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Abstract: Stroke is a significant global health concern, ranking among the top causes of death and disability. 

Timely post-stroke recovery hinges on structured upper limb rehabilitation within the first 24–48 hours. 

Although virtual reality (VR) rehabilitation is promising, its accessibility is complex and cost-limited, especially 

in less developed regions. In this study, we developed and assessed nonimmersive VR rehabilitation games 

using the Kinect Xbox One and UNITY game engine, targeting upper limb movement sequences vital for post-

stroke recovery. The developed games involved simple to progressively challenging movements, engaging the 

deltoid, biceps, and triceps muscles, and aligning with post-stroke rehabilitation criteria. We used peak-to-peak 

electromyography signal detection with a 20% threshold and three distinct feature extractions to represent 

muscle contractions during gameplay. Our cosine similarity analysis revealed the efficacy of games in meeting 

movement sequence criteria, benefiting mostly the shoulder motor and deltoid muscles (93% improvement) 

with more moderate improvements in the biceps (73%) and triceps (47%). Our results suggest that these games 

could contribute to upper limb stroke rehabilitation, particularly that of the deltoid muscle. This study 

highlights the potential of VR-based rehabilitation games in post-stroke upper limb recovery, emphasizing 

muscle engagement, target distances, and rehabilitation criteria in game design. Although healthy participants 

were involved here, future research involving post-stroke patients and the exploration of more immersive, 

multiplanar movements hold the potential for a more comprehensive rehabilitation experience. Our study 

contributes to advancing the common knowledge related to VR-based stroke rehabilitation, focusing on upper 

limb movement sequences with implications for therapeutic engagement and recovery. 

Keywords: upper limb rehabilitation; VR games rehabilitation; electromyography (EMG); deltoid 

muscle recovery. Kinect Xbox; control rehabilitation 

 

1. Introduction 

Stroke represents a significant global health challenge, affecting over 15 million individuals each 

year. The World Health Organization highlighted stroke as the second leading cause of mortality in 

2016 [1]. Furthermore, stroke is the third most common cause of disability as it induces widespread 

disabilities with lasting impairments in two-thirds of stroke survivors [2]. Such disabilities severely 

diminish life quality and hinder everyday activities (e.g., eating, walking, dressing, and object 

manipulation). Effective recovery necessitates timely rehabilitation within 24–48 hours post-stroke 

[3,4], and precise physiological assessment tools are indispensable in this process. Rehabilitation 

strategies must focus on safety to avert muscle atrophy, fiber length reduction, and increased tendon 

compliance [5]. 

Recent advancements in rehabilitation have introduced various technologies, including robot-

assisted systems, virtual reality (VR), and electrical stimulation interventions [6–8]. Notably, VR 

represents a digitally controlled environment that has gained popularity in stroke rehabilitation due 

to its ability to create engaging and meaningful therapeutic settings. VR-based rehabilitation offers 
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several advantages over traditional methods, such as enabling the practice of real-world tasks and 

enhancing patient adherence. Various commercial VR systems, including Kinect Xbox One, equipped 

with advanced infrared sensors and cameras, have been successfully adapted for stroke 

rehabilitation. These systems provide accurate 3D body movement tracking without the need for 

extra equipment, making them a promising tool for upper limb rehabilitation [9–13][17,18]. Despite 

these advancements, conventional rehabilitation methods remain tedious and time-consuming, often 

leading to poor patient adherence. Even modern approaches, such as VR and robot-assisted 

rehabilitation, face challenges in terms of complexity and cost, limiting their broader application. 

Game-based VR rehabilitation has shown promise in overcoming these limitations by providing the 

required exercise intensity through structured and engaging activities [14,15]. However, many 

existing systems utilize random games and functional movements that may not be ideally suited for 

specific rehabilitation goals [16]. 

This study aims to address these challenges by exploring the integration of electromyography 

(EMG) monitoring within a non-immersive VR-based rehabilitation system. The rationale for 

focusing on Activities of Daily Living (ADLs) in this context is their direct relevance to the essential 

tasks that stroke survivors must relearn to regain independence. Additionally, the choice of specific 

muscles for monitoring was guided by their critical role in executing these daily activities, making 

them key targets for rehabilitation. EMG is a valuable tool in this regard, as it allows for the detection 

and recording of muscle activity during therapeutic exercises. The methodology for EMG signal 

processing in this study includes normalization and noise filtering, ensuring that the data obtained 

is accurate and reliable. By applying windowing and peak-to-peak detection methods, we aim to 

identify muscle contractions during upper limb movements within the VR games, thereby providing 

real-time feedback on patient progress. The non-immersive VR environment was developed using 

the UNITY game engine, selected for its accessibility and cost-effectiveness, as it does not require 

specialized hardware such as head-mounted displays. The Kinect sensor was employed for motion 

capture, offering precise tracking of upper limb movements to facilitate the design of structured 

rehabilitation exercises. A pre-experiment was conducted to determine the optimal distance between 

the Kinect sensor and participants, establishing 150 cm as the ideal distance for minimizing deviation 

[19,20]. 

