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The subject of this research is mobile machine learning platforms for human gesture recognition within human-machine interaction 
systems, specifically for managing smart home components.

One of the key challenges in gesture recognition is ensuring high accuracy, efficiency, and robustness of algorithms under real-world 
operating conditions. The problem lies in selecting optimal machine learning platforms capable of balancing local and cloud computing, 
processing speed, and adaptability to changing environmental conditions.

The study presents a comparative analysis of the ML platforms Create ML (Apple) and Google Cloud AI Platform, which are used for 
gesture detection and recognition in smart home control systems. The obtained results demonstrate that Create ML achieves an accuracy of 
95.81 %, while Google Cloud AI Platform reaches 89.43 %, justifying their selection for further research. Additionally, experimental testing 
of sensor placement topology revealed that diagonal camera positioning increases accuracy by 0.62 % compared to parallel placement.

The increased efficiency of Create ML is due to its ability to process data locally, reducing latency and dependence on an internet 
connection. In contrast, Google Cloud AI Platform relies on cloud resources, enabling the processing of large volumes of data but making 
it dependent on data transmission speed.

The proposed gesture control algorithms can be used to enhance the accessibility of technology for people with disabilities, particularly 
in rehabilitation centers. Additionally, the research findings can be applied to contactless interfaces in medical facilities and public spaces, 
reducing the need for physical interaction with surfaces and improving hygiene levels. The use of mobile ML platforms in such scenarios allows 
for the optimization of computational resources and ensures the effective integration of gesture control into modern human-machine systems.
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1. Introduction

The study of methods for interpreting human 
movements in remote control systems for smart home 
elements is highly relevant as an example of human-
machine interaction. In today’s world, smart home 
technologies have become an integral part of every-
day life, providing automation and remote control of 
household devices.

According to the data presented in [1], all segments 
of the smart home market are continuously growing, 
as evidenced by statistical indicators (Fig.  1). This 
confirms the relevance of developing the smart home 
industry and implementing smart technologies in 
various aspects of modern housing to ensure comfort, 
convenience, energy efficiency, and enhanced security.

The main reasons for such growth are the de-
velopment of artificial intelligence, the Internet of 
Things, computer vision, and contactless control in-
terfaces, among which one of the most promising is 
gesture control (Fig. 2).

Fig. 1. Statistical indicators of revenue distribution in the global smart home market  

by individual segments
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Gesture control is an example of the integration of intelligent man-
agement and wireless technologies, making smart homes even more 
adaptive and autonomous.

The diagram in Fig. 2 illustrates the classification of control types, 
dividing them based on various characteristics. It contains several hier
archical levels, with each level detailing the management approach. 
The proposed structure helps to understand which approaches can be 
applied for building control systems and the role of gesture control in 
human-machine interaction.

As a justification for the choice of mobile machine learning plat-
forms for human gesture recognition in human-machine interaction 
systems, let’s present the advantages of these approaches:

–	 mobile devices are widespread and portable, allowing the inte-
gration of machine learning algorithms for gesture control without 
the need for complex infrastructure;
–	 the use of mobile neural network frameworks (TensorFlow Lite, 
MediaPipe, Core ML) enables the optimization of recognition speed 
without the need to transmit data to a server;
–	 mobile platforms are optimized for energy-efficient computations, 
which is crucial for continuous gesture recognition without rapidly 
draining the device’s battery;
–	 gesture control on mobile devices can be used for smart inter-
faces, assistive technologies for people with disabilities, virtual reality, 
robotics, and military contactless device control systems.
According to the World Health Organization, over 1 billion people 

worldwide have some form of disability, and contactless human-machine 
interaction can significantly improve their lives. For example, rehabili-
tation centers use systems that allow patients with limited mobility to 
control wheelchairs or computers through gestures  [7]. Additionally, 
during the COVID-19 pandemic, the demand for contactless interfaces 
increased by 30 % as they help minimize physical contact with surfaces 
that may contain viruses. Such systems can be used in public places, for 
instance, for contactless door opening or elevator control.

