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Abstract:
This study addresses key challenges in upper limb 
rehabilitation for stroke patients, including the dependence 
on third-party assistance, the high cost of smart devices, 
and the lack of multisensory stimulation in traditional 
methods. This paper proposes a 3D maze rehabilitation 
game system based on gesture recognition. The system is 
built on a dual architecture consisting of a Python-based 
gesture recognition endpoint and a Unity-based game 
interaction endpoint. To reduce costs, the hardware relies 
on a standard computer camera, eliminating the need 
for depth sensors. On the software side, the MediaPipe 
framework is employed to track 21 3D hand keypoints in 
real-time. Three feature types, relative coordinates, finger 
angles, and relative distances, are extracted and normalized 
to mitigate distance and scale interference. Using publicly 
available datasets and an Support Vector Machine 
algorithm, this study developed a model to classify 10 
distinct gestures. The system ensures cross-platform 
communication via UDP, and Unity is used to create dual 
scenes, fully mapping gestures to game controls, enabling 
patients to interact with the game through hand gestures 
during rehabilitation training. Experimental results show 
that the system achieves 100% accuracy at an optimal 
recognition distance of 25 cm. However, accuracy 
decreases for complex gestures when the distance increases 
to 45 cm or in low-light conditions, due to the impact of 
image quality. This system offers a low-cost, immersive 
rehabilitation solution for stroke patients and provides 
insights into the development of intelligent rehabilitation 
technologies.
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1. Introduction
Stroke is one of the primary long-term causes of disabil-
ity, affecting approximately 150,000 people each year, 
among whom 60% of survivors experience upper limb 
impairment [1]. The fine motor dysfunction of the hand 
caused by such impairments not only directly undermines 
patients’ autonomy in daily life, but also imposes a heavy 
physical and psychological burden as well as a caregiv-
ing burden on patients and their families [2]. Hand reha-
bilitation training, which stimulates neural remodeling 
through repetitive movements, can effectively improve the 
function of the affected side and autonomy in daily life 
for hemiplegic patients during the stroke recovery period, 
thereby helping patients achieve substantial improvements 
in motor function [1].
From the perspective of rehabilitation technology classi-
fication, hand rehabilitation training can be categorized 
into two types: traditional equipment-assisted training and 
technology-driven intelligent rehabilitation, yet both have 
significant limitations. In the traditional model, on the 
one hand, the high labor costs associated with the one-on-
one assistance provided by physical therapists constitute 
the primary economic burden of conventional rehabilita-
tion [3]. On the other hand, mechanical training devices 
(e.g., hand grippers) lack progress feedback and incentive 
mechanisms, resulting in poor patient compliance [4]. 
Although intelligent rehabilitation technology has offered 
a new direction for overcoming such predicaments, as 
demonstrated by machine-assisted training systems like 
HandTutor, which can enhance grasping function [5], it 
still suffers from several limitations. Specifically, most 
machine-assisted training approaches face contradictions 
between equipment dependence and costs. For example, 
exoskeleton devices such as RobHand require installation 
and debugging by professional personnel [6]. In addition 
to electroencephalography‑based brain‑computer inter-
faces, which demand specialized venues and invasive 
equipment, they are capable of enabling intention-driven 
training [7]. Furthermore, existing research on rehabili-
tation robots typically centers on the design optimization 
of device structures and the realization of rehabilitation 
functions, either overlooking patients’ physical and mental 
health needs [8] or only providing dual feedback of vision 
and kinesthesis, which remains a gap with the “multi-sen-
sory collaborative stimulation” needs of patients, as 
revealed by surveys based on the Kano Mode l [4]. Addi-
tionally, although the “active interactive rehabilitation sys-
tem based on surface electromyographic (sEMG) signals” 

