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Abstract. The study investigated modern neural network architectures for efficient real-time recognition of QR 
codes, which is critical for the development of mobile applications and industrial control systems. The study analysed 
the features of using light convolutional neural networks optimised for operation on mobile devices with limited 
computing resources. A modified architecture was proposed that strikes a balance between speed and accuracy when 
processing a video stream, achieving a recognition rate of 30 frames per second on standard mobile processors. A 
multi-stage decision-making mechanism based on the Early Stopping Mechanism (ESM) has been developed to 
optimise image processing. An adaptive filtering method using a median filter and morphological reconstruction was 
implemented, which substantially improved the quality of input data. The proposed architecture included a specialised 
preprocessing module and a system of residual-and-excitation blocks to improve recognition efficiency. Experimental 
studies demonstrated a 12-15% increase in the system’s real-time performance compared to the baseline models when 
processing a video stream. The system successfully recognised QR codes in poor lighting conditions and non-standard 
tilt angles with an accuracy of over 92%. A 27% reduction in computational complexity was achieved while maintaining 
high recognition accuracy. The developed method efficiently processes images with geometric distortions even in 
conditions of limited resources. The study developed the theoretical foundations of optimising convolutional neural 
networks for computer vision tasks, offering new approaches to balancing recognition efficiency and accuracy. The 
practical significance of the study was confirmed by the possibility of direct integration of the developed system into 
mobile applications and industrial quality control systems, while the proposed optimisation methods can be adapted to 
a wide range of computer vision tasks on mobile platforms

Keywords: convolutional neural networks; mobile devices; video stream processing; Early Stopping Mechanism;  
residual-and-excitation units; computer vision
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Introduction
The relevance of studying neural network architectures for 
real-time QR code recognition is conditioned by the rapid 
development of mobile technologies and the growing need 
for fast and reliable processing of visual information. Con-
ventional QR code recognition algorithms based on classi-
cal computer vision methods often demonstrate unsatisfac-
tory performance when working in challenging conditions: 
low light, non-standard viewing angles, or obstacles. The 

problem of ensuring stable operation on mobile devic-
es, where computing resources are limited, is particularly 
acute. The use of neural networks allows creating more 
adaptive recognition systems that can work effectively in a 
variety of conditions while maintaining high performance.

An analysis of recent research showed great progress 
in the development of QR code recognition methods using 
neural networks. S. Bhatia & A.S. Albarrak  (2023) proposed 
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code recognition technologies with biometric data. Their 
study showed the high efficiency of this combined ap-
proach in practical applications.

The analysis of current research revealed several in-
sufficiently studied aspects, namely: the lack of effective 
methods for adaptive optimisation of the neural network 
architecture depending on the computing capabilities 
of a particular device; insufficient attention to the prob-
lem of energy efficiency while maintaining high recogni-
tion accuracy; limited research on methods of quantising 
weight coefficients for mobile applications; lack of an in-
tegrated approach to optimising the entire recognition 
process, including image preprocessing and decoding.

The purpose of the present study was to develop an 
efficient convolutional neural network architecture for 
real-time QR code recognition that provides a reasona-
ble balance between speed and accuracy on mobile de-
vices. The study was aimed at creating a model capable 
of stable operation under various lighting conditions and 
geometric distortions, while ensuring high recognition 
quality and efficient use of the computing resources of 
the mobile device.

Materials and Methods
The development and optimisation of a convolutional neural 
network architecture for real-time QR code recognition was 
based on a step-by-step approach that included architecture 
development, optimisation, and experimental validation.
Dataset and testing conditions
To train and test the model, the study employed a dataset 
containing 10,000 images of QR codes captured in various 
filming conditions. The dataset included:

 7,000 images for training;
 1,500 images for validation;
 1,500 images for testing.
The images were captured under varying lighting 

conditions (50-1,000  lux), tilt angles (0-45  degrees), and 
distances to the camera (10-50 cm). The testing was per-
formed on standard 2.0 GHz mobile processors and 4 GB 
of RAM, which corresponds to the characteristics of typical 
modern smartphones.
Image preprocessing methods
The development of a multi-stage process for pre-process-
ing input data was based on the adaptive filtering method 
proposed by B.M. Kiat et al. (2023). The process included:

1. Brightness and contrast normalisation according to 
the following formula:

𝐼𝐼𝐼𝐼𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛  = ∝∗ ( 𝐼𝐼𝐼𝐼 – 𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚)
( 𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 − 𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚)  +  𝛽𝛽𝛽𝛽  ,                      (1)

where α and β are normalisation parameters that are adap-
tively adjusted depending on the lighting conditions, I is 
the input image, while Imin and Imax are the minimum and 
maximum pixel intensity.

2. Filtering noise using an adaptive median filter:

Ifiltered(x, y) = median( I(x – k:x + k, y - k:y + k)),           (2)

an innovative architecture based on XAI-faster RCNN for 
supply chain management systems. Their study found that 
the combination of blockchain technologies with neural 
networks can achieve recognition accuracy of more than 
95% even in poor lighting conditions and provide reliable 
authentication of goods.

E. Borandag (2023) made a significant contribution to 
the development of recognition methods by developing an 
integrated system based on IoT and image processing. His 
study demonstrated the effectiveness of using lightweight 
convolutional networks for processing QR codes in indus-
trial environments, achieving recognition speeds of up to 50 
frames per second while maintaining accuracy above 90%. 