In addition to human-machine interaction, such as systems for 
controlling smart home elements, intellectual assistants are also bene
ficial for people with disabilities. One of their tasks is to assist users 
in navigating the city, thereby ensuring safety and greater inclusivity, 
especially for users with visual impairments [8]. Monitoring the condi-
tion and progress of rehabilitation for people with musculoskeletal 

disabilities is also a demanding task. However, today, in the context of 
full-scale war, the requirements for such systems include the ability for 
remote monitoring and portability of the system [9].

In the context of the war in Ukraine, gesture interpretation technol-
ogy is also gaining importance. According to the Ministry of Health of 
Ukraine, since the start of the full-scale invasion, more than 50,000 peo-
ple have been injured, resulting in the loss of limbs or limited mobility. 
For such patients, contactless interaction and device control are critical 
elements of rehabilitation. Additionally, gesture control technologies 
can significantly enhance safety. For example, the system could allow 
automatic lighting or signaling to be activated with certain gestures, 
which is especially important for people with disabilities or in emer-
gency situations.

The paper focuses on the study of mobile ML platforms for gesture 
recognition in human-machine interaction systems, as this type of con-
trol offers several advantages, namely:

–	 ease of use (the user can activate the required function with 
a  single hand gesture, without the need to open an app or search for 
a remote control);
–	 high interaction speed (a hand movement takes less time than 
giving a voice command or opening a mobile app);
–	 accessibility for people with disabilities (the ability to control for 
elderly or disabled individuals who may not be able to quickly inter-
act with mobile apps or buttons);
–	 enhanced security (unlike voice commands, which can be acci-
dentally activated by conversation, gestures are harder to perform 
unintentionally);
–	 reliability in challenging conditions (local gesture recognition sys-
tems can operate without access to servers or cloud technologies);
–	 integration with other technologies (modern systems allow for 
training algorithms to recognize new gestures, making control more 
flexible).
Thus, the relevance of the chosen topic is determined not only by 

the active development of systems for controlling smart home elements, 
as an example of human-machine interaction, but also by the wide-
spread use of gesture control in various areas of people’s lives.

In [10], the advantages and limitations of using radar sensors for 
gesture recognition are discussed, particularly their effectiveness in 
low-light conditions and insensitivity to obstacles. However, the issue  

 

Fig. 2. Classification of control types for smart home system elements [2–6]
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of adapting radar recognition for mobile platforms has not been suf-
ficiently explored, which has limited the potential for implementation 
in portable devices.

In the study [11], various machine learning algorithms for gesture 
recognition, such as CNN, Random Forest, and XGBoost, are com-
pared, with CNN identified as the most accurate method. However, 
the issues of computational resource consumption and energy usage 
on mobile devices were not adequately addressed, which complicates 
real-world application for portable systems.

In the work [12], the MediaPipe library is used for gesture recogni-
tion in mobile applications, with its effectiveness and ease of implementa-
tion highlighted. However, the issue of recognition accuracy under low-
light conditions or dynamic hand movement was not considered, which 
could significantly impact system performance in real-world scenarios.

In the study [13], YOLOv3 is used for real-time gesture recognition, 
providing high processing speed. However, the resource consumption of 
the algorithm and its adaptation for mobile platforms were not sufficiently 
explored, limiting the possibilities for integration into compact devices.

In [14], the use of convolutional neural networks (CNN) for real-
time gesture recognition is explored. It is determined that pre-trained 
models improve accuracy. However, the issue of balancing performance 
and energy consumption on mobile devices remains unresolved, limit-
ing the potential for integration into portable systems.

The work  [15] examines the development of wearable devices 
for gesture recognition, including built-in sensors and deep learning 
algorithms. However, the issue of standardization between different 
wearable platforms and integration with mobile devices has not been 
adequately studied, which complicates practical implementation.

An analysis of current human-machine interaction technologies 
based on gesture recognition is presented in [16]. However, the issue 
of adapting systems to work in changing environmental conditions 
remains open, limiting the universality of recognition methods.

The analysis of the effectiveness of mobile platforms is presented 
in  [17–20]. Specifically, the results highlighted in  [17] determine that 
adapting face recognition algorithms on mobile devices, considering user 
movement, improves accuracy in changing conditions. However, the pos-
sibility of applying similar methods for gesture recognition has not been 
explored, which limits their practicality for other types of recognition.