This study explores the potential of combining EMG monitoring with non-immersive VR-based 

rehabilitation to enhance upper limb recovery post-stroke. By focusing on carefully designed 

movement sequences and leveraging affordable technology, this approach aims to provide a novel 

and effective solution that addresses the limitations of traditional rehabilitation methods while 

promoting patient engagement and motivation.  

2. Materials and Methods 

2.1. VR Environment 

The upper limb movement sequence-related VR games were designed using the UNITY game 

engine software and applying the nonimmersive VR method. Upon the nonimmersive VR 

advantages, the graphics performance does not have to reach the highest level, no specialized 

hardware is required (e.g., a head-mounted display (HMD)), it is low cost, and could be used for 

various applications. A Kinect sensor refers to a motion sensor capable of detecting the movements 

of the human body [21]. Usually, this sensor replaces the game controller. The VR game is displayed 

in a wide range of views using a projector to enhance the immersion experience. The audio system 

provides sound feedback to the user, including both the relaxation audio and the sound created by 

the VR game. A pre-experiment was performed to explore the best distance between the Kinect sensor 

and the participant, yielding 150 cm as the optimal distance, which results in small deviation values 

[22,23]. Figure 1 presents the established VR environment. 
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Figure 1. The VR environment for upper limb recovery setup. 

2.2. Design Movement Sequence 

We designed and selected three movement sequences, including one square shape and two 

reaching target movements. Figure 2 summarizes the movement sequence design for the square 

shape and reaching target movements. Game #1 was based on a square shape movement (Figure 3), 

which was adapted from the geometrical shape movement, and comprised four target movements. 

Movements from the starting point to target #1 and from target #2 to target #3 were horizontal. 

Conversely, movements from target #1 to target #2 and target #3 to final point were vertical. The 

distance between all target points was 70 cm. Before starting and after finishing the movement, the 

arm was kept in a relaxing position for 5 seconds. 

 

Figure 2. The Upper limb movement sequence design (a) Game #1, (b) Game #2, and (c) Game #3. 

Game #2 involved movements for reaching three targets (Figure 4), adapted from daily activity 

movements to reach objects on the rack. In Game #2, there were nine-step movements. Before starting 

and after finishing the movement, the arm was kept in a relaxing position for 5 seconds. From start 

to targets points 1 and 3, the first target position was on the right side of the start point at a distance 

of 57 ±3 cm. The line track angle was 75 ± 5 degrees from the vertical line to target 2. The second target 

position was on the top of the start point at a distance of 68 ± 3 cm. The third target position mirrored 

the first. This game comprised three movements (Movements #1–3): reaching the first, second, and 

third targets, respectively. 
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Game #3 consisted of reaching four targets (Figure 5), adapted from daily activity movements 

to reach objects on the rack. In steps 1 and 11, the arm relaxes position within 5 seconds duration start 

and finish. From step 2, the first target position was on the right side of the start point at a distance 

of 46 ± 3 cm. The line track angle was 80 ± 5 degrees from the vertical line. The second target position 

was on the right side of the start point at a distance of 60 ±3 cm. The line track angle was 30 ± 5 degrees 

from the vertical line. The third and fourth target positions mirrored the second and first, 

respectively. These game movements have undergone prior testing with previously described 

outcomes [23]. VR Game-Based Rehabilitation incorporation is a response to the traditional 

rehabilitation method constraints. This study focused on advancing post-stroke rehabilitation 

through interactive game development and enrichment. 

 

Figure 3. The motion photo for the Game #1 movement steps. 
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Figure 4. The motion photo of the Game #2 movement steps. 

 

Figure 5. The motion photo of the Game #3 movement steps. 

2.3. EMG Sensor Processing and Analysis  
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EMG is an electrodiagnostic medical approach for detecting and recording muscle activity. 

Every contractile muscle displays an electric potential that could be recorded from neighboring skin 

areas. The signals could be used to detect medical abnormalities and activation levels or to analyze 

human or animal movement biomechanics. 

In our study, we analyzed three muscles, i.e., the deltoid, biceps, and triceps. The electrode 

position for the deltoid muscle is at one finger width distal and anterior to the acromion. Before the 

electrode placements, the skin of the participants had to be cleaned using an alcohol pad to reduce 

any skin resistance and prevent transducer noise. We performed the electrode placement and skin 

preparation steps according to the guidelines of surface EMG for the noninvasive assessment of 

muscles (SENIAM) [24]. In this study, we specifically monitored the EMG activity of the anterior 

deltoid muscle. The anterior deltoid was selected due to its crucial role in shoulder flexion and its 

significant involvement in upper limb movements, which are essential for many Activities of Daily 

Living (ADLs), such as reaching and lifting. While the focus was on the shoulder's anterior deltoid, 

future studies could benefit from including additional muscles such as the trapezius and pectoralis 

major, which also play vital roles in shoulder and upper limb function. Monitoring these muscles 

could provide a more comprehensive assessment of shoulder rehabilitation and movement 

dynamics. 

We acquired the EMG signals from the deltoid, biceps, and triceps simultaneously using the 

Delsys Bagnoli EMG 8-channel system, consisting of several parts such as the main amplifier from 

Delsys Bagnoli-8 channel PM-B05, input module for Delsys Bagnoli-8 channel PM-B05, DE 2.1 Single 

Differential Surface EMG sensor as shown in Figure 6. The DE 2.1 EMG Sensor subtracts EMG 

potentials detected at two distinct locations on the surface of the skin directly above an active muscle. 

