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Abstract 

Barcode scanning greatly benefited from deep learning research, as well as the image processing 
stages included in its workflow. These stages commonly handle pre-processing tasks like localizing 
barcode symbols in the input image, identifying their type, and normalizing the found regions. They 
are especially important when there is no a priori knowledge of input image capturing conditions. 
Thus, a case of multiple barcode recognition within a unique image drastically differs from a single 
barcode processing in video stream via smartphone. We assess how accuracy of these stages affects 
the accuracy of the whole barcode scanning as its best and propose a lightweight neural network-
based pipeline implementing tasks listed above. To perform this assessment and evaluate the 
performance of the proposed pipeline elements, we conduct a series of experiments using the set of 
popular open source scanners, including OpenCV , WeChat , ZBar , ZXing and ZXing-cpp over the 
SE-barcode and Dubska datasets. These experiments reveal how the proposed pipeline can be 
configured for optimum speed and accuracy performance depending on the objective and the chosen 
scanner. 
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Introduction 

Barcodes are graphically encoded messages specially designed for machine reading. Nowadays, barcode scanning is 
widely used to reduce manual data entry errors and improve its speed. They are ubiquitous in retail [1, 2], healthcare [3, 
4], and payment technologies [5, 6]. In many cases, people have to scan a barcode via mobile cameras in poorly controlled 
environments [7 – 9]. It presents extra challenges for barcode scanners (or readers), including faulty camera positioning, 
insufficient or uneven lighting, capturing multiple items at once, or the lack of information about the barcode type (or 
symbology) being processed. The barcode scanning software is getting more and more complicated in order to overcome 
these issues. 

Currently, there are plenty of such software solutions, including proprietary and open source ones. These solutions 
clearly divide their processing into several stages (see Fig. 1). First, these scanners locate barcode items or symbols within 
the input image; then, they determine their symbologies and segment the symbol images into separate logical primitives 
or modules. After segmentation, the system populates and processes scan lines (for linear barcodes like UPC and EAN) 
and matrices (for 2D codes like QR and Aztec codes) using the procedure standardized in corresponding symbology 
specifications. This process includes metainformation modules interpretation, raw message bytes extraction, errors 
detection and correction, and original message recovering. 

Well-established segmentation and decoding routines in the later stages change infrequently, unlike the first stages, 
which heavily involve image processing tasks. The latest success in artificial neural network training (ANNT), especially 
deep learning (DL), stimulated research in the barcode area. Tasks of symbology identification, barcode normalization, 
and primarily barcode localization became an object of keen interest [10 – 12]. Unfortunately, the vast majority of the 
proposed NNT models are too large to operate on the mobile devices. Thus, the problem of specialized lightweight model 
creation is particularly relevant. 

 
Fig. 1. Common barcode reading pipeline 

In this paper, we explore how accuracy of solutions for image processing tasks from the first stages affects the end-
to-end barcode scanning accuracy as its best. We also present a lightweight ANNT-based pipeline which covers tasks 
from these first stages. It preprocesses the input image for further segmentation and decoding by a barcode scanner. We 
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analyze this pipeline integration with the predefined set of popular barcode scanners and assess the overall performance 
of such integrations over the relevant barcode datasets. 

The remainder of this paper is organized as follows. Section 1 summarizes previous studies dedicated to the problems 
from barcode recognition pipeline and overviews existing barcode datasets and some popular barcode scanners surveyed 
lately in this work. Section 2 presents the methodology used in this paper. Sections 3, 4, 5 describe the details of proposed 
lightweight detector, typization and normalization modules respectively. Section 6 demonstrates how some barcode 
scanners operate over the described datasets. Finally, last section draws the conclusions of this paper. 

1. Related work  
1.1. Barcode image preprocessingtasks 

The first task in the general barcode scanning pipeline is to identify the regions of interest (ROI) within the image that 
contain barcode symbols and therefore reduce the image area for further analysis. 

