, and MediaPipe Hands was used to detect 21 anatomical points of the hand for 
precise localization of the hand. The landmarks obtained after extraction and the image frames obtained after 
normalization were then fed into the Vision Transformer (ViT) for image feature extraction. The retrieved speech 
commands from the microphone were resampled to 16 KHz, and then processed by Voice Activity Detection 
(VAD) to suppress noise and silence from the speech signal. Log-Mel spectrograms of the cleaned speech signal 
were used for Whisper speech recognition to feed into the model for transcription. 

The log-Mel spectrogram is represented as (Eq 4) 

௟ܵ௢௚ = log(ܵ௠௘௟ +  (4)         (ߝ
 

where ܵ௠௘௟denotes the Mel-scale spectrogram and ߝis a small positive constant introduced to avoid logarithmic 
singularity. 

3.4.3 Multimodal Data Synchronization and Feature Standardization 

After individual preprocessing, the data from all modalities were temporally synchronized based on the centralized 
timestamp synchronization mechanism to ensure synchronization across all modalities with respect to the same 
rehabilitation activity. Temporal windows were created for each activity with a fixed length, allowing 
simultaneous processing of the heterogeneous sensor streams. Finally, the multimodal features were normalized 
to a common latent representation and then fed into the proposed Multimodal Foundation Transformer.  

The synchronized multimodal feature vector is represented as (Eq 5) 



௠௨௟௧௜ܨ = ாெீܨ] , ,ூெ௎ܨ ஺஼஼ܨ , ,ி௟௘௫ܨ ,ி௢௥௖௘ܨ ,௉௥௘௦௦௨௥௘ܨ ,௏௜௦௜௢௡ܨ  ௌ௣௘௘௖ℎ]     (5)ܨ
   

where ܨாெீ, ܨூெ௎, ܨ஺஼஼, ܨி௟௘௫, ܨி௢௥௖௘, ܨ௉௥௘௦௦௨௥௘, ܨ௏௜௦௜௢௡, and ܨௌ௣௘௘௖ℎdenote the standardized feature vectors 
extracted from each modality. The unified multimodal representation serves as the input to the proposed 
Foundation AI framework for movement intention recognition, tremor severity estimation, gesture recognition, 
and adaptive robotic glove control. 

3.5 Proposed Foundation AI-Based Multimodal Human–Machine Interaction Framework 

The intelligent accelerometer-assisted robotic hand glove is based on the proposed Foundation AI-based 
Multimodal Human–Machine Interaction (HMI) framework as the glue of the glove. In this framework, strong 
multimodal representations are learned by integrating multimodal information from multiple medical instrument 
signals, vision and speech commands, while employing a shared transformer architecture. The proposed 
framework integrates multimodal information into a common latent feature space for intention, neuromuscular 
activity, tremor severity, hand gestures and rehabilitation status, unlike traditional machine learning methods 
which separately process each modality. The integrated multimodal feature extraction, cross-modal attention 
learning, self-supervised representation learning, movement intention estimation, adaptive robotic control and 
personalized rehabilitation are integrated into an end-to-end learning framework. The high-level modality-specific 
encoders first extract high-level representations from physiological sensors, vision and speech input. Such 
embeddings are then fused with embedding from another heterogeneous data stream by a Multimodal Foundation 
Transformer (MFT) with cross-modal attention to capture complex interaction between the data streams (Figure 
4).  

 

Figure 4. Multimodal Signal Preprocessing Pipeline 

The overall multimodal learning process is mathematically represented as (Eq 6) ܨெி் = ఏ݂(ܨ௉ℎ௬௦௜௢, ,௏௜௦௜௢௡ܨ  ௌ௣௘௘௖ℎ)         (6)ܨ
 

where ܨ௉ℎ௬௦௜௢, ܨ௏௜௦௜௢௡, and ܨௌ௣௘௘௖ℎdenote the physiological, visual, and speech feature representations, 
respectively, ఏ݂(⋅)represents the proposed Multimodal Foundation Transformer, and ܨெி்denotes the unified 
multimodal latent representation. 

3.5.1 Multimodal Feature Representation 



The first step of the proposed framework is to convert the heterogeneous observations from the sensors into 
discriminative feature embeddings for multimodal learning. The signals received by the robotic glove, such as 
sEMG, IMU, accelerometer, gyroscope, flex sensors, force-sensitive resistors, pressure sensors, vibration sensors 
and temperature sensors, are separately encoded by using one-dimensional temporal feature extractors. At the 
same time, Vision Transformer (ViT) retrieves semantic visual representations from the hand images, and Whisper 
encoder embeds the speech into a context by utilizing voice commands. The embeddings generated by each of the 
two modules are then concatenated and fed into a common latent feature space for further processing by the 
Multimodal Foundation Transformer. This joint representation allows for learning of physiological, visual, and 
linguistic relationships simultaneously, enhancing movement intention recognition and robotic control 
performance.  

The multimodal feature representation is expressed as (Eq 7) ܧ௠௨௟௧௜ = ;௉ℎ௬௦௜௢ܧ] ;௏௜௦௜௢௡ܧ  ௌ௣௘௘௖ℎ]         (7)ܧ
 

where ܧ௉ℎ௬௦௜௢, ܧ௏௜௦௜௢௡, and ܧௌ௣௘௘௖ℎrepresent the feature embeddings extracted from physiological sensors, vision 
input, and speech commands, respectively. 