The EMG potentials are always measured with respect to the electric potential of a neutral site located 

away from the EMG muscle source. This potential is detected by the Reference Electrode. The sensor 

is designed using a parallel bar contact geometry to ensure signal stability, repeatability between 

recordings, and optimal frequency content representation. This versatile sensor is well-suited for 

most EMG applications and is ideal for both large and small muscles [25]. 

 

Figure 6. DE 2.1 Single Differential Surface EMG Sensor. The surface EMG signal is the result of the 

potential difference between V1 and V2 on the skin surface [25]. 

The Delsys Bagnoli EMG main amplifier operates within a response channel range of 20 ± 5 Hz 

to 450 ± 50 Hz and offers three gain options: 100, 1k, and 10k. For this study, we utilized the NI USB-

6251 from National Instruments as the input/output device to interface the EMG main amplifier with 

the personal computer. The EMG signal acquisition was managed using EMGworks software, 

configured with a signal sampling rate of 2 kHz.  

The initial stage of EMG signal processing involved pre-processing, performed using MATLAB 

for signal noise removal, feature extraction, and analysis. This pre-processing is crucial for 

eliminating noise from the signal. Initially, negative signal values were removed through full-wave 

rectification, followed by the application of a 5th-order Butterworth band-pass filter to capture the 

EMG signal envelope. EMG signals were collected at a 2 kHz sampling rate and passed through a 

10–500 Hz band-pass filter. The 5th-order Butterworth filter with a 10 Hz cutoff frequency was 

selected to produce a flatter envelope signal [26], thereby preserving the muscle activity information 

contained within the raw EMG signal. A higher cutoff frequency would increase oscillations, while a 

lower cutoff might flatten the signal excessively, leading to potential information loss. 
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Although a 50 Hz notch filter is typically used to eliminate powerline interference in EMG 

signals, it was not applied in this study due to the specific equipment and environmental conditions. 

The Delsys Bagnoli EMG system is equipped with high-quality shielding and grounding, which 

effectively minimizes such noise artifacts, making the notch filter less necessary. Additionally, the 

band-pass filtering range of 10–500 Hz used during preprocessing was sufficient to attenuate most 

noise without introducing the distortions that can sometimes occur with notch filtering. However, in 

future studies, the inclusion of a 50 Hz notch filter could be considered to further enhance signal 

clarity, particularly in environments with higher levels of electrical interference. 

In signal processing, feature extraction is particularly important to achieve better classification 

performance in pattern recognition. Two features from the time domain were extracted, i.e., the root 

mean square (RMS) and mean absolute value (MAV). One feature was extracted from the statistical 

information, i.e., the amount of movement (AoM) [24]. The RMS was modeled as the amplitude-

modulated Gaussian random process with an RMS related to the constant force and nonfatiguing 

contraction. It relates to standard deviation and could be calculated as follows: 

𝑅𝑀𝑆 = √
1

𝑁
∑ 𝑋𝑖

2

𝑁

𝑖=1

 (1) 

The MAV is similar to the average rectified value. It could be calculated using the moving 

average of full-wave rectified EMG (i.e., by taking the average of the surface EMG signal absolute 

value), providing an easy way to detect muscle contraction levels and a popular feature in 

myoelectric control applications, defined as follows: 

𝑀𝐴𝑉 =
1

𝑁
∑|𝑋𝑖|

𝑁

𝑖=1

 (2) 

The AoM is one of the best features to represent muscle activity. Hence, its calculation is based 

on that from the muscle envelopes and could be described as follows: 

𝐴𝑜𝑀 = ∑ |𝑋𝑖+1 − 𝑋𝑖|

𝑖=1,2,3…..𝑁−1

 (3) 

Where, 

N = EMG signal length 

Xi = EMG signal in segment i. 

i = Time 

Normalization was undertaken to analyze the EMG signal, allowing for comparing certain 

muscle activities on different days. The normalization was calculated by dividing the feature 

extraction value during the VR game by the reference value. The reference value was calculated by 

averaging the maximum value from all feature extractions and trials. Equation (4) presents the 

normalization calculation. 

Normalized data 𝑛 =
feature extraction value at trial 𝑛

reference value
 (4) 

In our study, normalization was performed relative to the Maximum Voluntary Contraction 

(MVC) or the maximum value achieved by the muscles during task execution. Specifically, feature 

extraction values were normalized by dividing them by the reference value, which is the average of 

the maximum values recorded across all trials. This approach ensures that the EMG signals are scaled 

relative to peak muscle activation, facilitating a more accurate comparison of muscle activity levels. 

During the presentation of results, EMG signals were expressed in microvolts (µV). This 

indicates that the signals were not normalized to a 0 to 1 scale. Instead, we presented the signals in 

their original units to retain the physiological relevance and magnitude of muscle activity. While 

normalization to a 0 to 1 scale can be useful for certain comparative analyses, particularly when 

comparing different individuals or sessions, presenting data in microvolts allows for a direct 
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interpretation of muscle activation levels in terms of their absolute values. This is crucial for 

understanding the actual amplitude of muscle contractions and correlating EMG data with the 

physical intensity of the muscle activities performed during the VR games. Although normalization 

relative to MVC helps in comparing muscle activity across different sessions and individuals, 

maintaining the original units of microvolts provides a clear depiction of muscle activity levels and 

facilitates interpretation in the context of muscle contraction strength and performance evaluation. 