F. Liu et al. (2023) made major progress in improving 
the quality of recognition, proposing a Fresnel zone ap-
erture-based autofocusing method for lensless imaging. 
Their approach considerably improved the clarity of QR 
code images in demanding optical conditions. N. Dong et 
al.  (2024) presented a revolutionary approach to blurred 
QR code recognition using generative adversarial networks 
(GANs) combined with attention mechanisms. Their model 
showed a vast improvement in recognition quality for im-
ages captured in motion, increasing accuracy by 15-20% 
compared to conventional methods.

L. Huo et al. (2021) developed an AI-based recognition 
system that pays special attention to optimising comput-
ing resources. Their study showed the possibility of reduc-
ing memory usage by 40% while maintaining high recog-
nition accuracy, which is especially significant for mobile 
devices. K. Tanaka (2023) worked on solving the problem 
of recognition at non-standard angles of inclination. His 
method proposed uses a specialised convolutional neu-
ral network architecture to correct geometric distortions, 
which allows QR codes to be successfully recognised at tilt 
angles of up to 75 degrees.

T. Manickavasagam et al. (2024) made a valuable con-
tribution to the development of methods for simultaneous 
recognition of multiple QR codes. The researchers’ image 
processing-based system helps to efficiently decode sever-
al QR codes simultaneously with high accuracy even when 
they partially overlap. P.  Wang  et al.  (2023) presented a 
comprehensive study of the application of artificial intel-
ligence algorithms for data recognition systems, including 
QR codes. Their study demonstrated the effectiveness of a 
hybrid approach that combines classical computer vision 
methods with deep learning, striking a balance between 
speed and accuracy.

S. Scanzio et al. (2024) presented a comprehensive re-
view of the current state of the art in QR code technology 
and proposed the concept of executable eQR codes for the 
Internet of Things. eQR codes can execute applications 
and provide interaction with users without access to the 
Internet. The focus was on the development of a compact 
programming language, QRtree, for implementing decision 
trees, which opens opportunities for applications in condi-
tions of limited connectivity. E.S.K. Siew et al. (2023) devel-
oped a web-based management system that combines QR 
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where k is the size of the filtering window (k = 3 for standard 
conditions, k = 5 for noisy images).
Neural network architecture
The development of an optimised architectural convolu-
tional neural network was based on the findings of N. Dong 
et al. (2024). This method includes:

1.  First convolutional layer (Conv1) with 32 filters of 
size 3×3, described by the following formula:

F1(i,j,k)
 = σ(∑2

m = 0 ∑
2
n = 0 ∑

c
c
-
-
1
0 I(i

 + m, j + n, c) . W(m, n, c, k) + b1(k),(3)

where σ is the ReLU activation function, W₁ is the weight-
ing matrix, b₁ is the offset parameters.

2.  Maximum subsample layer (Pool1) with a 2×2  
window:

P1(i,j,k)
 = max0≤m,n≤1F(1(2i+m,2j+n,k).                      (4)

3. Second convolutional layer (Conv2) with split convo-
lution optimised according to the K. Tanaka’s (2023) method:

F2(i,j,k)
 = σ(m = ∑2

m = 0 ∑
2
n = 0 P(i + m, j + n, k) . W2d(m, n, k)).   (5)

Optimisation methods
To increase efficiency, the following was used:

1. Quantisation of weighting coefficients to 8-bit for-
mat by R. Wang et al. (2023):

𝑊𝑊𝑊𝑊𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖8 = 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑊𝑊𝑊𝑊𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓32−𝑊𝑊𝑊𝑊𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝑊𝑊𝑊𝑊𝑚𝑚𝑚𝑚𝑓𝑓𝑓𝑓𝑚𝑚𝑚𝑚−𝑊𝑊𝑊𝑊𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
× 255)  ,              (6)

where Wint8 is the quantised 8-bit value; Wfloat32 is the 
original 32-bit floating point value; Wmin and Wmax are the 
minimum and maximum values of the weighting coeffi-
cients in the layer; round() – rounding operation to the 
nearest integer; multiplication by 255 is used to scale 
values to a range [0,255].

2. Early Stop Mechanism (ESM) with adaptive deci-
sion threshold:

DM = IQS . FLC > θ,                              (7)

where IQS is the image quality assessment, FLC is the first 
layer trust metric, θ is the empirical threshold (θ = 0.75).
Performance assessment
The system’s effectiveness was assessed by the following 
metrics:

1. Recognition accuracy:

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹𝑇𝑇𝑇𝑇

× 100%  .                 (8)

2. Average frame processing time:

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 1
𝐾𝐾𝐾𝐾
𝑖𝑖𝑖𝑖 = ∑ (𝐴𝐴𝐴𝐴𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖𝑖𝑖 ⋅ (1 − 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖))𝐾𝐾𝐾𝐾

𝑖𝑖𝑖𝑖=1 .           (9)

3. Memory usage and power consumption compared to 
the base model.

For statistical significance, each experiment was repeat-
ed 100 times with different test data sets. The valuation was 

performed on standard mobile processors to ensure that the 
results are relevant to real-world conditions.

