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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

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
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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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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 OR
code images in demanding optical conditions. N. Dong et
al. (2024) presented a revolutionary approach to blurred
OR 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 Al-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 OR 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
OR 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

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 7,000 images for training;

7 1,500 images for validation;

7 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:

(1- Imin)

= OCxk
(Imax - ’min)

Lyorm + B 1)
where o and f are normalisation parameters that are adap-
tively adjusted depending on the lighting conditions, I is
the input image, while I . and I are the minimum and
maximum pixel intensity.

2. Filtering noise using an adaptive median filter:
(x, y)=median( I(x-k:x+k,y - k:y+k)), (2)

Iﬁ[tered
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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 (Convl) with 32 filters of
size 3x3, described by the following formula:

Fy=0(3 o33, S I+ m, j+n, ¢)- W(m, n, ¢, k) +b,(K),(3)

where ¢ is the ReLU activation function, W; is the weight-
ing matrix, b; is the offset parameters.

2. Maximum subsample layer (Pooll) with a 2x2
window:

p max

13,4,k = Oﬁm,nle(l(2i+m,2j+n,k)’ (4)

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

Fyopo=0(m=32_ 52 P(i+m,j+n,k)- W, (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):

Wines = round (oLeaszWmin 555y 6)

Wimax=Wmin

where W, is the quantised 8-bit value; W, ., is the
original 32-bit floating point value; W . and W __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=IQSFLC > 6, (7

where IQS is the image quality assessment, FLC is the first
layer trust metric, 6 is the empirical threshold (6 =0.75).
Performance assessment
The system’s effectiveness was assessed by the following
metrics:
1. Recognition accuracy:
TP+ TN

RA = — 22T % 100%. 8)

TP+ TN+ FP +FN

2. Average frame processing time:
1. i i
AFPT = ;l = {(:1 (T;n"ocess (1= ESMY)). )

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:

Lnocay = 5o S5 ot i,y +)-KG, ), (10)

where I, ..., 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 3x3 window (with values in the range fi=-1toi=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, ) =3 S I+ m, j+m)- Wim,m), (1)
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)(, 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)(, 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:

F i), =30 i Ii+m, j+n, k) Wim,n, k). (12)
2. Pointwise convolution:
F (i, ), D=2 FG, j, k) - W (k, D), (13)

where k is the input channel index, [ is the output channel
index, W, and W, 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 3x3 kernels, a subsample layer (Pool1)
with a 2x2 window, and a full-coupled layer (FC Layer).

Input Conv1 Pool1 Conv2
Image 3x3,32 22 3x3, 64 FC Layer

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 (Conv1l) uses 32 3x3 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 2x2
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:

F\(i,), k) =0(X], _ Zi o 2o+ m, jn, gW+b, (k), (14)

where is the activation value of the k” 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, Y is the repression.
After the first convolutional layer, the maximum sub-

sampling operation (Pool1) is applied with a 2x2 window:
P(i, j, k)=max

2i+m, 2j+n, k). (15)

0§m,n£1F1

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):

Fz(i']" k) =
= 0 (Sheo Bheo(Pi(E + o + 1 O Woa(mm, K)) ), (16)

31
Pap(i1,D = 0 (Sheo (PG IOWy (K, D) F + b2 )(AT)

where W,, ma W, 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.

Input HxWxC Pointwise
HxWxC Depthwise HxWxC

3x3 depth

1x1 point

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 =K XK xC

{standard} {in

<€

{out}?

(18)

where K,, K are the dimensions of the convolution kernel,

Ciinp Cpouy @re the number of input and output channels.

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

P - (K, <K, > C{in}) + (C{in)xC

{separable {out)) °

(19)

For typical parameter values (K, =K =3, C,, =32,
Cpuy = 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)zT{preprocess) T(network}+ {postprocess}’ (20)
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where T

{preprocess}
the time of passing through the neural network, T stprocessy 1S
the time of post-processing of results.