Of the 15 participants, 5 were selected for the testing and 10 served as references. The 

performance evaluation for VR game rehabilitation was muscle contraction-based at a certain 

movement. We used the cosine similarity value between the testing and reference for performance 

evaluation in each season. Equation (5) presents the cosine similarity calculation between testing and 

the reference. The cosine similarity value in Session #1 was compared with Session #2 and that in 

Session #2 with Session #3. 

Cosine similarity =
∑ Reference ×  Testing𝑛

𝑖=1

√∑ Reference𝑖
𝑛𝑛

𝑖=1 × √∑ Testing𝑖
𝑛𝑛

𝑖=1

 (5) 

Muscle contraction improvement is indicated by increasing cosine similarity values. If the 

muscle contraction pattern is equal to the reference pattern, then the cosine similarity value is “1.” If 

the pattern of muscle contractions shifts from the reference pattern, then the cosine similarity value 

is “<1” (Figure 7). The decreasing cosine similarity value indicates muscle activity deterioration, as 

shown in Session #1 with a cosine similarity value of 0.94. 

 

Figure 7. The muscle contraction patterns for each session with the normalized point. 

2.4. Experiment Preparation and Setup  

Consistent with the approach of this study, a cohort of 15 healthy participants would actively 

participate in the data collection phase. The study specifically focused on monitoring three distinct 

muscles: the deltoid, biceps, and triceps. Therefore, we used surface EMG to track muscle activity, 

while the Kinect sensor would be employed for hand movement monitoring. We meticulously 

selected the participants based on well-defined criteria, which required individuals to be healthy with 

right-handed dominance in their daily activities, aged between 20–30 years, and devoid of any hand 

injuries. Among the participants, eight and seven were males and females, respectively, with an 

average age of 24 years. Our study primarily included healthy participants. However, it is crucial to 

acknowledge that post-stroke patients might exhibit varying EMG signal patterns owing to factors 
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such as muscle weakness or spasticity. In the future, based on this study, we will attempt to bridge 

this gap by exploring how VR games could contribute to upper limb stroke rehabilitation, specifically 

by analyzing muscle activities using EMG signal patterns. the results of this study indicate the 

potential of VR-based rehabilitation games in facilitating post-stroke upper limb recovery with a 

focus on factors such as muscle engagement, target distances, and rehabilitation criteria integrated 

into a game design. Accordingly, future research will include patients with stroke, which will allow 

for a deeper understanding of immersive multiplanar movements and their therapeutic implications. 

We hope our study can contribute to advancing our knowledge of VR-based stroke rehabilitation, 

particularly in optimizing upper limb movement sequences to enhance therapeutic engagement and 

facilitate recovery. To deepen our understanding of movement sequence efficacy and muscle 

conditions during stretching, post-stroke patient muscle activity assessment would be valuable. 

Before playing VR games, the participants performed fundamental movements involving 

abduction-adduction of the shoulder and flexion-extension of the elbow to test the EMG device and 

electrode positions as well as to determine the baseline and contraction signal of the selected muscle. 

Every participant was included in the data collection for three sessions, three games, and five trials. 

The total game time was 15 minutes, with 5 minutes of resting. The rest time was a period given to 

the participants to prevent muscle fatigue. Before playing the games, every participant was briefed 

on the game rules. EMG sensors, particularly those using surface EMG instead of needle EMG, are 

considered safe. Prior to conducting any experiments, technicians and researchers involved in this 

study underwent comprehensive training that was provided by Delsys, the EMG sensor 

manufacturer, to ensure their proficiency in handling the equipment. All procedures outlined in the 

guidelines and standard operating procedures were strictly adhered to, covering several aspects 

including electrode application, obtaining consent from and communication with the participants, 

maintaining cleanliness and sterility in the work environment, addressing ethical considerations, and 

ensuring proper researcher training. The participants were also briefed on the rules of the 

experimental game. Each participant was provided with manual operating procedures as well as 

information about post-stroke rehabilitation and how to participate in the game. Trained technicians 

and researchers applied the EMG sensors to the participants’ muscles. Furthermore, participants had 

to provide signed consent forms before participating in the experiment. 

3. Results 

3.1. The Upper Limb Movement Sequence 

B We developed the rehabilitation game in this study based on an upper limb movement 

sequence consisting of easy, gradual, and easy movements. Figure 8 shows the mean EMG envelope 

signal from the deltoid muscles during the upper limb movements in Game #1 for Participants #1 to 

#5. Based on the graph of muscle contractions filtered using the standard deviation, Subject #3 

exhibited higher muscle contractions than the other subjects. This indicates a period of intense muscle 

activity for Subject #3, likely corresponding to one or more movements during the game. In Game #1, 

there are four interconnected movements, resulting in the graph showing only two to three distinct 

muscle contractions, with the fourth contraction being obscured by the others. 