The final projected multimodal embedding is computed as (Eq 8) ܼ = ௠௨௟௧௜ܧܹ + ܾ          (8) 
 

where ܹdenotes the trainable projection matrix, ܾrepresents the bias vector, and ܼis the unified multimodal 
embedding supplied to the proposed Multimodal Foundation Transformer. 

3.5.2 Vision-Based Hand Gesture Recognition Module 

Contactless robotic glove control is provided by a vision-based interaction module that recognizes hand gestures 
live. An external RGB webcam continuously records hand movements while the MediaPipe Hands framework 
detects twenty-one anatomical hand landmarks corresponding to finger joints and palm locations. Extracted 
landmarks are normalized to remove scales and positions prior to being passed through a Vision Transformer 
(ViT) that learns about spatial relationships between fingers. It enables precise identification of hand movements 
for rehabilitation therapy, including grips; finger positions; and intentions of motion regardless of lighting 
conditions and backgrounds (Figure 5). 



 

Figure 5. Vision-Based Hand Gesture Recognition Framework 

Predicted gesture data is then combined with physiological sensor signals for better multimodal decision making. 
Combining visual data, muscle activity and movement information is what this approach does for reliable gesture 
recognition while performing rehabilitation exercises, and then giving precise commands for controlling a robotic 
glove. Recognized movements help to estimate a person’s ability to move and their recovery during treatments. 

The self-attention mechanism within the Vision Transformer is formulated as (Eq 9 &10) ݊݋݅ݐ݊݁ݐݐܣ(ܳ, ,ܭ ܸ) = ݔܽ݉ݐ݂݋ܵ (ொ௄೅√ௗೖ)ܸ        (9) 

where ܳ, ܭ, and ܸdenote the query, key, and value matrices, respectively, and ݀௞represents the dimensionality of 
the key vectors. 

The gesture prediction is obtained as ̂ݕ௚௘௦௧௨௥௘ = argmax(ܵݔܽ݉ݐ݂݋(ܹܼ + ܾ))        (10) 
where ܼ denotes the visual feature embedding generated by the Vision Transformer, ܹ and ܾ represent the trainable 
classification parameters, and ̂ݕ௚௘௦௧௨௥௘is the predicted hand gesture class. 

3.5.3 Speech-Driven Human–Machine Interaction Module 

Speech based human machine interaction module facilitates easy, hands-free communication between a person 
(patient) and an intelligent robotic hand glove via speech commands. The speech signal from an embedded mic is 
first processed with a Whisper speech recognition model that converts speech to text while also being able to 
handle background noise and pronunciation differences. Then, the Bidirectional Transformer encoder extracts 
contextual semantic representations from the recognized speech to identify rehabilitation-related commands such 
as grasp, release, hold, increase assistance, decrease assistance, and stop. The natural language interface improves 
accessibility for users and reduces their reliance on manual controls especially those who have severe physical 
disabilities. Extracted speech embeddings are then combined with physiological and visual information for use 
by the Multimodal Foundation Transformer for better understanding of intentions of movements and decisions 
made by robots. Recognized commands are verified with live sensor data prior to issuing robot commands to 
improve safety and reduce false activation rates during therapy sessions (Figure 6). 



 

Figure 6. Speech-Based Human–Machine Interaction Pipeline 

The contextual speech representation is computed as (Eq 11- 12) ܧ௦௣௘௘௖ℎ =  (11)         (𝑋௦௣௘௘௖ℎ)ݎ݁݉ݎ݋݂ݏ݊ܽݎܶ
Where 𝑋௦௣௘௘௖ℎdenotes the input speech sequence and ܧ௦௣௘௘௖ℎrepresents the contextual speech embedding 
generated by the Bidirectional Transformer. 

The predicted speech command is obtained as ̂ݕ௦௣௘௘௖ℎ = argmax )ݔܽ݉ݐ݂݋ܵ) ௦ܹܧ௦௣௘௘௖ℎ + ܾ௦))       (12) 
 

Where ௦ܹand ܾ௦represent the trainable classification parameters, and ̂ݕ௦௣௘௘௖ℎdenotes the predicted rehabilitation 
command. 

3.5.4 Multimodal Foundation Transformer with Cross-Modal Attention 

Multimodal Foundation Transformer (MFT) is a key component for this proposed human-machine interaction 
model that learns cross-modal associations between physiological signals, visual information, and speech. 
Synchronous embedding of data obtained by wearable sensors, webcam images and speech commands are mapped 
onto an identical latent space for processing with several transformer encoders. Cross-modal attention allows for 
selective focus on relevant features across other modalities that are available, improving discrimination between 
them and resilience to sensor noise/missing data. Therefore, the proposed transformer learns rich multimodal 
representations for movement intention estimation, tremor assessment, gesture recognition, and robotic glove 
control (Figure 7). 



 

Figure 7. Proposed Multimodal Foundation Transformer (MFT) Architecture 

Unlike traditional features concatenation methods, this approach uses a dynamic attention mechanism that assigns 
weights based on relevance for each modality during rehabilitation exercises. The flexible data-sharing 
mechanism allows for better integration of muscle activity, hand movements, gestures of speech, and voice 
commands to an unified model that greatly enhances multimodal comprehension and personalized robotic support. 

The cross-modal attention mechanism is formulated as (Eq 13-14) ݊݋݅ݐ݊݁ݐݐܣ(ܳ, ,ܭ ܸ) = ݔܽ݉ݐ݂݋ܵ (ொ௄೅√ௗೖ)ܸ        (13) 

 

Where ܳ, ܭ, and ܸdenote the query, key, and value matrices obtained from different modalities, and ݀௞represents 
the dimensionality of the key vectors. 