developed by Yang et al. can assist patients in controlling 
small-range extension of the hand via sEMG signals and 
incorporates multimodal feedback, it remains inadequate 
in terms of motor precision [8].
In recent years, computer vision-based hand gesture 
recognition technology has emerged as an auspicious 
direction in hand rehabilitation. By integrating advanced 
sensing technologies and computer pattern recognition 
technologies [9], this type of technology enables a more 
natural and optimal interaction method for human-com-
puter interaction, thereby breaking through some limita-
tions of traditional rehabilitation and robotic rehabilitation. 
Therefore, this study aims to design and adopt an engag-
ing hand rehabilitation method based on image-based 
hand gesture recognition. Specifically, using Python as 
the development base, it employs the MediaPipe machine 
learning framework for hand gesture detection and seman-
tic definition [10]. For gesture classification, the support 
vector machine (SVM) algorithm is utilized. In addition, 
drawing on the user experience design principles derived 
from the Three-Level Theory of Emotion [4], a 3D maze 
game was designed in Unity, which provides a new tech-
nical pathway for improving the function of the affected 
side in stroke patients.

2. Method

2.1 Overview of framework
Guided by the hand rehabilitation needs of stroke patients, 
this study develops a gesture recognition-based 3D maze 
rehabilitation game system. The overall framework of the 
system is illustrated in Fig. 1 below. In terms of hardware, 
a computer camera is used as the input device. This study 
implements a dual-end architecture consisting of a “Py-
thon-based gesture recognition terminal” and a “Unity 
game interaction terminal.”
Based on Python, images are captured using OpenCV, and 
Google’s open-source MediaPipe framework is employed 
as the core tool for hand key point detection. This enables 
real-time, accurate tracking of 21 hand key points. The 
SVM algorithm is utilized for gesture classification, ad-
dressing the multi-category gesture recognition challenge 
in small-sample scenarios. Additionally, the UDP protocol 
is specified as a cross-platform data transmission solution.
Upon receiving the data, the Unity terminal maps ten 
types of gestures to corresponding game control com-
mands.
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Fig. 1 Flowchart of the framework (Picture credit: Original)

2.2 Data preparation
This study utilizes the Sign Language Digits Dataset 
on GitHub, provided by students from Turkey Ankara 
Ayrancı Anadolu High School [11]. The dataset consists 
of images representing 10 classes of sign language digits 
(0-9), with each image having a resolution of 100 x 100 
pixels and an RGB color space,  as illustrated in Fig. 2. 
The dataset includes samples from 218 students, with each 
student contributing 10 samples. This dataset is designed 

to support gesture recognition tasks, and Fig. 2 shows 
some sample cases.
After performing preliminary processing on the sample 
data based on brightness and contrast, the dataset was 
analyzed for gesture recognition. The results show that 
gesture 0 is recognized in 130 images, gesture 1 in 144 
images, gesture 2 in 110 images, gesture 3 in 202 images, 
gesture 4 in 161 images, gesture 5 in 207 images, gesture 
6 in 131 images, gesture 7 in 132 images, gesture 8 in 162 
images, and gesture 9 in 195 images.

Fig. 2 Examples of Sign Language Digits Dataset [11]

2.3 MediaPipe
MediaPipe is an open-source framework developed by 
Google Research for graphical data processing. It supports 
cross-platform development and provides multi-language 
interfaces [12], serving as an efficient tool for the devel-
opment of multimedia machine learning applications.

Its framework architecture comprises three core compo-
nents:  a framework for sensory data inference, which 
coordinates data input, model inference, and result output, 
a performance evaluation toolset, which provides a quan-
titative basis for system optimization, and a reusable in-
ference and processing component library, which supports 
flexible combination to adapt to diverse requirements [13].
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In the core hand recognition module, MediaPipe Hands, 
a two-stage model of “palm detection and keypoint esti-
mation” is used to achieve real-time, precise tracking of 
hand skeletons in RGB images [14]. MediaPipe leverages 
advanced computer vision algorithms to efficiently recog-
nize and track 21 key points of the hand in real-time, as 
depicted in Fig. 3. This enables more diverse interactions 
between game characters and players without the need 

for any input devices (such as a keyboard or mouse) [15], 
significantly enhancing the immersion and interactivity of 
the game. Its modular architecture, cross-platform com-
patibility, real-time performance, and accuracy make it 
highly suitable for the gesture recognition requirements of 
this study, establishing the core technological foundation 
for the development of a 3D maze game for stroke reha-
bilitation.