Figure 9 presents the mean EMG envelope signal from the deltoid muscle during Game #2 for 

Participants #1 to #5. Similarly, in Game #2, the muscle contraction pattern is almost identical to that 

of Game #1, with Subject #3 again displaying higher muscle contractions than the other subjects. 

Game #2 involves three movements targeting three different points, leading to three distinct muscle 

contractions. The first contraction occurs when the hand reaches Target #1, the second when it reaches 

Target #2, and the third when it reaches Target #3. The second contraction is the strongest, while the 

third is weaker than the first, likely because Target #3 is located on the left side of the subject’s body. 

Subject #5 exhibited the smallest contractions, which may be due to improper placement of the EMG 

sensor electrodes or genuinely weak muscle contractions. Additionally, the contractions were weaker 

when the hand moved toward Target #1 and the Finish point than when it moved toward Targets #2 
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and #3. The square-shaped movement sequence reflects the condition of muscle activity during the 

game. 

Regarding deltoid muscle activity during Game #3, Figure 10 shows the mean EMG envelope 

signal. In Game #3, there are four muscle contractions: the first occurs when the hand reaches Target 

#1, the second when it reaches Target #2, the third when it reaches Target #3, and the fourth when it 

reaches Target #4. The second contraction is the strongest, while the fourth is the weakest, possibly 

because Target #4 is closer and located on the left side of the subject’s body. The muscle activity 

sequence in Game #3 can be interpreted as "weak - strong - medium-weak" contractions. Across all 

three games, Subject #3 consistently showed the strongest muscle contractions, likely due to greater 

muscle mass compared to the other subjects. Conversely, Subject #5 consistently showed the weakest 

muscle contractions, which could be attributed to improper sensor placement, smaller muscle mass, 

or the presence of fat tissue covering the muscle. 

Figures 11, 12, and 13 show the standard deviation EMG envelope signals for the deltoid muscle 

in Game #1, Game #2, and Game #3, respectively. These results align with the mean values presented 

earlier (Figures 8, 9, and 10), but the graphs appear smoother. The muscle contractions observed in 

each game demonstrate that the designed games accurately represent the intended movement 

sequences. All figures highlight that when the hand reached the top target, the muscles produced 

stronger contractions compared to when the hand reached the right or left targets. Additionally, 

when the targets were farther from the participant's body, the muscles produced stronger 

contractions. This phenomenon was confirmed when the participants reached Target #2 in Game #2 

and Targets #2 and #3 in Game #3.   

 

Figure 8. The Mean Value EMG Envelope Signal for Deltoid Muscle from Game #1. 

 

Figure 9. The Mean Value EMG Envelope Signal for Deltoid Muscle from Game #2. 
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Figure 10. The Mean Value EMG Envelope Signal for Deltoid Muscle from Game #3. 

 

Figure 11. The Standard Deviation EMG Envelope Signal for Deltoid Muscle from Game#1. 

 

Figure 12. The Standard Deviation EMG Envelope Signal for Deltoid Muscle from Game#2. 
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Figure 13. The Standard Deviation EMG Envelope Signal for Deltoid Muscle for Game#3. 

Our results revealed that within the realm of VR-based upper limb movement sequence 

rehabilitation, facilitated by motion sequence Games #1–3, the EMG envelope signals distinctly 

illustrated discernible muscle contraction patterns aligned with the prescribed movement sequences 

embedded in the VR games. Notably, upper limb rehabilitation, particularly through using motion 

sequence Games #2 and #3, demonstrated enhancements in achieving target movements. The evident 

EMG envelope signal contractions indicate that repetitive rehabilitation exercises have yielded a 

modest yet perceptible improvement both in motor skills and muscle functionality among the 

participants, confirming stroke rehabilitation efficiency. To substantiate the efficacy of these VR-

based upper limb rehabilitation games, we rigorously tested three distinct game patterns, each based 

on the aforementioned motion sequence patterns, and then subjected the resulting EMG signals to 

further analysis. 

3.2. Muscle Activity Analysis  

Figure 14 presents the raw EMG signal and the deltoid muscle-related peak detection results for 

representing (A) Game #1, (B) Game #2, and (C) Game #3. We detected four, three, and four peaks in 

Games #1–3, respectively. The detected peak numbers were the same in each game as those of the 

muscle contractions or tasks in the game indicated in the movement sequence activities. Our results 

successfully confirm that the signal could be anticipated to detect muscle contractions during upper 

limb movement sequences. We used three feature extraction (RMS, MAV, and AoM) to present the 

muscle activities while reaching targets from the start to finish positions. Based on the table and bar 

graph, we compared features and movements in each muscle to select an appropriate feature to 

represent muscle activity while playing VR games. Figure 15 displays the muscle activity RMS bar 

graph when completing Game #2. The deltoid muscle underwent significant activity changes, 

especially when moving from the start position (3.12 µV) to Target #1 (27.97 µV), indicating a 

significant increase in the activities by 797.74% (Figure 15). In addition, concerning the muscle activity 

for the MAV feature, the changes in the deltoid muscle contraction were 17.82 µV or had increased 

by 707.8% (Figure 16). Moreover, the AoM-represented deltoid muscle contraction-related changes 

increased by 708.2% (Figure 17). 