The study [18] examines methods for training neural networks di-
rectly on mobile devices without using cloud services. It is determined 
that this approach improves autonomy. However, the issues of energy ef-
ficiency and real-time performance of such models remain unresolved, 
limiting their widespread application.

The paper [19] presents an analysis of the dependency of AI sys-
tems on cloud infrastructure, particularly its impact on performance 
and costs. It is found that cloud services provide scalability but create 
dependency on large providers. However, the compromise between 
cloud and mobile computing for gesture recognition has not been suf-
ficiently explored, which limits the selection of the best approach for 
mobile solutions.

The study [20] analyzes cloud services for deploying generative AI, 
such as AWS, Google Cloud, Microsoft Azure, and others. It is deter-
mined that cloud services simplify the management and deployment 
of AI models. However, the issue of the effectiveness of these services 
in mobile environments and with low-power devices has not been 
addressed, which could impact the choice of appropriate architecture.

The problem discussed in the study is related to the efficiency and 
accuracy of human gesture recognition on mobile platforms, which can 
be integrated into human-machine interaction systems. 

The effectiveness and accuracy of gesture recognition can be re-
duced due to a number of factors. Firstly, traditional methods have 
limitations: hands and fingers often overlap, and dynamic gestures 
are performed quickly or unclearly, which creates difficulties for com-
puter vision algorithms. Secondly, many modern gesture recognition 

technologies (such as OpenPose) require significant computational re-
sources, making them less suitable for mobile devices. The use of cloud 
platforms (e.  g., Google Cloud AI Platform) leads to dependence on 
a  stable internet connection, which is not always convenient. Thirdly, 
existing datasets for training models are limited, making it difficult to 
generalize results. Furthermore, hybrid solutions that combine local 
training  (Create ML) and cloud computing (Google Cloud AI Plat-
form) have been insufficiently studied. Solving these issues is possible 
through the evaluation of the advantages of different device placement 
topologies within a hybrid approach.

The aim of the paper is to study and conduct a comparative analysis 
of mobile machine learning platforms (Create ML and Google Cloud 
AI Platform) for human gesture recognition, which are integrated into 
human-machine interaction systems. The research aims to determine 
the balance between local and cloud computing, assess their perfor-
mance in conditions with limited computational resources, and evalu-
ate their effectiveness in a variable operating environment. The optimal 
platform is determined based on experimental testing of recognition 
accuracy, gesture processing performance, and adaptability to changing 
environmental conditions.

2. Materials and Methods

The object of research is mobile machine learning platforms for 
human gesture recognition in human-machine interaction systems, 
specifically in the control of smart home elements.

Despite significant progress in this field, there are a number of 
challenges that limit the effectiveness and accuracy of gesture control. 
The difficulty in gesture recognition for AI lies in the fact that hands 
and fingers may obscure each other, gestures can be too fast or un-
clear, making it difficult for algorithms to recognize them accurately 
and instantly.

With the advent of deep learning, particularly using deep convo-
lutional neural networks (CNN), the paradigm of gesture recognition 
has significantly changed. Modern research demonstrates that the ap-
plication of 3D-CNN allows for effective analysis of video sequences 
for recognizing dynamic hand gestures  [21]. For example, in  [22], 
a  method for fast gesture recognition is proposed based on an im-
proved lightweight network Lite-HRNet, transformed into 3D-CNN 
for processing video data.

An overview of modern methodologies for identifying hand move-
ments and gestures is presented in the paper  [23], where the author 
highlights methodologies based on:

–	 visual assessment;
–	 sensor-based approaches;
–	 hybrid methodologies.
In this work, methodologies based on visual assessment of hand 

fingers are considered and analyzed.
The results of modern studies have been implemented into a num-

ber of existing technologies and platforms for gesture detection, among 
which the following can be highlighted:

–	 Create ML (Apple);
–	 Google Cloud AI Platform;
–	 Microsoft Azure Cognitive Services;
–	 OpenPose (Carnegie Mellon University);
–	 MediaPipe (Google);
–	 Intel RealSense SDK;
–	 etc.
It is impossible to quantitatively assess the mentioned technologies 

in terms of accuracy, as no studies have been conducted under identi-
cal training and testing conditions on the same benchmarks. There-
fore, generalized system characteristics that can address the problem 
described above were selected for comparison (Table  1). Create ML 
enables gesture recognition without relying on an internet connection, 
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which eliminates the limitations of cloud platforms and optimizes real-
time performance on mobile devices [24]. Google Cloud AI Platform 
compensates for the shortcomings of local solutions by using deep 
neural networks for more complex gestures and ensuring scalability, 
although it requires a stable internet connection [25]. Combining these 
platforms allows for evaluating the benefits of a hybrid solution, deter-
mining the balance between local and cloud processing, and optimiz-
ing accuracy and performance under varying operational conditions. 
OpenPose, although demonstrating high accuracy through body key-
point analysis, has computational complexity and the need for a GPU, 
making it unsuitable for mobile platforms, as it requires significant 
resources for real-time operation  [12]. Intel RealSense provides de-
tailed 3D motion analysis, but this technology is focused on hardware 
solutions with deep cameras, limiting its integration into portable mo-
bile devices [26]. Microsoft Azure Cognitive Services is not suitable for 
research within the hybrid technology framework, as, according to the 
analysis in the table, this platform does not support mobile integration, 
and its key advantage – streaming data processing – is less relevant to 
the specific task of the research.

Since the selected technologies, Create ML (Apple) and Google 
Cloud AI Platform, do not have built-in models for hand gesture rec-
ognition, they need to be trained on a suitable dataset. For this purpose, 
a review of datasets appropriate for this task was conducted (ASL Al-
phabet, Hand Gesture Recognition Database, Dynamic Hand Gesture 
Dataset, EgoHands Dataset, SHREC’17 Track Dataset, Diverse Hand 
Gesture Recognition Dataset, LaRED, OUHANDS, HANDS, SHAPE). 
Among the reviewed datasets, the OUHANDS dataset  [27] was se-
lected with the following characteristics:

–	 total dataset size (training and testing) – 4 GB;
–	 number of classes – 10 (gestures from everyday communica-
tion), with 300 images per class in .png format, resolution 640*480.
Examples of training images are shown in Fig. 3.
This dataset contains images of hands in various poses, captured 

from different angles and under different lighting conditions, ensuring 
data diversity for training gesture recognition models. The presence of 
various perspectives and background details enhances the robustness 
of computer vision algorithms to the variability of gestures and the sur-
rounding environment.

Table 1

Analysis of technologies and platforms for gesture detection

Technology Cloud support Real-time support Mobile integration Recognition method Supported devices

Create ML (Apple) No Yes Yes (iOS/macOS) Classification of images iPhone, iPad, Mac

Google Cloud AI Platform Yes No (cloud processing) Yes (via TensorFlow Lite) Video and image analysis Android, iOS, Web

Microsoft Azure Cognitive 

Services
Yes Yes No

Video and streaming data 

analysis
Windows, Web

OpenPose No Yes (on GPU) No
Identifying key points on 

the body
PC (Windows, Linux)

Intel RealSense No Yes No 3D motion analysis PC (Windows, Linux)

 

Fig. 3. Examples of training images from the OUHANDS static hand gesture dataset



INFORMATION AND CONTROL SYSTEMS:
INFORMATION TECHNOLOGIES

10 TECHNOLOGY AUDIT AND PRODUCTION RESERVES — No. 2/2(82), 2025

ISSN-L 2664-9969; E-ISSN 2706-5448

The workflows for the above-mentioned technologies are as 
follows: 

–	 for Create ML (Apple): Video stream capture → Hand detec-
tion using Vision API model → Gesture classification using Create 
ML model → Execute command in HomeKit;
–	 for Google Cloud AI Platform: Video stream capture → Hand 
contour detection using MediaPipe Hands → Gesture classification 
using Google AI → Execute command in Smart Home.
In the first experiment, the Create ML tool from Apple is used, 

which is applied on four computing devices placed at different corners 
of the studied area. All the devices that make up the gesture recogni-
tion system are trained on a single neural network based on Create 
ML. This tool is available through Xcode and allows local training of 
a model on devices like MacBook, iMac, etc., using a specified image 
collection (OUHANDS).

In the second experiment, the Google Cloud AI Platform service 
is used, which is applied on all four devices placed at the corners of the 
studied area. Thus, all the devices that form the human gesture detec-
tion and recognition system are trained on the same neural network 
model, specifically using Google Cloud AI Platform. The trained model 
is then converted into a .mlmodel format through the Google service, 
which works with CoreML Framework.