Numerous studies have already examined this task. Conventional image processing techniques, such as image gradient 
analysis, are the foundation of the initial group of methods [13, 14]. The next group is based on pre-trained feature 
detection. For instance, it includes an adaptation of the Viola-Jones approach [15, 16], originally designed for the face 
detection problem. Nowadays, the most representative is the group containing the DL-based models [17 – 19]. "You Only 
Look Once" (or YOLO) based models are the most commonly used ones because of their high detection accuracy and 
ability to handle objects of different shapes and areas in real-time. 

Creating lightweight models for barcode detection is a popular area of research, as shown in recent papers [20, 21]. 
However, the definition of a “lightweight” model varies significantly: the model presented in [20] has 2.86 M trainable 
parameters, while the one in [21] only has 140K. 

The vast majority of barcode scanners use an approach where they sequentially run the set of specialized internal 
scanners in the found region. Every internal scanner handles a single family of barcode symbologies. Without a priori 
knowledge about barcode type within the ROI, the scanner has to try to recognize every supported symbology. This 
suggests that preliminary identification of barcode type allows us to run only one or a small subset of internal scanners, 
significantly speeding up overall processing time. 

Unlike the barcode detection problem, the symbology typization problem as a separate task is poorly addressed in the 
literature. Zharkov et al. mentioned this problem in their popular study [19], but gave too few details about it. The authors 
claim to have proposed a model capable of confidently determine the 21 types of one-dimensional and two-dimensional 
barcodes. The authors do not address the topic of the complexity of classifying visually similar one-dimensional barcodes. 

The next stage of barcode image processing frequently involves some image normalization techniques. 
According to this study, image normalization is defined as an image transformation process in such a way as if it 
was originally obtained under normal conditions. These techniques are broadly categorized into color and geometric 
ones [22]. 

Color normalization involves adjusting the color intensity of each image pixel to a specific range. In case of barcodes, 
it is often reduced to the binarization procedure. Although barcodes are typically designed to have high contrasted 
structure and well-distinct elements, the task of their binarization is surprisingly challenging when capturing conditions 
are not well-controlled. Because general purpose binarization methods fail in such scenarios, numerous specialized 
methods, including symbology-oriented ones have already been proposed [23, 24]. While error correction codes can 
tolerate some incorrectly binarized pixels, it is not always sufficient and the task remains crucial. 

Geometric normalization involves correcting perspective distortions, rotating the barcode, and adjusting the size of 
the barcode modules. The first two problems are well-studied, comparing to the last one. This scaling aims to bring the 
module size within a defined range, speeding up image processing and enhancing decoding accuracy by optimizing the 
module size for each barcode scanner. The variability in barcode module size poses a significant challenge to scanner 
performance in practical scenarios. Consequently, processing barcode images with huge module sizes can substantially 
slow down the recognition process and potentially exhaust device memory. 

To address these issues, employing the ROI image normalization module is advisable. This module standardizes the 
barcode area for optimal engine processing without compromising crucial data. Although color normalization approaches 
are widespread [25], the literature lacks sufficient attention to the problem of geometric barcode normalization. 

1.2. Barcode datasets selection 

Today, there are several datasets for barcode reading evaluation. They vary greatly in presented symbologies, 
capturing conditions, domain application, nature of images, and ground truth granularity. In paper [12], the authors present 
a detailed exploration of existing barcode datasets. 

Not every barcode dataset suits for our needs. So we use "Muenster" [26], "Artelab" [27, 28], "ZVZ" [29] as training 
data for our detection and typization models. They contain images with one or many barcodes of different symbologies 
captured in varying environmental conditions. We don't use popular datasets "InventBar" (Fig. 2a.) and "ParcelBar" 
because they lack variety in presented symbologies and capturing conditions are very similar, and their ground truth 
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contains only barcode bounding box and message value. We don't use "Synthetic Barcode Datasets" because images in it 
are not real, but synthetically generated, they look unnatural (Fig. 2b.). 

For the testing, we use two datasets. The first one is ℬ , which was published by Dubska et al. and presented in paper 
[30]. It contains realistic images of high-resolution QR codes photographed under different environmental conditions. For 
such large images, a preliminary detection module is especially important. This dataset’s ground truth only provides the 
coordinates of each barcode’s center and its distance to the most distant vertex; the coordinates of all vertices are not 
specified. 