Fig. 3 The 21 keypoints of a single hand detected by MediaPipe [16].

2.4 SVM
SVM is a supervised machine learning algorithm ground-
ed in statistical learning theory. The core principle of 
SVM is to identify the optimal hyperplane within the 
feature space that maximizes the margin between two 
categories of samples. This hyperplane enables the linear 
separation of the samples and is determined by a limited 
number of “support vectors,” which guarantees a global 
optimal solution for classification, thereby ensuring the 
accuracy of the target detection classifier [17].
For multi-class gesture classification, SVM constructs a 
multi-layer classification structure through binary classi-
fication iterations, breaking the multi-class problem into a 
series of binary subtasks for incremental sample partition-
ing [18]. Additionally, kernel functions are utilized to map 
non-linearly separable samples from a lower-dimensional 
space to a higher-dimensional feature space, where the 
optimal hyperplane is identified to achieve classification. 
The classification performance of SVM is highly depen-
dent on the choice of kernel function and its parameters: 
the more refined the kernel function’s representation of 
the sample features, the more accurate its depiction of the 
sample’s surface similarity. However, this must be bal-
anced with the associated computational complexity [14].
In the context of gesture classification, SVM offers sever-
al key advantages: first, its global optimal solution ensures 
high classification accuracy; second, its robust capabil-

ity in handling small sample sizes, nonlinear data, and 
high-dimensional feature spaces makes it well-suited for 
gesture recognition applications, where data collection is 
challenging and feature dimensions are typically large.
Since this study utilizes a standard computer camera 
rather than a depth camera, depth information cannot be 
acquired. To mitigate the interference of hand-to-camera 
distance and scale variations on recognition results, this 
study designs and implements a feature normalization 
process. The core of this process involves extracting three 
types of scale-invariant, robust features—“relative coor-
dinates, finger angles, and relative distances”—from the 
21 3D hand keypoints output by MediaPipe. These three 
feature types total 89 dimensions: 63 dimensions for rel-
ative coordinates, 5 dimensions for finger angles, and 21 
dimensions for relative distances. The specific implemen-
tation sequence is as follows: normalization of relative 
coordinates, calculation of finger bending angles, and 
computation of relative distances. Based on this, an SVM 
classification model is built using the scikit-learn library 
to achieve high-accuracy gesture classification.

2.5 User Datagram Protocol (UDP)
The selection of cross-end data transmission protocols 
must prioritize real-time performance and stability as 
the primary criteria. In this project, UDP is employed to 
establish a bidirectional communication link between the 
Python-based gesture recognition terminal and the Unity 
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game terminal. Among the common transport layer pro-
tocols, UDP and Transmission Control Protocol (TCP) 
are the two core options. TCP is a connection-oriented 
protocol that ensures reliability through connection es-
tablishment, data acknowledgment, and flow control 
mechanisms. However, its inherent redundancy results in 
transmission delays. In contrast, UDP’s connectionless 
nature eliminates these redundant operations, offering sig-
nificantly higher transmission efficiency. Additionally, its 
lightweight design reduces the risk of link congestion in 
Python-Python and Unity cross-end interactions, thereby 
demonstrating superior communication stability [19].
For the specific implementation, the Python terminal con-
structs a UDP client based on the socket library, encap-
sulating core data such as timestamps, coordinates of 21 
hand keypoints, gesture categories, and confidence levels 
into JSON format, which are subsequently sent to the Uni-
ty terminal via a custom send_data function. Concurrent-

ly, the Unity terminal implements a UDP communication 
module using the System.Net.Sockets namespace in C# to 
receive and parse the transmitted data.

2.6 Unity
To achieve adequate rehabilitation training for patients’ 
hands, this study established two core scenes (main menu 
and game) in the Unity terminal based on 10 categories of 
gesture data (0-9) recognized by the Python terminal, and 
defined three interaction states (game, menu, and victory). 
Thereby, the full mapping between the 10 gesture catego-
ries and game control commands is realized, ensuring the 
comprehensive engagement of hand movements during 
the rehabilitation training process. The specific gesture 
mappings and their corresponding functions are detailed 
in Table 1.