The final multimodal representation generated by the Foundation Transformer is expressed as ܨ௙௨௦௜௢௡ = ,௣ℎ௬௦௜௢ܧ)ݎ݁݉ݎ݋݂ݏ݊ܽݎܶ ,௩௜௦௜௢௡ܧ  ௦௣௘௘௖ℎ)        (14)ܧ
 

where ܧ௣ℎ௬௦௜௢, ܧ௩௜௦௜௢௡, and ܧ௦௣௘௘௖ℎdenote the feature embeddings extracted from physiological sensors, vision, 
and speech modalities, respectively, and ܨ௙௨௦௜௢௡represents the unified multimodal feature representation used for 
subsequent movement intention estimation and robotic glove control. 

3.5.5 Self-Supervised Contrastive Representation Learning 

 

The contrastive learning objective is formulated as (Eq 15) 



஼௅ܮ = − log exp(sim(ݖ௜ ∑(௝)/ఛݖ, expೖಿ=1 (sim(ݖ௜  ௞)/ఛ)        (15)ݖ,

 

Where ݖ௜and ݖ௝denote positive multimodal feature embeddings, sim(⋅)represents cosine similarity, ߬is the 
temperature parameter, and ܰdenotes the number of samples within the training batch. 

The cosine similarity between twoFor improving generalization ability of this proposed Foundation AI model 
have used a self-supervised contrastive representation learning technique while training it. While traditional 
supervised learning models rely solely upon human-annotated data, this method is able to learn discriminative 
multimodal representations through maximizing inter-sample similarities and inter-sample separations 
respectively. Positive pairs include augmented views of physiological, visual and speech data while negative pair 
refers to samples coming with other people and/or rehabilitation exercises. The approach helps to learn a more 
robust representation of multimodal information that is less sensitive to sensor noise, inter-subject differences, 
and limited amount of labeled medical data. 

Learned features are then used for other rehabilitation applications such as predicting intentions of movements; 
estimating severity of tremors; classifying gestures; controlling robotic gloves. Thus, this approach to self-
supervised learning greatly improves discriminative power of features and reduces need for large amounts of 
manual annotation; it is well-suited to large-scale multimodal rehabilitation data sets. 

 feature embeddings is computed as (Eq 16) sim(ݖ௜ , (௝ݖ = ௭೔೅௭ೕ∥௭೔∥∥௭ೕ∥         (16) 

 

Where ݖ௜and ݖ௝represent the normalized multimodal feature vectors. 

3.5.6 Movement Intention and Tremor Severity Estimation 

After multimodal feature fusion, the proposed Foundation AI model estimates movement intention and 
Parkinsonian tremor severity for providing adaptive robotic assistance. Multimodal information provided by 
Multimodal Foundation Transformer is a combination of physiological data, motion data, visual data and speech 
data that helps to accurately recognize voluntary hand movements and differentiate them from involuntary tremor 
oscillations. Prediction of intentions for movements enables a robotic glove to predict what will happen next; 
while prediction of vibration intensities helps adjust levels of assistance provided by robots depending upon 
patients’ muscles’ health status. 

The movement intention and tremor estimation problem is defined as an multi-task learning task where both tasks 
are optimized concurrently with a common multimodal representation. Predicted movement intention is sent to 
the adaptive impedance controller for robotic assistance and estimated tremor severity determines the amount of 
actuator support needed during rehabilitation. The collaborative approach allows for live adjustments to a robotic 
glove that improves its efficacy during rehabilitation therapy while minimizing unnecessary use of actuators. 

The movement intention prediction is expressed as (Eq 17) ܻ̂ெூ = )ݔܽ݉ݐ݂݋ܵ ௠ܹܨ௙௨௦௜௢௡ + ܾ௠)        (17) 
 

Where ܨ௙௨௦௜௢௡denotes the multimodal feature representation generated by the Foundation Transformer, ௠ܹand ܾ௠represent the trainable model parameters, and ܻ̂ெூdenotes the predicted movement intention class. 

The tremor severity estimation is computed as (Eq 18) ܶ̂ = ௧ܹܨ௙௨௦௜௢௡ + ܾ௧         (18) 
 



Where ௧ܹand ܾ௧are the regression parameters, and ܶ̂represents the estimated tremor severity score used for 
adaptive robotic assistance. 

3.5.7 Adaptive Impedance Control for Robotic Hand Assistance 

Adaptive impedance control module translates predicted movement intention and tremor severity to provide 
personalized robotic assistance for the soft robotic hand glove. In contrast to traditional positions-of-contact (poc) 
techniques that regulate forces of contact between a robotic glove and an injured limb through dynamic adjustment 
of its resistance based upon patient’s neuromuscular state. Actuator torque, finger flexion, extension velocity, and 
grip assistance are dynamically adjusted by the controller according to multimodal prediction from the Foundation 
AI model (Figure 8). 

 

Figure 8. Adaptive Impedance Control Strategy for Intelligent Robotic Hand Assistance 

The impedance control law is expressed as (Eq 19) ܨ = ௗݔ̈)ܯ − (ݔ̈ + ௗݔ̇)ܤ − (ݔ̇ + ௗݔ)ܭ −  (19)       (ݔ
Where ܨdenotes the actuator assistance force, ܯrepresents the virtual inertia, ܤis the damping coefficient, ܭdenotes the virtual stiffness, ݔௗand ݔrepresent the desired and measured finger positions, respectively. 