Results and Discussion
Real-time recognition of QR codes is of considerable sci-
entific and practical interest due to the widespread use of 
this technology in various spheres of life. Conventional 
recognition methods based on classical computer vision 
algorithms often prove to be insufficiently effective when 
working with a video stream, especially in conditions of 
limited computing resources of mobile devices. However, 
even though conventional approaches to QR code process-
ing are quite effective for static images, they often fail to 
handle real-time recognition in dynamic environments. 
This is especially true when the QR code image is distort-
ed due to movement or low light. In such situations, the 
use of machine learning, specifically methods based on 
convolutional neural networks (CNNs), can substantially 
improve recognition efficiency. CNNs can automatically 
detect and classify important image elements based on 
the received training data set, which makes this method 
ideal for computer vision tasks (Huo et al., 2021). It is also 
vital to consider that the use of CNNs allows processing 
not only individual frames but also video streams, which 
greatly improves the outcomes in real -world applications 
(Kiat et al., 2023). The main problems of existing approach-
es include low adaptability to changing reading conditions 
and extensive computational costs for processing each 
frame. Another prominent aspect that contributes to the 
performance of QR code recognition systems is the mech-
anisms for quantising weight coefficients. Quantisation 
allows converting the network weighting coefficients from 
float32 to 8-bit integer format, which leads to a substan-
tial reduction in the amount of data to be processed. As 
a result, it allows reducing power consumption and mem-
ory usage without greatly reducing recognition accuracy 
(De Seta, 2023). Additionally, to increase system stability, 
SIMD (Single Instruction Multiple Data) instructions are 
used, which enables the parallel processing of multiple im-
age pixels, further reducing processing time, and improv-
ing overall system performance (Skudarnov, 2022).

The classical QR code recognition process includes 
several consecutive stages: image preprocessing, QR code 
area detection, geometric correction, and decoding. There-
with, each stage requires separate computing resources, 
which leads to a decrease in the overall performance of 
the system. Notably, for mobile applications, one of the 
key aspects is the balance between recognition accuracy 
and computational complexity. The development of ar-
chitectures that incorporate residual connections tech-
nology improves the traversal of gradients during train-
ing, which contributes to faster and more stable network 
learning. Residual connections provide efficient updating 
of weights even in deep networks, which avoids problems 
with gradient blurring when training very complex models 
(Dong et al., 2024). This technology is particularly useful 
for processing distorted QR codes or images with partial  
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interference, where standard methods may not be suffi-
ciently accurate. Conventional methods often use image 
filtering to improve contrast, which can be described ac-
cording to the following formula:

I{filtered}(x,y)
 = ∑k

i = -k ∑
k
j = -k I(x

 + i, y + j) . K(i, j),            (10)

where I{filtered}(x,y) is the pixel value after filtering, is the input 
pixel value, K(i, j) is the filter kernel of size (2k + 1) * (2k + 1), 
k is the kernel radius. For example, if k = 1, the kernel will 
be a 3×3 window (with values in the range fi = -1 to i = 1 and 
j = -1 to j = 1. Filtering is a vital step in preprocessing, as 
it helps to improve the contrast and quality of the image 
before further analysis. However, in case of dynamic en-
vironments or low image quality, standard filtering meth-
ods may not be sufficiently effective. In such cases, it is 
advisable to use machine learning-based algorithms that 
can improve recognition results even under unfavourable 
shooting conditions. Specifically, convolutional neural 
networks showed major progress in real-time code recog-
nition (Huo et al., 2021).

The use of convolutional neural networks (CNNs) can 
substantially improve recognition efficiency due to the 
ability to automatically learn to identify key image fea-
tures (Bhatia & Albarrak, 2023). The use of CNNs is espe-
cially relevant for mobile devices, as it can greatly reduce 
computational costs while ensuring great accuracy of QR 
code recognition. For instance, the use of technologies 
such as depthwise separable convolutions can considerably 
reduce the number of operations required for image pro-
cessing, which is critical for devices with limited resources 
(Rublov, 2023). This approach divides the convolution pro-
cess into two operations: channel convolution, which pro-
cesses each image channel separately, and stream convolu-
tion, which combines the results from different channels. 
This optimisation reduces the number of model parame-
ters by a factor of 8, while maintaining high recognition 
efficiency and accuracy (Borandag,  2023). The basic con-
volution operation in CNN can be represented as follows:

F(i, j) = ∑M
m

-
=

1
0 ∑

N
n

-
=

1
0 I(i

 + m, j + n) . W(m, n),            (11)

where F(i, j) is the convolution result, I is the input image, 
W is the weighting matrix (convolution kernel) of size M* 
N. M is an index denoting the horizontal shift in the filter 
(kernel) relative to the current pixel position (i, j)(i, j)(i, j) 
in the image. Typically, m runs from 0 to M-1, where M is 
the width of the filter (the horizontal size of the filter). N 
is an index that indicates the vertical offset in the filter  

relative to the current pixel position (i, j)(i, j)(i, j). n runs 
from 0 to N-1, where N is the height of the filter (the ver-
tical size of the filter).

Modern research shows that the use of deep CNNs can 
achieve QR code recognition accuracy of more than 95% 
even in complex environments (Borandag, 2023). Howev-
er, the direct application of standard CNN architectures 
on mobile devices is complicated due to their considerable 
computational requirements. To solve this problem, it is 
necessary to develop specialised lightweight architectures 
optimised for real-time operation.

One of the effective approaches to optimising CNNs 
for mobile devices is the use of depthwise separable con-
volutions (Rublov, 2023). This method allows reducing the 
number of model parameters while maintaining its effi-
ciency. A split convolution divides the standard convolu-
tion into two operations:

1. Depthwise convolution:

Fd(i, j, k) = ∑M
m

-
=

1
0 ∑

N
n

-
=

1
0 I(i

 + m, j + n, k) . W(m, n, k).       (12)

2. Pointwise convolution:

Fp(i, j, l)
 = ∑K

k
-
=

1
0 F(i, j, k) . Wp(k, l),                  (13)

where k is the input channel index, l is the output channel 
index, Wd and Wp are the respective convolution kernels.

The total number of parameters when using split con-
volution is reduced from M * N * K * L to M * N * K + K * L, 
where L is the number of output channels, which is espe-
cially significant for mobile applications (Chou et al., 2015). 
The use of separate convolutions is especially significant 
for mobile devices, where limited computing resources do 
not enable the use of complex architectures with multiple 
parameters. Furthermore, such optimisation allows for high 
performance when working with real-time video streams. 
Reducing the number of parameters allows achieving a bal-
ance between performance and accuracy, which is critical 
for applications in mobile devices (Liu et al., 2023).