To optimise T,,,,,,,» quantisation of network weights

to 8 -bit integer format is used. The quantisation operation
is described by the following formula:

is the image pre-processing time, T, .. is

W{(ints)} = round X

X (\/((WfloatSZ - W{(min)})(W(max) - Wmin)) X 255)’ (21)

where W, ., are the weighting coefficients in float32 for-
mat, W ., W, 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:

(22)

Crrame = %Z{\Ll o (F1)
where F! are the activations of the first convolution-
al layer, N is the number of elements, c 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:

IQS< @

1. Image Quality Score (IQS):

IQS=a-C

+ . + .
contrast ﬂ Csharpness 14 Chrightness’

(23)
where C_ o Cioness Corignmess a7€ the metrics of contrast,
sharpness, and brightness, respectively; a, f, y are the
weighting coefficients.
2. First Layer Confidence (FLC):
1 )

FLC =4 XL 0(F) - w;, (24)
where F! are the activations of the first convolutional layer,
w;, are the weighting coefficients of the activations, N is the
number of elements.

3. Decision Metric (DM):

DM =1QS-FLC > 0, (25)
where 0 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:

w Wi
Wines = round (M X 255).

max~Wmin

(26)

2. Optimisation of convolution operations using
SIMD instructions:

1
Teonv = Thase "N
simd

(27)
where N, .is the acceleration factor due to parallel processing.
3. Caching intermediate results:

=T +T,  +T, -(1-C

{preprocess} {network} {postprocess hit) + T( P (28)

{total} postprocess

where C,, 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).

E)uality assessment (IQS)]—»[First convolutional Iayer]—> Full processing

FLS<@

Discarded frames

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):

_ TP +TN
" TP+TN+FP+FN

RA % 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):

AFPT = 3K (T, proces - (1 — EC M), (30)
where K is the number of frames, ECM is the indicator of
the early stop mechanism operation.

Theresults of the experiments are presentedin Table 1.

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

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%

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:
7 reduction of processing time by 37.8%;
7 reduction of memory usage by 30.6%;
7 increase in recognition accuracy by 2.8%;
7 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:

a X (I‘Imin) + ,B,

(Imax_lmin)
where o and f are normalisation parameters that adaptive-
ly adjust to the lighting conditions.

2. Noise filtering using an adaptive filter:

(1)

Lyorm =

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

filtered(x,y)

(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 ofthe convolutionallayer 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:

F =Fx)+ W, *x, (33)
where F(x) is the result of the convolution operation, W, is
the weighting matrix for the skip connection.

2. Implementation of squeeze-and-excitation blocks:
SE(F) =0 (W2 X ReLU(W; x GlobalPool(F))) X F, (34)

Where W, W, are the weighting coefficients matrices, o 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(l, H)
2. Adaptive binarisation:

T(x, y) = ux, y) +kxa(x, y), (35)

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

Ibin(x, y)
where u(x, y) and o(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=w1xC_ . +w2xC__ +W3xC

tructure content error?

(37)
where Coructure, Coontent, Corror 31€ the metrics of structure, con-
tent, and error correction reliability, respectively.