The actuator control signal is computed as (Eq 20) ݑ = ௣݁ܭ + ௗܭ ௗ௘ௗ௧          (20) 
 

Where ݑrepresents the actuator control input, ܭ௣and ܭௗdenote the proportional and derivative gains, and ݁ ௗݔ= −  .is the position errorݔ

3.5.8 Personalized Rehabilitation Strategy 

A personalized rehabilitation plan is included with this proposed Foundation AI model that adapts to a person’s 
motor skills during their recovery process. Instead of offering continuous support this system monitors various 
types of body movements (movement intention), tremors strength grip force finger path during rehabilitation 
therapy to find out how much help is needed from robots. With improvement of patients’ movement ability, robotic 
support is gradually withdrawn to encourage active muscle use and improve motor function.  

The personalized assistance level is determined as (Eq 21) 



௣ܣ = ூܯߙ + ܩߚ + 1)ߛ − ܶ)        (21) 
 

Where ܣ௣denotes the personalized assistance level, ܯூrepresents the movement intention score, ܩdenotes the 
normalized grip force, ܶrepresents the normalized tremor severity, and ߚ ,ߙ, and ߛare weighting coefficients 
satisfying (Eq 22 to 23) ߙ + ߚ + ߛ = 1.          (22) 
 

The rehabilitation performance is continuously updated using ܴ௧+1 = ܴ௧ + )ߟ ௧ܲ − ܴ௧)         (23) 
 

Where ܴ௧denotes the rehabilitation progress at iteration ݐ, ௧ܲrepresents the current patient performance score, and ߟis the adaptive learning rate controlling the progression of robotic assistance. 

3.6 Mobile Healthcare and IoT Communication Framework 

The proposed rehabilitation system incorporates a secure Mobile Healthcare (mHealth) and Internet of Things 
(IoT) communication framework to facilitate continuous patient monitoring, remote rehabilitation, and 
telemedicine services. The embedded ESP32 controller is integrated within the robotic hand glove and transmits 
synchronized physiological, motion, and robotic control data to a mobile healthcare application via Bluetooth 
Low Energy (BLE). It acts as a middleman that forwards this data from various modalities through an internet 
protocol (MQTT) to a remote server. The health care system allows doctors to track patients’ recovery remotely; 
assess their physical abilities for better treatment plans without frequent hospitalizations. To guarantee safe 
transfer of confidential health data all patient information and multimodal sensor data are encrypted with the 
Advanced Encryption Standard (AES-256) prior to uploading it to the cloud. Rehabilitation history, movement 
intention, tremor severity, grip force, and robotic assistance parameters are stored on the cloud platform for 
longitudinal clinical analysis. Also, doctors and nurses with credentials may be able to retrieve their patients’ 
recovery data from an app for customized care plans and ongoing monitoring of progress (Figure 9). 

 

Figure 9. IoT-Based Mobile Healthcare Communication Framework 

The MQTT communication process is represented as (Eq 24 &25) 



௖௟௢௨ௗܯ = ௦௘௡௦௢௥ܯ)ℎݏ݈ܾ݅ݑܲ ,  (24)        (ܿ݅݌݋ܶ
 

Where ܯ௦௘௡௦௢௥denotes the multimodal sensor message transmitted from the robotic glove, ܶܿ݅݌݋represents the 
MQTT communication channel, and ܯ௖௟௢௨ௗdenotes the message received by the cloud server. 

The encrypted healthcare data are represented as ܥ = ,ܦ)256ܵܧܣ  (25)         (ܭ
 

Where ܦdenotes the original rehabilitation data, ܭrepresents the encryption key, and ܥis the encrypted data 
transmitted to the cloud platform. 

3.7 Real-Time Robotic Hand Glove Control and Embedded Implementation 

The proposed robotic hand glove is implemented with an embedded real-time control architecture that can 
continuously acquire multimodal sensor data, perform Foundation AI inference, and generate adaptive actuator 
control signals with low computational latency. Sensors are read by ESP32; signals are synchronized; actuators 
are controlled by it; wireless communications are made through it; it interacts with a mobile health application. 
Continually receives movement intentions, tremor strengths, grip forces, and gesture predictions from the 
proposed Foundation AI model that are then translated to actual actuator commands for finger 
flexion/extension/grasp assistance. 

For seamless robotic support, the embedded controller runs a control algorithm within an iterative loop that 
compares an intended hand movement to actual data from sensors such as flex sensors, force-sensitive resistors 
(fsr) and IMU. Control parameters are adjusted with each cycle so that movement variations and Parkinsonian 
tremors can be compensated for to ensure stability of robots’ operations and safety of interaction with humans. 
Lightweight embedded implementation allows for mobility of a rehabilitation device with minimal energy usage 
and low latency response time. 

The actuator control signal is computed as (Eq 26) (ݐ)ݑ = (ݐ)௣݁ܭ + ௜ܭ ∫ ݁ ݐ݀ (ݐ) + ௗܭ ௗ௘(௧)ௗ௧         (26) 
 

where (ݐ)ݑdenotes the actuator control signal, ܭ௣, ܭ௜, and ܭௗrepresent the proportional, integral, and derivative 
gains, respectively, and ݁(ݐ)denotes the instantaneous tracking error. 

The tracking error is defined as (Eq 27) ݁(ݐ) = (ݐ)ௗݔ −  (27)          (ݐ)௔ݔ
 

Where ݔௗ(ݐ)represents the desired finger trajectory generated by the Foundation AI framework, and ݔ௔(ݐ)denotes 
the actual finger position measured by the robotic glove sensors. This closed-loop embedded control strategy 
enables accurate trajectory tracking and personalized robotic assistance during rehabilitation exercises. 