The present study proposed a neural network archi-
tecture (Fig.  1) optimised for real-time QR code recogni-
tion on mobile devices. A key feature of this architecture 
is the use of a sequence of light convolutional layers with 
a gradual increase in the number of filters, which enables 
efficient extraction of QR code features while maintain-
ing acceptable computational costs. The key layers of the 
network are shown: the input layer, convolutional layers 
(Conv1, Conv2) with 3×3 kernels, a subsample layer (Pool1) 
with a 2×2 window, and a full-coupled layer (FC  Layer).

FC Layer 
Input 

Image 
Conv1 
3x3, 32 

Pool1 
2x2 

Conv2 
3x3, 64 

Figure 1. Convolutional neural network architecture for real-time QR code recognition
Source: developed by the authors of this study
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The first convolutional layer (Conv1) uses 32 3×3 fil-
ters to extract the basic features of the image. Studies in-
dicate that using such an architecture with a small number 
of filters in the initial layers allows for effective extraction 
of basic geometric features of QR codes, such as contours, 
angles, and line intersections (Rublov, 2023). After the first 
convolutional layer, a subsampling operation with a 2×2 
window is applied, which reduces the spatial dimension-
ality of the data while preserving the key characteristics of 
the image. This stage is critical for optimising computa-
tional complexity, as it reduces the number of operations 
in subsequent layers (Skudarnov, 2022).

The second convolutional layer (Conv2) expands the 
representative capabilities of the network by increasing 
the number of filters to 64, which allows detecting more 
complex patterns and structural elements of QR codes. 
Experimental studies confirmed that this configuration 
provides a reasonable balance between recognition quali-
ty and computational costs for mobile applications (Tsai et 
al., 2023). An essential feature of the proposed architecture 
is the use of residual connections between convolutional 
layers, which improves the traversal of gradients during 
training and increases the stability of the network (Dong et 
al., 2024). This modification allows achieving better con-
vergence during training and increasing the recognition 
accuracy of complex cases, such as partially damaged or 
distorted QR codes (Wang et  al., 2023).

The use of modern methods for quantising weighting 
coefficients and optimising computations can further re-
duce the size of the model and speed up its operation on 
mobile devices. Therewith, experimental studies suggest 
that even after such optimisation, the network retains high 
recognition accuracy exceeding 95% on standard test data-
sets (Wardak et al., 2023).

To further improve the efficiency of the system, an 
adaptive mechanism for controlling the frame rate when 
processing a video stream was proposed. This mechanism 

automatically adjusts the interval between processing 
successive frames depending on the computing capabil-
ities of the device and the current shooting conditions 
(De Seta, 2023). This approach optimises the use of availa-
ble resources and ensures stable operation of the recogni-
tion system in real time. Mathematically, the convolution 
operation at this layer can be described as follows:

F1(i, j, k) = σ(∑2
m = 0 ∑

2
n = 0 ∑

С
c
-
=

1
0 I(i

 + m, j n, c)W + b1 (k)),   (14)

where  is the activation value of the kth filter in position (i, j), 
I is the input image with C channels,  are the convolution 
kernels,  are the offset parameters, sigma is the ReLU (Rec-
tified Linear Unit) activation function, ∑ is the repression.

After the first convolutional layer, the maximum sub-
sampling operation (Pool1) is applied with a 2×2 window:

P(i, j, k) = max0≤m,n≤1 F1(2i + m, 2j + n, k).            (15)

The second convolutional layer (Conv2) contains 64 
filters to extract more complex features. To reduce the 
computational complexity at this level, a separate convo-
lution is used as follows (De Seta, 2023):

 𝐹𝐹𝐹𝐹2(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗, 𝑘𝑘𝑘𝑘) = 
= 𝜎𝜎𝜎𝜎 �∑ ∑ �𝑃𝑃𝑃𝑃1(𝑖𝑖𝑖𝑖 + 𝑚𝑚𝑚𝑚, 𝑗𝑗𝑗𝑗 + 𝑛𝑛𝑛𝑛,𝑘𝑘𝑘𝑘)𝑊𝑊𝑊𝑊2𝑑𝑑𝑑𝑑(𝑚𝑚𝑚𝑚,𝑛𝑛𝑛𝑛, 𝑘𝑘𝑘𝑘)�21

𝑛𝑛𝑛𝑛𝑛𝑛
2
𝑚𝑚𝑚𝑚𝑚𝑚 �,   (16)

𝐹𝐹𝐹𝐹2𝑝𝑝𝑝𝑝(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗, 𝑙𝑙𝑙𝑙) = 𝜎𝜎𝜎𝜎 𝜎∑ �𝑃𝑃𝑃𝑃2(𝑖𝑖𝑖𝑖, 𝑗𝑗𝑗𝑗, 𝑘𝑘𝑘𝑘)𝑊𝑊𝑊𝑊2𝑝𝑝𝑝𝑝(𝑘𝑘𝑘𝑘, 𝑙𝑙𝑙𝑙)�
31
𝐹𝐹𝐹𝐹 + 𝑏𝑏𝑏𝑏2(𝑙𝑙𝑙𝑙)2

𝑘𝑘𝑘𝑘𝑘𝑘 �, (17)

where W2d та W2p are the split convolution kernels, b is 
the offset parameter. The developed architecture pays 
special attention to optimising the computational com-
plexity of convolution operations. The use of separate 
convolutions can greatly reduce the number of model pa-
rameters while maintaining its efficiency. Figure 2 shows 
the sequential application of depthwise and pointwise 
convolutions for efficient processing of the input tensor.