2. Adaptive adjustment of detection thresholds:

T =Tbase x (1 +y = Quality Factor),

adaptive

(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 OR 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 XAl-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
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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 OR 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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Ans po3nisHaBaHHSA QR-kopfiB y peanbHOMy yaci
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AHoTauig. V crarTi DOCTiIKYIOThCS CydyacHi apXiTeKTypu HEHpPOHHUX Mepex i e(GeKTMBHOIrO pO3Ii3HABaHHS
QR-KopziB y peaqbHOMY Uaci, [0 € KPUTUUHO BASKIMBUM [IJIs PO3BUTKY MOOIIbHMX 3aCTOCYHKIB Ta IPOMMUCIOBUX CUCTEM
KOHTpOJI0. IIpoaHanizoBaHo 0COOIMBOCTI 3aCTOCYBAHHSI JIETKMX 3TOPTKOBUX HEMPOHHMUX Mepexk, ONTUMi30BaHUX [IJIs
po6OTH Ha MOOITBHUX MPUCTPOSIX 3 OOMEKEHUMM OOGUMCIIOBAIbHUMU pecypcaMy. 3amporoHOBaHO MonaudikoBaHy
apxiTekTypy, 10 3abe3mneuye 6ajaHC MiX IIBUIKOMAIEI0 Ta TOUHICTIO TIpM 0OPOGIIi BiZeOIOTOKY, JOCITalouy 4acTOTHU
posmisHaBaHHS 30 KaZpiB Ha CeKYHOy Ha CTaHAAPTHUX MOOIIbHUX mMporecopaxX. Po3pobieHo 6GaraToeTamHuit
MeXaHi3M NpuiHSITTS pimeHb Ha ocHoBi ESM (Early Stopping Mechanism), sikuii onTumisye mpoiec 06po6Ku
306pakeHb. BripoBaiskeHo afanTMBHUIT MeToz, GiabTpallii 3 BUKOPUCTAHHIM MeJiaHHOTO (inbTpy Ta MOpdonoriyHoi
PEKOHCTPYKIIii, II0 CYTTEBO MiABUIILYE SIKICTh BXiMHUX TaHUX. 3alIpOIIOHOBAaHA apXiTeKTypa MiCTUTh CIielliani3oBaHMit
MOIy/JIb TIONepenHboi 00poOKM Ta cucremy residual-and-excitation 670kiB [as1 migBUIeHHS e(heKTUBHOCTI
posmi3HaBaHHs. EKcliepMMeHTaabHI TOCTIIKeHHS HeMOHCTPYIOTh NifgBMUIEeHHS e(eKTMBHOCTI pOOOTM CuUCTeMU
B peajibHOMY 4Yaci Ha 12-15 % mopiBHSIHO 3 6a30BUMMM MoOAeNsIMU Ipu 06pobii BimeomoToky. Cucrema yCHilIHO
posnizHae QR-koay py CKJIaJHOMY OCBIiT/IEHHI Ta HECTAHAAPTHMUX KyTax HaXWIy 3 TOYHICTIO MOHAZ, 92 %. JJoCSIrHYTO
3MEeHILIeHHSI 06UMUIIOBAIBHOI CKIALHOCTI Ha 27 % mpu 36epeskeHHI BMCOKOI TOUHOCTI po3mizHaBaHHs. Po3pobineHnii
MeTo[, epeKTMBHO 06PO6sie 306pakeHHST 3 TeOMETPUYHMMM CIIOTBOPEHHSIMM HaBiTh B YMOBaX 0OMeskeHUX PecypcCiB.
HocmimkeHHs PO3BUBAE TEOPETMUYHI 3aCaAy ONTUMI3allii 3TOPTKOBUX HEMPOHHMUX Mepex ISl 3a5a4 KOMIT I0TePHOTO
30Dy, IPOIMOHYI0YM HOBI Mifgxoau N0 6alaHCyBaHHS e(heKTMBHOCTI Ta TOUHOCTI po3mi3HaBaHHs. [[pakTHMYHA 3HAYYIIICTD
po6OTH TiATBEPAKYETHCS MOKIMBICTIO Ge3rocepenHboi iHTerpaiii po3pob6ieHoi cucrtemMy B MOOIIbHI JOmaTKM Ta
MMPOMMCJIOBi CCTEMM KOHTPOJTIO TKOCTi, a 3aIIpOTIOHOBaHI METOIM OIITUMMi3allii MOXKYTb OyTM aianiToBaHi AJIsl IMPOKOTO
CIeKTPY 33124 KOMIT IOTEPHOTO 30py Ha MOGiMbHUX MIaTdhopmax

KntouoBi cnoBa: sropTkoBi HeitpoHHI Mepeski; MoGibHI pucTpoi; 06po6Ka Bimeonoroky; Early Stopping Mechanism;
residual-and-excitation 6;10k1; KOMIT I0T€pHMIL 3ip
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