The third experiment involves testing the proposed hybrid sys-
tem based on Create ML and Google Cloud AI Platform. The final 
experiment focuses on using hybrid technologies for human gesture 
recognition by combining the trained models. Initially, two diagonal 
devices use the same technologies, and then two parallel devices are 
employed.

3. Results and Discussion

The paper proposes a functional model of the user gesture recogni-
tion system (Fig. 4).

The distinction of the proposed model from existing ones lies 
in the use of a hybrid approach to gesture processing , where some 
operations are performed locally on the mobile device, while more 
resource-intensive tasks, including preprocessing and classification, 
can be offloaded to the cloud for processing using Core ML. The 
image preprocessing module is responsible for preparing images for 
further analysis, including resizing and normalization. This enhances 
the image quality by adjusting brightness, contrast, and colors. Unlike 

traditional models that rely on fixed data collection points, the pro-
posed system allows for adaptive sensor placement, as demonstrated 
in subsequent experiments.

The feature extraction module is responsible for extracting vari-
ous features from the preprocessed images using convolutional neural 
networks (CNN) or other algorithms.

The feature analysis module performs gesture classification 
using deep learning models, determining the type of gesture and  
its meaning.

The module responsible for training the neural network operates 
based on a dataset that contains images of hands in different lighting 
conditions and environments.

After training, the network performs gesture classification, and the 
result is passed to the interpretation module. This module assesses the 
reliability of the classification and provides recommendations to the 
user. The system includes communication between the sensors and the 
server for data processing and decision-making. The system structure 
is depicted in the organizational diagram in Fig. 5.

The sensor devices (Processing Slave  1–4) record and process 
video to detect gestures, transmitting the data to the decision-making 
server. Upon receiving the processed information, the server uses it to 
control smart home devices via a wireless connection. The system is 
flexible and portable, allowing it to be used in various locations and on 
different devices. It ensures reliability and fault tolerance when operat-
ing with both 2 and 4 gadgets.

To test the functionality of the proposed system based on the men-
tioned technologies, a test bench was set up for conducting experimen-
tal research (Fig. 6).

The test bench allowed a series of experiments to be conducted 
aimed at determining the optimal placement of sensors to achieve 
the highest accuracy in recognizing the user’s hand gestures based on  
Create ML (Apple) technologies and/or Google Cloud AI Platform. 
The testing was carried out considering the following variable condi-
tions, as shown in Fig. 6, a, b:

–	 different lighting conditions;
–	 selected hands for training based on classes: left hand, right hand;
–	 photos of the user’s own hands (approximately 200 images for 
each of the two classes – fist and open palm);
–	 presence of accessories in the photos (ring, watch);
–	 environment – room for conducting experiments;
–	 hand rotation of about 50’ is taken into account.

Raw sensor data (e. g., 
images, accelerometer 

readings)

Preprocessing

Cleaned data

Feature 
vectors

Recognized 
gestures 
(CLASS)

Feature Extraction

Gesture Recognition

Post-Processing

Interpreted
gestures

Preprocessing algorithms

Preprocessing software:
CoreML, Vision

Feature extraction 
techniques

Feature extraction tools:
CoreML, Vision

Machine learning 
models (using Create ML)

Training dataset

Recognition algorithms 
(CoreML)

Post-processing rules

Post-processing software 
(ARKit), custom 

algorithms

iPhone, iPad or Mac 
device with built-in 

camera

Fig. 4. The proposed functional model of the user gesture recognition system (using Apple’s Create ML technology as an example)
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а b

Fig. 6. The test bench for conducting experimental research:  

a – for recognizing an open palm; b – for recognizing a clenched fist

The results of the first experimental research showed that the da-
taset distribution in a 70:15:15 ratio for training: testing: validation 
samples, respectively, yields a higher test accuracy, reaching 97 % with 
the lowest accuracy loss. 

At the same time, the average recognition accuracy for the two 
gestures under study is 96.66 % for the open palm and 95.94 % for the 
clenched fist.