The deltoid muscle contraction-related RMS-represented changes between the start–Target #1, 

Target #2–#3, and Target #3–finish positions were higher than those of MAV and AoM. Table 1 

summarizes the muscle activity value changes for Game#2. The MAV and RMS values exhibit the 

same percentages as both were obtained using the same calculation method by summing up the 

absolute muscle contraction values. The value of RMS, which reflected the root of the muscle 

contraction values, was the most suitable way to present changes in muscle activities during the game 

because it reflected a high percentage of changes between each movement in the games. The bar 

graph indicates that RMS, MAV, and AoM could represent deltoid, biceps, and triceps muscle 

activities while playing the games. However, the RMS was the most suitable to highlight muscle 
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activity-related changes during the game since it represents a fairly high percentage of changes 

between each movement in the games. The effectiveness evaluation was performed by comparing 

the testing and reference values, the latter denoting the average muscle contraction value when 

playing a game obtained from ten selected participants. The selected participants were based on the 

muscle contractions of the deltoid muscle during playing the game. The testing value was that of 

muscle contractions that would be used to evaluate the VR games, obtained from those five other 

participants who were not included among the above-mentioned reference participants. In this 

analysis, we tested a total of five participants (i.e., two males and three females) and analyzed the 

muscle activity reference patterns from each game (Figures 18–20). The muscle contraction patterns 

produced by the selected participants were clear with a sequence as shown in the results. The 

reference participants comprised three females and seven males with right-hand dominance in their 

daily activities. 

The muscle activation analyses indicated a decreasing muscle contraction value when the hand 

of the participant reached the Finish position. The muscle contraction value produced at that moment 

was that when reaching the start position. The reduced muscle contractions in these games could be 

caused by muscle fatigue. Muscle force production involves a sequence of events, extending from 

cortical excitation to motor unit activation to excitation-contraction coupling, ultimately leading to 

muscle activation, which could affect muscle fatigue. 

We used cosine similarity to evaluate the rehabilitation exercise efficacy of the games by 

comparing the testing and reference values. The cosine similarity value ranged between 0 and 1 if the 

two vectors with the same coordinates displayed a cosine similarity of 1. Cosine similarity in muscle 

activity is used to analyze muscle improvements during rehabilitation. If the cosine similarity value 

approaches 1, then the muscle activity during rehabilitation approaches the desired muscle pattern. 

Table 2 presents the cosine similarity values from the Game #1 deltoid, biceps, and triceps muscles 

for Sessions #1–3, indicating that all the participants’ deltoid muscle activity improved to the desired 

muscle pattern during rehabilitation in Game #1. Regarding biceps muscle activity, four participants 

exhibited improvements in muscle activity, approaching the desired muscle pattern in Game #1, 

whereas one participant did not. The cosine similarity value of Participant #4 reduced, indicating no 

improvement, which also resulted in reduced muscle activity, although the cosine similarity value 

increased by 0.153 from Session #1 to Session #2. The triceps muscle activity improved in participants 

#2 and #5, whereas three participants showed no improvement. The EMG data indicated movement-

related improvement toward the desired muscle pattern based on the RMS value, which reflected the 

root of the muscle contraction values; this was the most suitable way to represent muscle activity-

related changes and range of motion during the game. 

Table 3 represents the cosine similarity value from the Game #2 deltoid, biceps, and triceps 

muscles for each session. All participants exhibited improved deltoid and biceps muscle activities, 

but only two of them displayed triceps-related improvements. Related to the deltoid muscle, the 

highest and lowest increase could be observed in Participants #5 and #4, respectively. All the 

participants demonstrated biceps-related improvements, with Participant #1 exhibiting both the 

highest and the lowest increase. Participants #3 and #4 displayed improvement in triceps-related 

values. Table 4 summarizes the cosine similarity values from the Game #3 deltoid, biceps, and triceps 

muscles for each session. Four participants displayed deltoid muscle activity-related improvements. 

For the biceps and triceps, two and three participants have shown improvement, respectively. 

Participants #5 and #4 presented the most s and least significant improvement in the deltoid muscle, 

respectively. For the biceps muscle, two participants improved and three did not. For the triceps 

muscle, Participants #1, #3, and #4 showed an improvement but Participants #2 and #5 did not. 

The analyses of Games #1–3 showed that the deltoid, biceps, and triceps exhibited percentage 

improvements of 93%, 73%, and 47%, respectively. The deltoid muscle activity yielded a higher 

percentage as it was more dominant in the movement, similar to shoulder abduction and adduction. 

Based on the analysis, these games are suitable for shoulder motor and deltoid muscle treatments. 

Finally, based on the results biceps and triceps muscles, these games are not suitable for treating both 

muscles. 
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(A) Game #1 

 
(B) Game #2 

 
(C) Game #3 

Figure 14. The graph for (A), (B), and (C) of the raw EMG signal and filtered the peak detection 

results. 
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Figure 15. Muscle activity value using RMS for the Deltoid, Biceps, and Triceps. 

 

Figure 16. Muscle activity value using MAV for the Deltoid, Biceps, and Triceps. 