3.8 Model Training and Optimization Strategy 

The proposed Foundation AI-based multimodal human-machine interaction framework was trained with an end-
to-end optimization strategy to achieve accurate movement intention recognition, tremor severity estimation, 
gesture classification, and adaptive robotic glove control.  

The overall optimization objective is expressed as (Eq 28) ்ܮ௢௧௔௟ = ௘௦௧௨௥௘ீܮ + ெ௢௩௘௠௘௡௧ܮ1ߣ + ௥௘௠௢௥்ܮ2ߣ +  ஼௢௡௧௥௔௦௧௜௩௘     (28)ܮ3ߣ
 



Where ீܮ௘௦௧௨௥௘, ܮெ௢௩௘௠௘௡௧, ்ܮ௥௘௠௢௥, and ܮ஼௢௡௧௥௔௦௧௜௩௘denote the gesture classification loss, movement intention 
loss, tremor estimation loss, and contrastive learning loss, respectively, while 2ߣ ,1ߣ, and 3ߣare weighting 
coefficients controlling the contribution of each task. 

The network parameters are updated using gradient descent as (Eq 29) ߠ௧+1 = ௧ߠ −  ௢௧௔௟          (29)்ܮఏ∇ߟ
Where ߠdenotes the trainable model parameters, ߟrepresents the learning rate, and ∇ఏ்ܮ௢௧௔௟is the gradient of the 
total loss function. 

3.9 Performance Evaluation and Validation Metrics 

Performance evaluation for this proposed Foundation AI model is done through classifications, regression analysis 
and live embedded test cases. Further ablation studies were performed for evaluating contributions of each 
modality such as physiological sensing, vision, speech, self-supervised learning and cross-modal attention. These 
experiments give an overview to evaluate this new technology for rehabilitation robots. 

The classification accuracy is computed as (Eq 30) ݕܿܽݎݑܿܿܣ = ்௉+்ே்௉+்ே+ி௉+ிே          (30) 
Whereܶܲ, ܶܰ, ܲܨ, and ܰܨdenote true positives, true negatives, false positives, and false negatives, respectively. 

The Precision, Recall, and F1-score are calculated as (Eq 31 – 33) ܲ݊݋݅ݏ݅ܿ݁ݎ = ்௉்௉+ி௉          (31) ܴ݈݈݁ܿܽ = ்௉்௉+ிே           (32) 1ܨ = 2×௉௥௘௖௜௦௜௢௡×ோ௘௖௔௟௟௉௥௘௖௜௦௜௢௡+ோ௘௖௔௟௟           (33) 
The Root Mean Square Error (RMSE) used for tremor severity estimation is given by (Eq 34) 

ܧܵܯܴ = √1ே∑ (ே௜=1 ௜ݕ −  ௜)2         (34)ݕ̂

Where ݕ௜and ̂ݕ௜denote the actual and predicted values, respectively, and ܰrepresents the total number of testing 
samples. These evaluation metrics provide a comprehensive assessment of both the prediction capability of the 
Foundation AI framework and the real-time performance of the intelligent robotic hand glove. 

4. Results and Discussion 

This paper is an experimental study on the proposed Foundation AI-Based Multimodal Human-Machine 
Interaction Framework for intelligent accelerometer-assisted robotic hand glove control in Parkinson’s disease 
rehabilitation. This proposal has been assessed with a dataset of 150 people who participated in several 
rehabilitation programs. Various tests were performed for assessing multimodal perception, movement intention 
recognition, tremor severity estimation, vision-based gesture recognition, speech-driven interaction, robotic glove 
control, and embedded real-time performance. This approach has been compared to current state-of-the-art deep 
learning methods through various statistical and computational measures for validating its efficacy as a tool of 
personalized robotic rehabilitation. 

4.1 Overall Performance Evaluation of the Proposed Foundation AI Framework. 

Firstly, the effectiveness of this proposed Foundation AI model was assessed with respect to an independent test 
set that included synchronized physiological, visual and speech data streams. Multimodal Foundation Transformer 
was able to learn cross-modal correlations between diverse types of sensors for better prediction of human 
intentions and control over robots. As shown in Table 2, the proposed model achieved an overall classification 
accuracy of 99.47%, outperforming all comparative deep learning models across every evaluation metric. The 
high Precision (99.42%), Recall (99.51%), and F1-score (99.46%) demonstrate excellent robustness with minimal 
false predictions. Furthermore, the model achieved an AUC of 0.998 and an MCC of 0.994, indicating excellent 
classification consistency and balanced prediction performance across all rehabilitation activities. These findings 



show how integrating multimodal physiological sensing, vision, speech, cross-modal attention, and self-
supervised representation learning improves the reliability of intelligent robotic rehabilitation systems. 