Figure 2. The structure of the split convolution used in the proposed architecture
Source: developed by the authors of this study

The total number of parameters in a standard convo-
lution is as follows:

P{standard}
 = Kh×Kw×C{in}×C{out},                    (18)

where Kh, Kw are the dimensions of the convolution kernel, 
C{in}, C{out} are the number of input and output channels.

When using split convolution, the number of parame-
ters is reduced to:

P{separable}
 = (Kh×Kw×C{in})

 + (C{in}×C{out}).               (19)

For typical parameter values (Kh
  =  Kw

  =  3, C{in}
  =  32, 

C{out}
  =  64), this reduces the number of parameters from 

18,432 to 2,304, i.e., 8 times (Borandag, 2023).
A crucial aspect of the network is the real-time pro-

cessing of incoming data. To ensure stable operation at 
a frequency of 30 frames per second, it is necessary that 
the processing time of one frame does not exceed 33 ms.  
The total frame processing time can be represented as  
follows:

T{total}
 = T{preprocess}

 + T{network}
 + T{postprocess},              (20)

Input HxWxC Pointwise 
HxWxC Depthwise HxWxC 

3x3 depth 1x1 point
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where T{preprocess} is the image pre-processing time, T{network} is 
the time of passing through the neural network, T{postprocess} is 
the time of post-processing of results.

To optimise T{network}, quantisation of network weights 
to 8 -bit integer format is used. The quantisation operation 
is described by the following formula:

𝑊𝑊𝑊𝑊{(𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖8)} = 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ×  

× ��((𝑊𝑊𝑊𝑊𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑖𝑖𝑖𝑖32 −𝑊𝑊𝑊𝑊{(𝑚𝑚𝑚𝑚𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖)})(𝑊𝑊𝑊𝑊(𝑚𝑚𝑚𝑚𝑓𝑓𝑓𝑓𝑚𝑚𝑚𝑚) −𝑊𝑊𝑊𝑊𝑚𝑚𝑚𝑚𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖)) × 255�  , (21)

where Wfloat32 are the weighting coefficients in float32 for-
mat, Wmin, W(max) are the minimum and maximum values of 
weights in the layer.

Experimental studies showed that quantisation leads 
to a 40-50% reduction in processing time with a 1-2% re-
duction in recognition accuracy (De Seta, 2023). Additional 
acceleration is achieved through the use of SIMD instruc-
tions (Single Instruction Multiple Data) for parallel data 
processing on mobile processors.

To further improve efficiency, the architecture uses an 
early processing stop mechanism for frames where the QR 
code is absent or has a low probability of successful recog-
nition. The decision on the feasibility of further processing 
is made based on the value of the confidence metric:

𝐶𝐶𝐶𝐶𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 =  1
N
∑N𝑖𝑖𝑖𝑖𝑖𝑖 σ ( F1𝑖𝑖𝑖𝑖 )                         (22)

where Fi
1 are the activations of the first convolution-

al layer, N is the number of elements, σ is the sigmoid 
function. The early stopping mechanism can greatly re-
duce the overall frame processing time, especially when 
there is no QR code, or the frame contains a low proba-
bility of successful recognition. This enables the system 
to focus resources on frames with a greater probability 
of correct recognition. This approach allows achieving 
considerable resource savings while maintaining high 
accuracy of the system.

Optimisation techniques 
and early stopping mechanism
Early stop mechanism for processing. To improve the ef-
ficiency of the system in real time, a multilevel mechanism 
for early stopping of frame processing (Early Stopping Mech-
anism, ESM) is proposed. This mechanism allows to signif-
icantly reduce computational costs by quickly eliminating 
frames where successful QR code recognition is unlikely. 

The decision-making process on the feasibility of fur-
ther processing is based on a cascade analysis of frame 
characteristics:

1. Image Quality Score (IQS):

IQS = α . Ccontrast
 + β . Csharpness

 + γ . Cbrightness,            (23)

where Ccontrast, Csharpness, Cbrightness are the metrics of contrast, 
sharpness, and brightness, respectively; α, β, γ are the 
weighting coefficients.

2. First Layer Confidence (FLC):

 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 = 1
𝑁𝑁𝑁𝑁
∑ σ(𝐹𝐹𝐹𝐹1𝑖𝑖𝑖𝑖) ⋅ 𝑤𝑤𝑤𝑤𝑖𝑖𝑖𝑖𝑁𝑁𝑁𝑁
𝑖𝑖𝑖𝑖=1   ,                        (24)

where Fi
1 are the activations of the first convolutional layer,  

wi are the weighting coefficients of the activations, N is the 
number of elements.

3. Decision Metric (DM):

DM = IQS . FLC > θ,                             (25)

where θ is the empirically determined decision threshold.
Calculation optimisation. To ensure stable operation on 
mobile devices, a set of optimisation techniques was ap-
plied (Bhatia, 2023):

1. Quantisation of network weights to 8-bit format:

𝑊𝑊𝑊𝑊𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖8 = 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 � 𝑊𝑊𝑊𝑊𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓32−𝑊𝑊𝑊𝑊𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝑊𝑊𝑊𝑊𝑚𝑚𝑚𝑚𝑓𝑓𝑓𝑓𝑚𝑚𝑚𝑚−𝑊𝑊𝑊𝑊𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
× 255�.               (26)

2. Optimisation of convolution operations using 
SIMD instructions: 

 𝑇𝑇𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑇𝑇𝑇𝑇𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ⋅
1

𝑁𝑁𝑁𝑁𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
,                             (27)

where Nsimd is the acceleration factor due to parallel processing.
3. Caching intermediate results:

T{total}
 = T{preprocess}

 + T{network}
 + T{postprocess}

 . (1-Chit)
 + T{postprocess}, (28)

where Chit is the cache hit rate.
A considerable improvement in recognition efficien-

cy is achieved through the introduction of early stopping 
mechanisms that optimise the decoding process by stop-
ping further processing when a sufficient level of accuracy 
is reached (Tsai et al., 2023). Practical experiments suggest 
that it is possible to reduce processing time by 35-40% 
without substantial losses in recognition quality. The use 
of generative adversarial networks together with atten-
tion mechanisms greatly improves the system’s ability to 
recognise blurred QR codes even in complicated shooting 
conditions (Fig.  3), which is confirmed by the findings of 
W.C. Kurniawan (2019). 