 

Figure 17. Muscle activity value using AoM for the Deltoid, Biceps, and Triceps.  
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Table 1. Muscle activity changes for Game #2 for the Deltoid, Biceps and Triceps. 

Muscle Feature Extractions 

Muscle Activity Changes (%) 

#Start - #1 #1 - #2 #2 - #3 #3 - #Finish 

Deltoid 

RMS 797.74 33.26 66.28 78.99 

MAV 707.80 34.42 65.15 76.20 

AoM 708.20 34.42 65.15 76.20 

Biceps 

RMS 37.30 29.64 0.83 76.56 

MAV 38.55 28.77 0.29 76.88 

AoM 38.62 28.77 0.29 76.88 

Triceps 

RMS 66.01 0.73 29.46 198.18 

MAV 45.99 7.04 38.01 57.33 

AoM 45.96 7.04 38.01 57.33 

 

Figure 18. Muscle activity reference patterns for Game #1. 
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Figure 19. Muscle activity reference patterns for Game #2. 

 

Figure 20. Muscle activity reference patterns for Game #3. 
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Triceps 0.911 0.913 0.964 

#3 

Deltoid 0.949 0.954 0.974 

Biceps 0.799 0.843 0.899 

Triceps 0.947 0.890 0.912 

#4 

Deltoid 0.986 0.990 0.995 

Biceps 0.838 0.991 0.961 

Triceps 0.975 0.919 0.933 

#5 

Deltoid 0.964 0.976 0.977 

Biceps 0.908 0.973 0.974 

Triceps 0.979 0.983 0.984 

Table 3. Cosine similarity for Game #2 for the Deltoid, Biceps, and Triceps mapping with 

participants. 

Participant Muscle 

Cosine similarity for Game #2 

Session 1 Session 2 Session 3 

#1 

Deltoid 0.987 0.991 0.997 

Biceps 0.961 0.992 0.995 

Triceps 0.996 0.995 0.983 

#2 

Deltoid 0.963 0.986 0.993 

Biceps 0.977 0.993 0.997 

Triceps 0.993 0.946 0.992 

#3 

Deltoid 0.964 0.975 0.987 

Biceps 0.967 0.975 0.984 

Triceps 0.895 0.899 0.931 
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#4 

Deltoid 0.981 0.992 0.993 

Biceps 0.985 0.989 0.999 

Triceps 0.917 0.959 0.968 

#5 

Deltoid 0.941 0.984 0.991 

Biceps 0.971 0.984 0.994 

Triceps 0.996 0.999 0.998 

Table 4. Cosine similarity for Game #3 for the Deltoid, Biceps, and Triceps mapping with 

participants. 

Participant Muscle 

Cosine similarity for Game #3 

Session 1 Session 2 Session 3 

#1 

Deltoid 0.941 0.974 0.974 

Biceps 0.891 0.930 0.980 

Triceps 0.975 0.982 0.993 

#2 

Deltoid 0.955 0.968 0.995 

Biceps 0.983 0.994 0.993 

Triceps 0.995 0.954 0.979 

#3 

Deltoid 0.938 0.966 0.991 

Biceps 0.973 0.981 0.907 

Triceps 0.922 0.926 0.964 

#4 

Deltoid 0.957 0.961 0.965 

Biceps 0.945 0.953 0.983 

Triceps 0.887 0.961 0.974 

#5 Deltoid 0.905 0.969 0.982 
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Biceps 0.964 0.962 0.969 

Triceps 0.989 0.995 0.989 

4. Discussion 

In this study, we developed a rehabilitation game based on the upper limb movement sequence 

that included easy and gradual movements. Figure 8 illustrates the envelope signal from the deltoid, 

biceps, and triceps muscles during upper limb movements for Participant #1. Notably, deltoid muscle 

contractions were more pronounced than those of the biceps and triceps, reflecting shoulder 

abduction and adduction movements. However, the biceps and triceps muscle contractions were less 

obvious due to the absence of elbow flexion and extension movements during upper limb 

movements. Subsequent muscle activity analysis during Games #1, #2, and #3 provided insights into 

the different characteristic muscle contraction patterns associated with different game sequences. 

Figures 8–13 present raw EMG mean value and standard deviation for the signals and Figure 14 

presents the deltoid muscle-related peak detection results for Games #1–3. Notably, different game 

sequences resulted in distinct muscle contraction patterns, with variations observed in peak numbers 

and muscle activity levels. In addition, feature extraction techniques (RMS, MAV, and AoM) were 

applied to assess changes in muscle activity during the game, with RMS being identified as the most 

suitable method for capturing muscle activity-related changes. Table 1 summarizes the changes in 

muscle activity for Game #2, indicating significant increases in muscle activity as participants 

progressed through the game. 