Table 1. Mapping of gestures to corresponding game interaction functions

Scene & State Gesture Function Description

Main Menu Scene
Gesture 8 Start Game Switch to the game scene
Gesture 7 Quit Game Close the Unity editor or application

Game Scene
(Default State)

Gesture 1 Move Forward Control the character to move forward
Gesture 2 Move Backward Control the character to move backward
Gesture 4 Move Left Control the character to move left
Gesture 5 Move Right Control the character to move right
Gesture 3 Open Menu Display the in-game menu

Game Scene
(Menu State)

Gesture 0 Return to Main Menu Switch to the main menu scene
Gesture 9 Resume Game Close the menu and resume the game
Gesture 6 Restart Game Close the menu and restart the game

Game Scene
(Victory State)

Gesture 7 Quit Game Close the Unity editor or application
Gesture 6 Restart Game Close the menu and restart the game

Based on the aforementioned design concepts, this study 
developed a lightweight 3D maze rehabilitation training 
game. In this game, patients are required to manipulate 
the game avatar through gesture-driven interaction, mov-
ing it to a predetermined target point to achieve the victo-
ry criterion. Thereby, they complete fine hand movement 
training in a gamified experience.

3. Result and Discussion

3.1 The implementation of the gesture recogni-

tion game
This study ultimately completed the development and 
deployment of a gesture recognition game in the Unity 
engine. The core interaction logic of the game requires pa-
tients to control the movement of the game entity through 
predefined specific gestures, aiming to successfully reach 
the preset endpoint in the maze scene, which is considered 
as winning the game. The running state of the game with-
in the Unity editor is illustrated in Fig. 4.
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Fig. 4 Screenshots of the game (Picture credit: Original)
To validate the system’s real-time performance, the re-
search tested the data transmission latency between the 
Python gesture recognition module and the Unity game 
module. Multiple repeated tests were conducted in a 
Windows 11 system environment with an AMD Ryzen 7 
5800H processor. Testing results confirm that the average 
transmission delay of this communication link is approx-
imately 11 ms, which satisfies the real-time synchroniza-
tion requirements for gesture movements and game inter-
actions.

3.2 Impact of distance to the camera on gesture 
recognition accuracy
This study utilizes a computer-built-in camera instead of a 
depth camera, which limits the acquisition of hand depth 

information. As a result, variations in distance and scale 
between the hand and the camera may introduce interfer-
ence, potentially affecting recognition accuracy. While 
feature normalization processing has been incorporated 
into the real-time gesture recognition workflow to mitigate 
such interference, the issue has not been entirely resolved.
To quantitatively analyze the impact of camera distance 
on recognition performance, a controlled experiment was 
designed. Based on the pre-experimental determination 
of the effective recognition distance boundary, gesture 
recognition accuracy tests were conducted at distances of 
25 cm, 35 cm, and 45 cm from the camera, with a sample 
size of 50 repetitions for each gesture category, and a con-
fidence threshold of 0.5 was set for the gesture recognition 
module. The gesture recognition images at these distances 
are illustrated in Fig. 5.

Fig. 5 Gesture recognition tests at different distances (Picture credit: Original)
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Table 2. Recognition accuracy of various gesture categories under different camera distances

Gesture Category
Recognition Accuracy(100%)
Distance = 25 Distance = 35 Distance = 45

Gesture 0 100% 100% 100%
Gesture 1 100% 100% 96%
Gesture 2 100% 100% 96%
Gesture 3 100% 88% 8%
Gesture 4 100% 100% 100%
Gesture 5 100% 68% 12%
Gesture 6 100% 100% 76%
Gesture 7 100% 100% 72%
Gesture 8 100% 90% 10%
Gesture 9 100% 100% 88%

Experimental data presented in Table 2 indicate that the 
distance between the hand and the camera significantly 
impacts recognition accuracy, with different gesture cat-
egories exhibiting distinct sensitivities to variations in 
distance. The optimal recognition distance of the system 
is 25 cm, within which 100% recognition accuracy can be 
achieved for all gesture categories. When the distance in-
creases to 35 cm, the recognition robustness of the system 
for complex gestures (e.g., Gesture 3 and Gesture 5) de-
creases significantly, necessitating targeted optimization of 
feature extraction strategies to enhance robustness. When 
the distance increases to 45 cm, the overall recognition 
accuracy of the system drops sharply. This phenomenon 
suggests that when the distance between the hand and the 
camera exceeds a specific threshold, the pixel proportion 
of the hand in the image decreases significantly, leading to 
a substantial increase in the detection error of MediaPipe 
hand key points. Even with feature normalization, it is dif-
ficult to effectively offset the interference caused by scale 
variations.