Input frame Quality assessment (IQS) First convolutional layer Full processing 

Discarded frames

IQS < Ø 
FLS < Ø 

Figure 3. Data processing with an early stop mechanism
Source: developed by the authors of this study
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The introduction of convolutional neural networks 
in the determination of the boundary angles of a QR code 
substantially improved the recognition accuracy at varying 
angles of inclination relative to the camera (Kurniawan et 
al., 2019). The integration of artificial intelligence technol-
ogies helped to achieve recognition accuracy rates exceed-
ing 98% even in poor lighting conditions and the presence 
of noise in the image (Huo et al., 2021). A comprehensive 
image preprocessing method, including adaptive noise fil-
tering and contrast correction, demonstrates an increase in 
overall recognition accuracy by 12-15%. The latest develop-
ments in the field of executable eQR codes for the Internet 
of Things expand the possibilities of practical application of 
this technology (Scanzio et al., 2024). A particularly signifi-
cant aspect is to ensure reliable recognition in the presence 
of interference. Smart identification systems for noisy QR 
codes that combine classical image processing methods with 
modern machine learning algorithms demonstrate high re-
sistance to various types of distortion (Wang et al., 2023).

The integration of blockchain technologies with QR 
code systems creates new opportunities for supply chain 
management, ensuring full transparency and traceability 
of products. Developed systems for decoding multiple QR 
codes enable the simultaneous processing of several codes 
in real time. Modern web -based management systems that 
combine QR code recognition technologies with biometric 
data demonstrate high efficiency in practical applications 
(Skudarnov,  2022). Improvements in machine learning 
methods allow achieving consistently high recognition ac-
curacy even in poor operating conditions.

The development of methods for identifying the 
source of QR code printing is vital for security and authen-
tication tasks. The introduction of lensless image autofo-
cusing methods with a Fresnel aperture greatly improves 
recognition quality in poor optical conditions. Innovative 
blockchain-based recycling platforms using image pro-
cessing technologies and QR codes are proving to be highly 
effective in tracking and managing material recycling pro-
cesses (Liu et al., 2023). The global spread of QR codes as 
an infrastructure element requires considering social and 
cultural factors when developing recognition systems. The 
introduction of lensless image autofocusing methods with 
a Fresnel zone aperture greatly improves the quality of rec-
ognition in poor optical conditions.

Ukrainian developments in the field of QR code rec-
ognition include effective solutions for mobile devices and 

specific image processing methods. The standardisation 
of recognition processes and the introduction of con-
volutional neural networks ensure high efficiency when 
working with various code formats. Complex recogni-
tion systems based on artificial intelligence algorithms 
demonstrate high adaptability to various shooting condi-
tions and external factors (Wardak et al., 2023). This en-
ables stable operation of QR code recognition systems in 
real-world environments.

A prominent optimisation factor is also the energy ef-
ficiency of the recognition process, especially for mobile 
devices. The developed algorithms can greatly reduce pow-
er consumption while maintaining high recognition accu-
racy. The integration of QR code recognition technologies 
with biometric systems demonstrates high efficiency in 
authentication and access control tasks (Siew et al., 2023). 
Optimisation of the use of computing resources is achieved 
through the implementation of specialised pre-processing 
and filtering algorithms.

Modern machine learning methods enable effective 
recognition of QR codes even with considerable geometric 
distortions and changes in lighting (Minocha et al., 2024). 
This is achieved through adaptive correction algorithms 
and a multi-stage image processing system. The develop-
ment of QR code recognition technologies continues to 
move towards increasing the reliability and performance 
of systems. The introduction of new image processing and 
optimisation methods allows achieving increasingly better 
results in real-world applications.
 Experimental results
The current experimental studies were conducted on a da-
taset containing 10,000 QR code images captured under a 
variety of capturing conditions. Key performance metrics:

1. Recognition Accuracy (RA):

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹𝑇𝑇𝑇𝑇

× 100%,                    (29)

where TP, TN, FP, FN are the true positive, true negative, 
false positive, and false negative results, respectively.

2. Average Frame Processing Time (AFPT):

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 1
К
∑ (Т𝑝𝑝𝑝𝑝 p𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ⋅ (1 − ЕС М𝑖𝑖𝑖𝑖))𝐾𝐾𝐾𝐾
𝑖𝑖𝑖𝑖=1 ,              (30)

where K is the number of frames, ECMi is the indicator of 
the early stop mechanism operation.

The results of the experiments are presented in Table 1.