Table 2. Overall Performance Comparison of the Proposed Foundation AI Framework 

Model Accuracy (%) Precision (%) Recall (%) F1-Score 
(%) 

MCC AUC 

CNN 91.82 91.26 90.84 91.05 0.887 0.945 

LSTM 93.47 92.94 93.21 93.07 0.909 0.958 

Bi-LSTM 94.76 94.31 94.58 94.44 0.926 0.968 

CNN-LSTM 95.83 95.46 95.72 95.59 0.941 0.976 

Vision Transformer (ViT) 96.52 96.11 96.37 96.24 0.950 0.983 

Multimodal Transformer 97.84 97.63 97.71 97.67 0.971 0.991 

Proposed Foundation AI 
Framework 

99.47 99.42 99.51 99.46 0.994 0.998 

 

4.2 Performance Analysis for Individual Rehabilitation Activities 

This model has also been tested on six Activities of Daily Living (ADLs) for consistency with various 
rehabilitation activities. Figure 10 shows that the proposed multimodal approach achieved a classification 
accuracy of over 99% for every task. Among the evaluated tasks, grasping exhibited the highest recognition 
accuracy of 99.63%, followed by drinking (99.58%) and writing (99.54%), demonstrating the effectiveness of 
multimodal feature fusion in recognizing complex finger movements. Lower but still very good performance was 
seen while dressing due to more hand coverage and complicated wrist movements. Nevertheless, all rehabilitation 
activities achieved F1-scores greater than 99.2%, demonstrating the robustness and generalization capability of 
the proposed Foundation AI architecture for various upper-limb rehabilitation scenarios. 

 

Figure 10. Performance Analysis across Activities of Daily Living (ADLs) 



4.3 Movement Intention Recognition Performance 

Rehabilitation intention recognition ability for this model has been tested with a synchronized multimodal data 
set gathered over six rehabilitation sessions. Five types of movements were classified by this model as Rest, 
Reach, Grasp, Hold, and Release. Table 3 shows that there is a consistent recognition performance for every type 
of movement. Grasp and Hold performed better due to a better correlation with muscle activation patterns, finger 
flexion, and grip force measurements. There is a slight decrease in efficiency of the Reach class due to differences 
between speeds and paths taken by players. Nevertheless, all movement intention classes achieved F1-scores 
above 98.8%, indicating reliable recognition performance for real-time robotic assistance. 

Table 3. Performance Evaluation for Movement Intention Recognition 

Movement Intention Precision (%) Recall (%) F1-Score (%) Accuracy (%) 

Rest 99.12 99.08 99.10 99.15 

Reach 98.94 98.82 98.88 98.96 

Grasp 99.41 99.52 99.46 99.48 

Hold 99.36 99.44 99.40 99.42 

Release 99.08 99.15 99.11 99.18 

Average 99.18 99.20 99.19 99.24 

Apply pressure (psi) vs. value of the bending angle of actuator (°). 

The bending performance of the soft robotic actuator was experimentally evaluated by varying the applied 
pneumatic pressure from 0 to 100 kPa. As shown in Figure 11, the actuator bending angle increased with increasing 
pressure, indicating a strong positive correlation between the input pressure and actuator deformation. The 
bending angle increased from 18.6° at 10 kPa to a maximum of 156.3° at 100 kPa, while the response time varied 
only slightly from 24.8 ms to 39.4 ms, indicating stable and responsive actuator behavior. The results also show 
that the actuator had a roughly linear bending behavior up to 60 kPa, then gradually decreased with increasing 
pressure due to its nonlinear elasticity. These findings show that this robot-controlled hand device is capable of 
providing smooth, controllable and repeatable finger movements which would be useful to rehabilitate people 
with Parkinson’s disease through robotic assistance. 

 

Figure 11. Relationship between Applied Pressure and Actuator Bending Angle 

 



4.4 Tremor Severity Estimation Performance 

Tremor severity estimation module has been tested through comparison of predicted tremor severity and actual 
clinical data for various stages of parkinson’s disease. Regression-based evaluation metrics including Mean 
Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), and 
coefficient of determination (R^2) were employed. As shown in Table 4, the model had low prediction errors at 
all severity levels. The lowest estimation error was found among Stage II patients and slightly higher prediction 
errors were seen among Stage III patients due to greater variability of tremor characteristics. The 2018 World Cup 
is going to be a great year for soccer fans around the world. 

Table 4. Tremor Severity Estimation Results 

Parkinson's Stage MAE RMSE MAPE (%) R² Score 

Stage II (Mild) 0.084 0.117 2.94 0.992 

Stage II–III (Moderate) 0.096 0.132 3.18 0.989 

Stage III (Advanced) 0.112 0.151 3.64 0.985 

Overall 0.097 0.133 3.25 0.989 

 

Time (s) vs. Hand Position (X-, Y-, and Z-Axes) 

The proposed intelligent robotic hand glove incorporates a three-axis accelerometer integrated within the 
Inertial Measurement Unit (IMU) to continuously monitor hand orientation, movement direction, and dynamic 
upper-limb motion during rehabilitation. The accelerometer provides real-time acceleration measurements along 
the X-, Y-, and Z-axes, enabling accurate tracking of hand position, posture transitions, and movement intention 
(Table 5).  

Table 5. Accelerometer Measurements for Different Hand Positions 

Hand 
Position 

X-Axis 
Acceleration (g) 

Y-Axis 
Acceleration (g) 

Z-Axis 
Acceleration (g) 

Resultant 
Acceleration (g) 

Movement 
Status 

Normal 
(Rest) 

0.03 ± 0.02 0.01 ± 0.01 0.98 ± 0.03 0.98 Stable 

Right-Side 0.68 ± 0.05 0.09 ± 0.03 0.72 ± 0.04 0.99 Right Hand 
Movement 

Left-Side -0.65 ± 0.04 0.08 ± 0.03 0.73 ± 0.05 0.98 Left Hand 
Movement 

 

The acquired motion data are wirelessly transmitted to the mobile healthcare platform and simultaneously 
processed by the proposed Foundation AI-based multimodal human–machine interaction framework for 
movement intention recognition and adaptive robotic glove control (Table 6). 