3.3 Impact of lighting conditions to the camera 
on gesture recognition accuracy
To further investigate the impact mechanism of ambient 
light intensity, a critical interfering factor, on gesture rec-
ognition accuracy, this study designed and conducted a 
controlled experiment under two distinct lighting condi-
tions: well-lit and dimly lit environments.
Based on the findings presented in Section 3.1, Impact of 
distance to the camera on gesture recognition accuracy, 
this study confirmed that 25 cm serves as the system’s 
optimal recognition distance. At this distance, interfer-
ence arising from distance and scale variations is negli-
gible, with all gesture categories attaining 100% baseline 
accuracy. Accordingly, 25 cm was selected as the fixed 
quantitative testing distance for the present experiment. 
The experiment encompassed 10 gesture categories (0–9), 
with 50 test samples per category. A confidence threshold 
of 0.5 was set for the gesture recognition module, and the 
specific parameters of the lighting conditions are detailed 
in Fig. 6.

Fig. 6 Gesture recognition tests under different lighting conditions (Picture credit: Original)
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Table 3. Gesture recognition accuracy under different lighting conditions

Testting Conditions Recognition Accuracy(100%)
Normal (Distance = 25) 100%
Dimly (Distance = 25) 82%

Experimental results in Table 3 demonstrate that lighting 
conditions have a significant impact on the gesture recog-
nition accuracy of the system. A detailed analysis of the 
experimental outcomes reveals that the underlying mech-
anism of this impact is the degradation of image quality in 
dimly lit environments. Insufficient ambient light intensity 
leads to a notable reduction in the Signal-to-Noise Ratio 
of images in the hand region, resulting in blurred finger 
edges and texture details. This degradation contributes to 
two primary types of errors in the MediaPipe hand detec-

tion module. The first is hand target misdetection, where 
the hand region fails to be effectively located in the image. 
The second is keypoint tracking drift, which occurs when 
the system is unable to continuously and accurately cap-
ture the hand movement trajectory. Both types of errors 
lead to the distortion of critical robust features, such as 
relative coordinates and finger angles, during the feature 
extraction stage, ultimately causing a decrease in recogni-
tion accuracy. These error states are illustrated in Fig. 7.

Fig. 7 Two types of errors in gesture recognition under dim lighting conditions (Picture credit: 
Original)

4. Conclusion
This study addresses key limitations in upper limb re-
habilitation for stroke patients, including the reliance of 
traditional methods on third-party assistance, the high cost 
of smart devices, and the lack of multisensory stimulation. 
This paper developed a gesture-recognition-based 3D 
maze rehabilitation game system.
The system is built on a dual architecture of Python and 
Unity. It tracks 21 hand keypoints using MediaPipe and 
implements classification of 10 gesture types through a 
combination of publicly available datasets and a Sup-
port Vector Machine (SVM) algorithm. Cross-platform 
communication is facilitated via the UDP protocol, and 
gesture-to-game control mapping is fully implemented 
within Unity. Experimental results indicate that the system 
achieves 100% accuracy at a recognition distance of 25 
cm; however, accuracy decreases for complex gestures at 
a distance of 45 cm or under low-light conditions.
Current limitations of the system include a single game 

scenario and the absence of a quantitative rehabilitation 
assessment. Future work will focus on enriching game 
content, incorporating quantitative measures such as fin-
ger joint angle analysis, and improving recognition accu-
racy in complex environments through the introduction 
of deep learning models, thereby providing patients with 
more precise and personalized rehabilitation solutions.
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