The technology selected for the first experiment showed bet-
ter results with the use of a larger number of layers and epochs, es-
pecially with the 70:15:15 ratio, where the test accuracy reached 
its highest values – 97  % accuracy with 6 layers and 50 training  
epochs (Fig. 7).

Test losses decrease as the number of layers and epochs increases, 
indicating an improvement in the overall performance of the model 
and its ability to generalize the acquired knowledge to new data.

Decision making server

Processing 
Slave 4

Processing 
Slave 3

Processing 
Slave 1

Processing 
Slave 2 Master

Smart home devices

Sensor technology of recording 
and local processing video data

  

Fig. 5. The organizational diagram of the proposed system

 

 

 

 а

c

b

d

Fig. 7. Evaluation of test accuracy and test losses for the Create ML model: a – change in classification accuracy depending on the number of epochs for 

models with 2, 4, and 6 layers at a training sample ratio of 50:25:25; b – change in classification accuracy depending on the number of epochs for models  

with 2, 4, and 6 layers at a training sample ratio of 70:15:15; c – change in classification loss depending on the number of epochs at a training sample  

ratio of 70:15:15; d – change in classification loss depending on the number of epochs at a training sample ratio of 50:25:25
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The analysis of the results from the second experiment showed that 
the dataset distribution in a 70:15:15 ratio for the training, testing, and 
validation samples, respectively, yields higher test accuracy and lower 
test losses, reaching 97 % with network training over 50 epochs and test 
losses of 0.17 (Fig. 8). 

At the same time, the average recognition accuracy for the two 
studied gestures is 90.56 % and 88.3 %, respectively, for the open and 
clenched palm (Table 2).

Regardless of the chosen technology for gesture detection and 
recognition, all experiments show higher recognition accuracy for 
the open palm compared to the clenched fist. This may be because the 
open palm has a larger surface area and more distinct features, such 
as fingers, palm lines, and hand shape, providing more key points for 
computer vision algorithms. In the clenched fist, these features are less 
pronounced, making recognition more difficult.

The results of the third experiment showed that the diagonal 
placement has an advantage of 0.62 % compared to the parallel place-
ment (Table 3).

The overall conclusions from Experiment 4 are that, due to the 
combination of two different gesture recognition technologies on lo-
cal processors, the overall accuracy of gesture detection for diagonal 
placement was 96.43 %. This is 0.62 % higher than for parallel place-
ment  (95.81  %). This indicates the advantage of the combined ap-
proach and the optimal placement of sensor devices to enhance the 
accuracy of the gesture recognition system.

Apple’s Create ML technology demonstrated better gesture recogni-
tion accuracy compared to Google Cloud AI Platform in all scenarios.  
It achieved an average accuracy of 95.81 %, while the accuracy of Google 
Cloud AI Platform was 89.43 %. Using a single technology for all cameras 
yielded good results, but the hybrid approach proved to be more effective.

 

 
 

 

 
 

а

c

b

d

Fig. 8. Evaluation of test accuracy and test losses for the Google Cloud AI Platform service: a – change in classification accuracy depending on the number  

of epochs for models with 2, 4, and 6 layers at a training sample ratio of 50:25:25; b – change in classification accuracy depending on the number of epochs  

for models with 2, 4, and 6 layers at a training sample ratio of 70:15:15; c – change in classification loss depending on the number of epochs at a training 

sample ratio of 70:15:15; d – change in classification loss depending on the number of epochs at a training sample ratio of 50:25:25

Table 2

The study of system accuracy on different gestures for the Apple Create ML tool and Google Cloud AI Platform (for the defined architecture)

Indicators Recognition accuracy

Create ML from Apple

Accuracy of gesture 1 recognition (open palm) 96.15 %

Accuracy of gesture 2 recognition (clenched fist) 95.47 %

Average recognition accuracy 95.81 %

Google Cloud AI Platform

Accuracy of gesture 1 recognition (open palm) 90.56 %

Accuracy of gesture 2 recognition (clenched fist) 88.3 %

Average recognition accuracy 89.43 %
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The research results can be applied in the field of contactless device 
control, smart home automation, rehabilitation systems for individuals 
with motor impairments, as well as in the development of human-
machine interaction interfaces. The use of a hybrid approach to gesture 
recognition and movement analysis improves the accuracy and speed 
of signal processing, which is critical for medical and rehabilitation 
applications. Additionally, the proposed methodology can be used in 
security and monitoring systems for recognizing specific gesture com-
mands in critical situations.