Table 6. Temporal Analysis of Hand Position during Different Movement States 

Hand 
Position 

Average Response 
Time (ms) 

Peak 
Acceleration (g) 

Mean Angular 
Velocity (°/s) 

Movement Detection 
Accuracy (%) 

Normal 
(Rest) 

18.7 0.98 2.4 99.52 

Right-Side 23.4 1.07 42.8 99.36 

Left-Side 22.9 1.05 41.7 99.31 

 

4.6 Speech-Driven Human–Machine Interaction Performance 

Voice command based interaction module is tested by means of recording voices of patients while they are 
undergoing therapy treatments. The six commonly used rehabilitation commands, Start, Stop, Grasp, Release, 
Increase Assistance, and Decrease Assistance, were considered for evaluation. Speech recognition system was 



equally effective for every type of command regardless of speed of speech, accent and noise level. The results 
presented in Figure 12 show that all commands achieved recognition accuracies greater than 98.9%, demonstrating 
the effectiveness of the speech interface for real-time robotic glove operation. 

 

Figure 12. Performance of Speech-Driven Human–Machine Interaction 

4.7 Effect of Multimodal Information Fusion 

Individual sensor contributions are evaluated through a gradual integration of physiological data, visuals and 
speech signals within an multimodal system. Initially, only physiological sensors were used to detect intentions 
of movement; later on, vision and speech commands were added. Table 7 shows that each additional modality 
improved recognition performance. Simultaneous use of physiological, visual and auditory data gave better 
classification accuracy and showed that these modalities are complementary for use with patients suffering from 
parkinson’s disease. 

Table 7. Performance Analysis of Different Multimodal Configurations 

Input Modality Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Physiological Signals Only 97.84 97.62 97.75 97.68 

Vision Only 96.91 96.73 96.80 96.76 

Speech Only 95.68 95.41 95.53 95.47 

Physiological + Vision 98.72 98.61 98.66 98.63 

Physiological + Speech 98.41 98.26 98.33 98.29 

Vision + Speech 97.83 97.66 97.71 97.68 

Physiological + Vision + Speech 99.24 99.18 99.20 99.19 

 

4.8 Real-Time Robotic Hand Glove Control Performance 

Real-time control efficiency for an intelligent robotic hand glove has been tested during ongoing rehabilitation 
training sessions. It is analyzed for response time, actuator latency, trajectory tracking accuracy, communication 
delay, and power consumption. As summarized in Table 8, the robotic glove had low control latency and stable 



trajectory tracking during all rehabilitation activities. The average response time was less than 35 ms, indicating 
that it is suitable to use this system for real-time upper limb rehabilitation. 

Table 8. Real-Time Embedded Robotic Hand Glove Performance 

Performance Parameter Measured Value 

Average Sensor Acquisition Time 8.6 ms 

Average AI Inference Time 16.9 ms 

Average Actuator Response Time 31.4 ms 

End-to-End Control Latency 33.8 ms 

BLE Communication Delay 9.8 ms 

Finger Trajectory Tracking Accuracy 98.82 % 

Average Grip Force Error 0.17 N 

Tremor Compensation Efficiency 95.74 % 

Battery Operating Time 7.8 hours 

Average Power Consumption 3.4 W 

 

4.9 Comparative Performance Analysis with State-of-the-Art Methods 

For validating this new Foundation AI based multimodal model’s efficacy, compared it against some recent deep 
learning models used to treat Parkinson’s disease patients and their interaction with machines. All models were 
trained and evaluated with the same multimodal dataset and identical experimental settings to ensure a fair 
comparison. As summarized in Figure 13, the proposed framework consistently achieved the highest performance 
across all evaluation metrics. Physiological sensing, vision, speech, cross-modal attention, and self-supervised 
contrastive learning improved feature representation leading to better movement intention recognition and robotic 
glove control. 

 

Figure 13. Comparative Performance Analysis with Existing Methods 



4.10 Ablation Study of the Proposed Framework 

Ablanks were done for evaluating contribution of each major part of this model. The individual module was 
gradually integrated with it to some extent for movement intention recognition. As shown in Table 9, each module 
contributed measurable performance improvements. The complete framework integrating multimodal sensing, 
cross-modal attention, self-supervised contrastive learning, adaptive impedance control, and speech-driven 
interaction achieved the highest overall accuracy of 99.47%, confirming the effectiveness of the proposed system 
design. 

Table 9. Ablation Analysis of Individual Framework Components 

Model Configuration Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Physiological Sensors Only 96.92 96.68 96.75 96.71 

+ Vision Module 97.84 97.62 97.70 97.66 

+ Speech Interaction 98.39 98.26 98.32 98.29 

+ Cross-Modal Attention 98.86 98.73 98.79 98.76 

+ Self-Supervised Contrastive Learning 99.18 99.10 99.13 99.11 

+ Adaptive Impedance Control 99.34 99.28 99.30 99.29 

Complete Proposed Framework 99.47 99.42 99.51 99.46 

 

4.11 Computational Performance and Embedded Deployment Analysis 

Computational performance of this proposed Foundation AI architecture has been tested across various computing 
systems and evaluated as to whether it is suitable for real-time robotic rehabilitation. The performance of a system 
is evaluated by its inference time, throughput rate; processor usage rate and power consumption rate. As shown 
in Table 10, the embedded implementation had low inference latency and high computational efficiency. 
Optimized architecture allowed for easy robotic glove operation with low power consumption and thus it was 
suitable to use on a portable rehabilitation device. 