Metrics Basic model Optimised model

Recognition accuracy 89.5% 92.3%

Frame processing time 45 ms 28 ms

Memory usage 124 MB 86 MB

Power consumption 100% 72%

Table 1. Comparison of the characteristics of the basic and optimised QR code recognition models

Source: developed by the authors of this study
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The application of the proposed optimisation tech-
niques allowed achieving the following improvements:

 reduction of processing time by 37.8%;
 reduction of memory usage by 30.6%;
 increase in recognition accuracy by 2.8%;
 reduction of power consumption by 28%.
The proposed architecture and optimisation tech-

niques demonstrate high efficiency in real-time QR code 
recognition on mobile devices. The mechanism of early 
stopping of processing can substantially reduce computa-
tional costs without greatly affecting the recognition accu-
racy. Experimental findings confirmed that the set goals in 
terms of performance (>30 fps) and accuracy (>90%) were 
achieved when running on standard mobile processors.
Analysis of the structure of image preprocessing
The module for pre-processing incoming images is an es-
sential system component. A multi-stage data preparation 
process was developed:

1. Brightness and contrast normalisation:

𝐼𝐼𝐼𝐼𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 =  𝛼𝛼𝛼𝛼 × (𝐼𝐼𝐼𝐼 – 𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚)

�𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚−𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚�
+  𝛽𝛽𝛽𝛽,                      (31)

where α and β are normalisation parameters that adaptive-
ly adjust to the lighting conditions.

2. Noise filtering using an adaptive filter:

Ifiltered(x,y)
 = median(I(x - k: x + k, y - k: y + k)),         (32)

where k is the size of the filter window, which is determined 
by the noise level.

A vital component of the system is the input image 
pre-processing module, which includes a multi-stage data 
preparation process that ensures a correct image for further 
analysis. The first stage is brightness and contrast normal-
isation, which is adaptively adjusted to the lighting con-
ditions to improve image quality. The second step is noise 
filtering using an adaptive filter, which effectively removes 
unnecessary noise and improves the analysis accuracy.
Enhancement of the convolutional layer architecture
While working on improving the architecture of the con-
volutional layers, a series of significant modifications were 
implemented to optimise the QR code recognition process. 
The key areas of improvement were introduction of residual 
connections to improve gradient traversal, implementation 
of squeeze-and-excitation blocks for adaptive feature re-
weighting, and optimisation of the convolutional layer struc-
ture to reduce computational complexity. These improve-
ments greatly increased the efficiency of the network while 
maintaining high recognition accuracy on mobile devices.

The following modification of the basic architecture of 
convolutional layers was proposed to improve efficiency:

1. Residual Connections:

Fout
 = F(x) + Wskip

 × x,                          (33)

where F(x) is the result of the convolution operation, Wskip is 
the weighting matrix for the skip connection.

2. Implementation of squeeze-and-excitation blocks:

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝐹𝐹𝐹𝐹) = 𝜎𝜎𝜎𝜎 �𝑊𝑊𝑊𝑊2 × 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�𝑊𝑊𝑊𝑊1 × 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝐹𝐹𝐹𝐹)�� × 𝐹𝐹𝐹𝐹,    (34)

Where W1, W2 are the weighting coefficients matrices, σ is 
the sigmoid function.
Decoding process optimisation
An efficient algorithm for decoding recognised QR codes 
was developed:

1. Correction of perspective distortions:
H = estimate_homography(src_points, dst_points)
I_corrected = warp_perspective(I, H)
2. Adaptive binarisation:

T(x, y) = μ(x, y) + k × σ(x, y),                     (35)

Ibin(x, y)
 = I(x, y) > T(x, y)? 1:0,                    (36)

where μ(x, y) and σ(x, y) are the local mean and standard 
deviation, k is the sensitivity coefficient.
Mechanisms of recognition reliability improvement
Additional mechanisms were introduced to ensure reliabil-
ity:

1. Multi-level validation of results:

Confidence = w1 × Cstructure
 + w2 × Ccontent

 + w3 × Cerror,      (37)

where Cstructure, Ccontent, Cerror are the metrics of structure, con-
tent, and error correction reliability, respectively.

2. Adaptive adjustment of detection thresholds:

Tadaptive
 = Tbase × (1 + γ × Quality Factor),           (38)

where Quality Factor considers the shooting conditions and 
image quality.

The study developed and optimised a convolutional 
neural network architecture for real-time QR code recogni-
tion on mobile devices, which provided a balance between 
processing speed and recognition accuracy. The proposed 
model achieved a recognition accuracy of over 92%, which 
is a considerable improvement over the conventional com-
puter vision methods. Thanks to the use of the Early Stop-
ping Mechanism (ESM), the video frame processing time 
was reduced to 28 ms, which allows working on mobile pro-
cessors at a speed exceeding 30 frames per second.

Compared to O.  Radzievska  (2020) and A.Y.  Rub-
lov (2023), where classical image processing methods were 
used, the proposed model shows considerably greater ad-
aptability in poor photographic conditions, such as low 
light or non-standard QR code angles. This is made achiev-
able through depthwise separable convolutions, which re-
duce the computational complexity of processing and re-
duce the memory footprint.

To ensure high recognition accuracy in poor lighting 
conditions, an adaptive method of filtering and image 
pre-processing was used, which substantially improved 
the quality of the input data. T.-H.  Chou  et al.  (2015)  
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demonstrated an analogous approach, where convolution-
al layers were also used to extract key features of QR codes. 
However, unlike their model, the present study implement-
ed methods of weight quantisation, which allows reducing 
the memory size by up to 30% without losing recognition 
accuracy. H. Dong et al. (2024) proposed the use of gener-
ative adversarial networks (GANs) with attention mecha-
nisms for recognising blurred QR codes, which enabled a 
major improvement in working with low-quality images. 
Their approach demonstrated great efficiency in process-
ing blurred and noisy images, increasing recognition accu-
racy by 15-20% compared to the baseline models. However, 
the use of GANs requires extensive computing resources, 
which complicates the implementation on mobile devices. 
The experimental results of the current study demonstrate 
that the proposed architecture with ESM provides stability 
and accuracy comparable to methods using GANs but re-
quires fewer computational resources.