The main limitations are the dependency on the quality of the data-
set for training the models, the impact of external factors such as light-
ing, shadows, and camera positioning. Hardware limitations are also 
important: the performance of the computing devices affects the speed 
of recognition. Additionally, the proposed system may require further 
calibration to function correctly under different operating conditions.

The conditions of martial law in Ukraine partially impacted the re-
search, as it became more difficult to organize joint studies and exchange 
information among the members of the research group. However, this 
did not affect the results, as testing and algorithm optimization were 
carried out in conditions close to real-life situations, namely at home.

The prospects for further research will focus on improving the sys-
tem’s adaptation to individual user characteristics, as well as expanding 
the set of gestures for interaction. Special attention will be given to the 
integration of movement recognition methods with augmented and 
virtual reality technologies for the rehabilitation of patients who have 
lost limbs. Additionally, a promising direction is the improvement of 
energy efficiency in machine learning models for use in mobile devices 
and embedded systems.

4. Conclusions

The methods of interpreting human movements in smart home 
control systems play a significant role in enhancing convenience, energy 
efficiency, and home security. This work addressed the following tasks: 
an overview of sensor devices for detecting human movements, analysis 
of technologies for hand gesture detection and recognition (specifically 

Create ML (Apple), Google Cloud AI Platform, and Microsoft Azure). 
A functional model of the gesture recognition system was created, with 
the main research focusing on the neural network analysis module of 
the enhanced input data.

The proposed system is based on a new hybrid approach with adap-
tive computation distribution, combining local processing (Create ML)  
and cloud computing (Google Cloud AI Platform). This allows for 
optimal balancing of performance and latency in gesture processing. 
The use of an optimized camera topology and adaptive gesture pro-
cessing enhances accuracy and performance, as confirmed by experi-
mental data. These results are significant for the further development 
of human-machine interaction in smart home systems and contactless 
control, as well as contributing to the scientific novelty of the con-
ducted experimental studies.

The results of the conducted research showed that the highest ac-
curacy in hand gesture recognition, with an open palm and a clenched 
fist, can be achieved with 6 layers and 50 training epochs, reaching an 
accuracy of 97 % with test losses of 0.17. The study on the placement 
of gadgets relative to the object under investigation demonstrated that 
the diagonal arrangement of gadgets with predefined technologies has 
an advantage over the use of a single technology and over the parallel 
arrangement of gadgets with identical technologies by 0.62 %.

The combined approach, which integrates Apple’s Create ML 
technologies and Google Cloud AI Platform, demonstrates higher ef-
ficiency compared to using only one of them. Specifically, the diagonal 
camera arrangement ensures better gesture recognition accuracy. This 
confirms the advantages of the hybrid method and the importance of 
optimal placement of sensor devices to enhance the accuracy of the 
gesture recognition system.

Thus, the development and improvement of gesture recognition 
systems open new possibilities for contactless smart home control. The 
use of a hybrid approach based on Create ML and Microsoft Azure 
significantly improves gesture recognition accuracy, especially with op-
timal sensor placement. The obtained results confirm the potential of 
combining different technologies and can be used for further research 
and practical implementations in the field of gesture control.

Table 3

Study of the topology of gadget placement with installed trained models

Scheme of recorder  

placement
Selected configuration

Accuracy of gesture 1 recognition 

(open palm)

Accuracy of gesture 2 recognition 

(clenched fist)

Average recognition  

accuracy

Parallel placement
Camera 1, 2 – Create 

ML technology from 

Apple

97.24 % 95.9 %

95.86 %

Camera 3, 4 – Google 

Cloud AI Platform 

technology

95.78 % 94.52 %

Diagonal placement
Camera 1, 3 – Create 

ML technology from 

Apple

98.05 % 96.78 %

96.43 %

Camera 2, 4 –Google 

Cloud AI Platform 

technology

96.5 % 94.39 %

Use of a single technology
Camera 1–4 – Create 

ML technology from 

Apple

96.15 % 95.47 % 95.81 %

Camera 1–4 – Google 

Cloud AI Platform 

technology

90.56 % 88.3 % 89.43 %
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