Our interpretation of the muscle contraction pattern indicated that the designed games 

effectively represented upper limb movement sequences, as evidenced by the discernible muscle 

contraction patterns observed during the game. Notably, stronger muscle contractions could be 

observed when participants reached targets located farther away, suggesting a relationship between 

target distance and muscle engagement. Furthermore, the consistent muscle contraction patterns 

observed across participants indicated the reliability of the rehabilitation games in eliciting targeted 

muscle activities. We applied a cosine similarity analysis-based evaluation of the changes in muscle 

activity to evaluate the efficacy of the rehabilitation games in promoting the desired muscle activity 

patterns. Tables 2–4 present the cosine similarity values for the deltoid, biceps, and triceps muscles 

during Games #1–3, indicating varied degrees of muscle activity improvement among the 

participants. Deltoid muscles exhibited the highest percentage of improvement, followed by the 

biceps and triceps muscles, suggesting that the games are particularly effective for shoulder motor 

and deltoid muscle treatments. Our overall results demonstrate the potential of VR-based 

rehabilitation games in promoting targeted muscle activities during upper limb movement 

sequences. By leveraging motion sequence gameplay and EMG signal analysis, our study provides 

valuable insights into VR-based rehabilitation efficacy in post-stroke patients. These results pave the 

way for further research aimed at optimizing game design and tailoring rehabilitation interventions 

for individual patient needs. 

This study aimed to investigate a dedicated upper limb movement sequence for post-stroke 

rehabilitation, focusing on the "easy - gradual - easy" activity progression. The designed games were 

analyzed for deltoid muscle engagement, demonstrating adherence to the prescribed movement 

sequence criteria and supporting their suitability for upper limb stroke rehabilitation. Various factors, 

including subject-to-target distance, reachable area, and rehabilitation criteria, were considered 

during game design. Utilizing a nonimmersive approach in VR game development facilitated low 

computational demands, minimal equipment prerequisites, and seamless installation, employing 

Kinect Xbox One and the UNITY game engine. The examination of VR game rehabilitation showcased 

their intriguing and safe potential for stroke patient rehabilitation. 

Peak-to-peak detection using a 20% threshold enabled muscle contraction peak extraction, 

facilitating muscle contraction detection during upper limb movement sequences. Three feature 
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extractions (RMS, MAV, and AoM) effectively represented muscle contractions during gameplay, 

with RMS emerging as the most suitable metric for discerning muscle activity changes. The observed 

consistent changes in RMS values across repetitive interventions suggest efficient modulation of 

muscle activity, indicating potential motor function and muscle strength improvement, particularly 

in the deltoid and biceps. These findings underscore RMS’s usefulness as a quantifiable muscle 

contraction measure in upper limb rehabilitation, contributing to the stroke rehabilitation field. 

The effectiveness of MAV and AoM in monitoring muscle activity during VR-based 

rehabilitation games was also demonstrated, offering quantitative and qualitative insights into 

muscle contractions. The dynamic interplay between these metrics provides a comprehensive 

understanding of muscle activity changes, enhancing rehabilitation progress assessment. Cosine 

similarity emerged as a robust performance improvement indicator, demonstrating enhanced game 

performance and motor function recovery among stroke survivors engaged in repetitive 

interventions. The gradual rise in cosine similarity values underscored progressive muscle 

contraction improvement, offering valuable insights into post-stroke rehabilitation optimization. 

5. Conclusions 

This study introduced a novel rehabilitation system that incorporates virtual reality (VR) to 

facilitate upper limb movement exercises, particularly targeting post-stroke rehabilitation. By 

engaging participants in VR games designed with specific movement sequences, we were able to 

record and analyze electromyography (EMG) signals, revealing distinct muscle activity patterns in 

key muscle groups such as the deltoid, biceps, and triceps. Our analysis indicated that each 

movement pattern elicited unique improvements in muscle activity, with the deltoid muscle showing 

the highest levels of engagement, particularly during shoulder abduction and adduction movements. 

The effectiveness of feature extraction techniques, notably root mean square (RMS) values, in 

capturing these muscle activity changes was also demonstrated. This suggests RMS as a valuable 

metric for monitoring and quantifying muscle contractions during rehabilitation exercises. The 

results further highlight the potential of VR-based rehabilitation games in enhancing motivation and 

engagement among patients, contributing to better rehabilitation outcomes. The immersive VR 

environment not only provides an engaging platform for patients but also facilitates consistent and 

reliable muscle activity patterns across different participants. This consistency underscores the 

system's potential effectiveness in promoting targeted muscle activities and facilitating motor 

function recovery. 

Future research should focus on identifying the most effective movement patterns to optimize 

muscle activity and address specific muscle conditions during rehabilitation exercises. Enhancing 

game functionality by incorporating more challenging levels and comprehensive hand rehabilitation 

exercises will be essential to ensure holistic recovery and functional improvement in stroke survivors. 

By integrating these elements, future studies can advance the field of VR-based stroke rehabilitation, 

ultimately improving overall patient well-being and recovery. In our study, we did not perform 

statistical analyses to compare the Root Mean Square (RMS), Mean Absolute Value (MAV), and Angle 

of Movement (AoM) values of the three muscles to quantify the p-values. We recognize that such 

statistical comparisons could provide valuable insights into the differences and relationships 

between these metrics across the studied muscles. To address this, we plan to conduct statistical 

analyses, including tests such as ANOVA or paired t-tests, to compare RMS, MAV, and AoM values 

among the muscles. The results of these analyses will be reported in future work, offering a more 

comprehensive understanding of the relationships between muscle metrics and their impact on the 

study's outcomes.  
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