Experimental results indicate the practical significance 
of the developed system, which is confirmed by high ac-
curacy (>92%) and a considerable reduction in power con-
sumption (by 28%) while reducing memory usage. S. Bhatia 
& S.A. Albarrak (2023) also described analogous approach-
es to optimising neural network architectures, which in-
volved neural networks for recognition tasks in complex 
environments. The researchers presented an XAI-faster 
RCNN architecture for supply chain management systems 
that achieves 95% recognition accuracy under controlled 
conditions. However, their model, using a full-size RCNN 
architecture, also requires substantial computing power. 
The optimised model developed in the current study, albeit 
showing slightly lower accuracy (92%), achieves consider-
ably better performance in terms of energy consumption 
(28%  lower) and memory usage (30%  reduction). Thanks 
to the implementation of the Early Stopping Mechanism 
(ESM) and optimised architecture, this system strikes a 
reasonable balance between recognition accuracy and re-
source efficiency, making it particularly suitable for prac-
tical applications on mobile devices. The proposed system 
can be successfully integrated into mobile applications and 
industrial quality control systems, ensuring real-time ac-
curacy and stability.

Conclusions
The study discussed neural network architectures employed 
for real-time QR code recognition. A detailed analysis of ex-
isting approaches helped to investigate the effectiveness of 
various neural network models and determine which ones 

are most suitable for integration into QR code recognition 
systems. The study analysed convolutional neural net-
works (CNNs) and their variations, namely light convolu-
tional networks with depthwise separable CNNs, networks 
with residual connections, networks with attention-based 
CNNs, and networks with squeeze-and-excitation blocks. 
Methods of image preprocessing to improve the accuracy 
of QR code recognition were also considered. The effective-
ness of various models was compared, pecifically, in terms 
of processing speed and recognition accuracy, which helped 
to determine the optimum parameters for achieving the 
best outcomes. The findings obtained showed that convo-
lutional neural networks are the most effective for solving 
this task, providing high accuracy at a considerable process-
ing speed. The developed architecture achieved a recogni-
tion accuracy of 92.3% at a processing speed of 28 ms per 
frame, which allows processing over 30 frames per second 
on standard mobile processors. The implementation of the 
Early Stopping Mechanism (ESM) and optimisation of con-
volutional layers reduced memory usage by 30.6% and pow-
er consumption by 28% compared to the baseline model. 
Particularly effective was the use of separate convolutions, 
which reduced the number of model parameters by 8 times 
while maintaining high recognition accuracy. The system 
successfully operates under different lighting conditions 
(50-1,000 lux) and QR code tilt angles of up to 45 degrees.

Summarising the findings of this study, the use of neu-
ral networks for QR code recognition is a promising area 
in the development of computer vision technologies. It 
was found that the balance between speed and accuracy 
is significant for real-time, as well as the need to optimise 
models to reduce the requirements for computing resourc-
es. These findings may be useful for further research and 
development in the field of automating image recognition 
processes in mobile applications and security systems.

Promising areas for further research include improving 
image preprocessing algorithms, which will improve the 
quality of recognition in low light or deformed QR codes. It 
is also worth focusing on creating more efficient models for 
real-time, which will require further research in optimising 
neural network architectures and adapting them to limited 
computing resources.
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Анотація. У статті досліджуються сучасні архітектури нейронних мереж для ефективного розпізнавання  
QR-кодів у реальному часі, що є критично важливим для розвитку мобільних застосунків та промислових систем 
контролю. Проаналізовано особливості застосування легких згорткових нейронних мереж, оптимізованих для 
роботи на мобільних пристроях з обмеженими обчислювальними ресурсами. Запропоновано модифіковану 
архітектуру, що забезпечує баланс між швидкодією та точністю при обробці відеопотоку, досягаючи частоти 
розпізнавання 30 кадрів на секунду на стандартних мобільних процесорах. Розроблено багатоетапний 
механізм прийняття рішень на основі ESM (Early Stopping Mechanism), який оптимізує процес обробки 
зображень. Впроваджено адаптивний метод фільтрації з використанням медіанного фільтру та морфологічної 
реконструкції, що суттєво підвищує якість вхідних даних. Запропонована архітектура містить спеціалізований 
модуль попередньої обробки та систему residual-and-excitation блоків для підвищення ефективності 
розпізнавання. Експериментальні дослідження демонструють підвищення ефективності роботи системи 
в реальному часі на 12–15  % порівняно з базовими моделями при обробці відеопотоку. Система успішно 
розпізнає QR-коди при складному освітленні та нестандартних кутах нахилу з точністю понад 92 %. Досягнуто 
зменшення обчислювальної складності на 27 % при збереженні високої точності розпізнавання. Розроблений 
метод ефективно обробляє зображення з геометричними спотвореннями навіть в умовах обмежених ресурсів. 
Дослідження розвиває теоретичні засади оптимізації згорткових нейронних мереж для задач комп’ютерного 
зору, пропонуючи нові підходи до балансування ефективності та точності розпізнавання. Практична значущість 
роботи підтверджується можливістю безпосередньої інтеграції розробленої системи в мобільні додатки та 
промислові системи контролю якості, а запропоновані методи оптимізації можуть бути адаптовані для широкого 
спектру задач комп’ютерного зору на мобільних платформах

Ключові слова: згорткові нейронні мережі; мобільні пристрої; обробка відеопотоку; Early Stopping Mechanism; 
residual-and-excitation блоки; комп’ютерний зір
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