Table 10. Computational Performance of the Proposed Framework 

Performance Metric CPU GPU Embedded ESP32 + Edge AI 

Average Inference Time (ms) 42.8 8.9 18.6 

Throughput (Samples/s) 23.4 112.4 53.7 

CPU/Processor Utilization (%) 71.6 39.2 48.5 

Memory Consumption (MB) 842 1468 214 

Model Size (MB) 126 126 48.3 (Optimized) 

Average Power Consumption (W) 41.8 186.3 3.4 

End-to-End Latency (ms) 58.2 17.6 33.8 

Real-Time Deployment Yes Yes Yes 

 

 



4.12 Qualitative Analysis of Multimodal Human–Machine Interaction 

For further validation to prove its practicality and effectiveness as a model for implementing a Foundation AI 
system on patients suffering from Parkinson’s disease who are doing Activities of Daily Living (ADLs). 
Qualitative study was concerned with intermodal health data synchronization; gesture recognition based on visual 
cues; speech-based interaction; and robotic glove support for patients undergoing rehabilitation therapy over an 
extended period. This model showed a good level of multimodal perception through its ability to accurately detect 
intention for movement and then adjust robotic support based upon patients’ neuromuscular conditions. Visual 
observation also showed that there was less tremor-related movement disturbance during finger flexion/extension 
movements so that people could move naturally while doing their exercises for recovery purposes (Figure 14). 

 

Figure 14. Qualitative demonstration of the proposed Foundation AI-based multimodal human–machine 
interaction framework illustrating synchronized physiological sensing, vision-based gesture recognition, 

speech-driven control, multimodal feature fusion, and adaptive robotic hand glove assistance during 
rehabilitation. 

4.13 Qualitative Analysis of Robotic Hand Glove Rehabilitation 

The capability to rehabilitate with an intelligent robotic hand glove was assessed visually for various examples of 
upper limb rehabilitation activities such as gripping objects, drinking beverages; writing letters; dressing up; 
opening doors. Robotic glove was able to provide adaptive support based upon anticipated movements’ intentions, 
and tremor levels with smooth fingers’ movements and constant grip strength. Rehabilitation movements of a 
robotic hand were similar to those made by fingers; they did not have sudden jerks that caused discomfort for 
users and excessive strain on their muscles. Also, the adaptive impedance controller adjusted robotic assistance 
based on patient’s voluntary muscle activation and encouraged them to participate actively while doing exercise 
therapy (Figure 15). 

Qualitative findings show how well this robot glove assists with functional hand movements and maintains a 
natural relationship between patients’ hands and their rehabilitation devices. The results show that this approach 
is suitable to provide a tailored program of upper limb motor training for people suffering from parkinson’s 
disease. 



 

Figure 15. Qualitative rehabilitation outcomes showing robotic hand glove assistance during six Activities 
of Daily Living (ADLs), including grasping, eating, drinking, writing, dressing, and opening a door under 

adaptive impedance control. 

4.14 Visualization of Multimodal Feature Learning and Attention Analysis 

For investigating internal learning behavior of the proposed Foundation AI model, conducted qualitative 
visualization of multimodal features and cross-modal attention maps. Learned attention maps showed that the 
Multimodal Foundation Transformer gave more weight to important physiological, visual, and speech features 
while estimating movement intention.  

 

Figure 16. Visualization of multimodal feature embeddings and cross-modal attention maps illustrating 
feature clustering, modality interaction, and attention distribution learned by the proposed Multimodal 

Foundation Transformer during rehabilitation tasks. 



In terms of grasping tasks there was more focus on semsg signals, finger flexion patterns and fingertip areas 
identified by the vision module whereas speech commands got more attention while controlling a robot with voice 
assistance. The flexible focus system allowed for effective fusion of complementary multimodal data and filtering 
out irrelevant sensor signals (Figure 16).  

5. Conclusion 

This paper describes an AI-based multimodal human-machine interaction model of a robotic hand glove that 
supports personalized upper-limb rehabilitation for patients suffering from Parkinson’s disease. The framework 
achieved an overall classification accuracy of 99.47%, with high precision, recall, F1-score, MCC, and AUC 
values indicating reliable multimodal perception and robust movement intention recognition. The tremor severity 
estimation module had a low prediction error with an overall RMSE of 0.133 and an R² value of 0.989, while the 
vision-based gesture recognition and speech-driven interaction modules consistently achieved recognition 
accuracies above 99%. Also, the embedded robotic hand glove had an average end-to-end control latency of 33.8 
ms for seamless real-time robotic assistance that is suitable for continuous rehabilitation. 

Qualitative studies also confirmed how well this model integrates various types of health data (physiology), sight 
and speech for providing reliable support with daily tasks as per medical needs. Adaptive impedance controllers 
constantly controlled actuator forces and finger movements based on patients’ muscle function to improve their 
mobility, reduce tremor effects, and encourage them to participate more actively with therapy sessions. Also, it 
supports Bluetooth Low Energy communication, MQTT based cloud connectivity and AES-256 encryption for 
secure remote rehabilitation monitoring and personalized telemedicine support. In general, this proposed 
Foundation AI-based multimodal rehabilitation model provides an intelligent, scalable, and clinically applicable 
solution for future robotic neuro-rehabilitation. Future studies will be focused upon integrating Digital Twin 
technology, reinforcement learning based adaptive rehabilitation, federated multimodal learning, edge AI 
optimization, and long-term clinical validation with larger multi-center patient cohorts to improve personalization, 
clinical effectiveness, and real-world deployment of intelligent robotic rehabilitation systems. 
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