The "SE-barcode" dataset ℛ , presented in paper [21] by Ershova et al., is the second one. It contains a set of barcode 
images captured via a mobile device camera, which are further replaced with synthetic images in semi-realistic manner. 
Every image includes at least one barcode and the pixel dimensions of barcode modules exhibit significant variability, 
thereby facilitating extensive research. The ground truth provides comprehensive information about every presented 
barcode, including vertex coordinates, symbology type, and the original encoded message. 

a)  b)  
Fig. 2. Example of barcode images from Synthetic Barcode Datasets (a) and InventBar (b) datasets 

Today, there is a large number of barcode generators that are publicly available. Unfortunately, they cannot be directly 
used in the context of our problem for several reasons: a) most generators are designed with an emphasis on creating only 
one-dimensional or two-dimensional barcodes; b) almost all public generators produce a black and white image, whereas 
our task requires grayscale images, or even colorized versions; c) the output images represent just isolated symbols, 
lacking any background or context. 

Thus, "out-of-the-box" image generators are not applicable for benchmarking barcode scanners, although they are 
helpful for producing initial valid barcode images to be modified and integrated into backgrounds and contexts [31]. 

1.3. Barcode scanners selection 

Today, there are is a multitude of different barcode scanners. Unfortunately, not every scanner is suitable for our 
needs. We evaluate only those scanners which are able to handle at least one 1D and one 2D barcode symbologies 
simultaneously. In this work, we assess only open-source solutions. 

ZXing (ver 3.5.3, "Zebra Crossing") is an open-source barcode scanning library written in Java. It supports the most 
popular set of 1D and 2D symbologies and is capable to deal with multiple codes within the image. It was supported by 
Google inc., however now its development is currently suspended. It is widely used in barcode benchmarking and it is 
still a default choice in many scenarios. 

ZXing-cpp (ver 2.3.0) is a further mainly community-driven development of the ZXing library, oriented on runtime 
and detection performance improvements. It supports all the symbologies from ZXing and some extra ones. It is 
implemented in C + + and quickly increases its popularity. For our experiments we use an official Python-wrapper. 

OpenCV (ver 4.11.0) is a well-established open source computer vision library. This library includes barcode scanning 
and is focused on recognizing one-dimensional barcodes and QR codes as the most popular 2D code. It is written in C + + 
and has wrappers for many other programming languages. For our experiments we use an official Python-wrapper. 

ZBar (ver 0.23.93) is another popular open-source library. ZBar is written mostly in C and supports QR codes and 1D 
barcodes and is commonly used as a baseline in barcode benchmarking. 

WeChat (ver 4.11.0) is a very popular communication program in China, reaching over 1 billion users. This program 
uses the QR code recognition module, which is shipped with the OpenCV library as one of its extra packages from 
OpenCV-Contrib. The version of WeChat is the same as OpenCV . 

The tab. 1 shows the list of supported barcode symbologies per each barcode scanner listed above. Thus, the full list 
of used scanners is the following 𝕊 = {ZXing, ZXing − cpp, OpenCV, ZBar, WeChat}. 

2. Methodology 

This section outlines the methodological approach employed in this study. We propose to add three modules of 
sequential image preprocessing (see Fig. 1): detection – 𝒟 , typization – 𝒯 , normalization – 𝒩. 
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Tab. 1. Which symbologies are supported by barcode scanners (UPC/EAN includes UPC-A, UPC-E, EAN-8, and EAN-13). 

Symbology ZBar ZXing ZXing-cpp OpenCV WeChat 
QR code ✓ ✓ ✓ ✓ ✓ 

Aztec × ✓ ✓ × × 
Data Matrix × ✓ ✓ × × 

PDF417 ✓ ✓ ✓ × × 
ITF ✓ ✓ ✓ × × 

UPC/EAN ✓ ✓ ✓ ✓ ✓ 
Code39/Code128 ✓ ✓ ✓ × × 

In experiment ℰଵ, taken as a baseline, we measure the default decoding accuracy of barcode scanners 𝑠 ∈ 𝕊 on 
original images from datasets ℬ  and ℛ  . In experimentsℰ ଶ ି ସ , we gradually incorporate modules emulating the 
functionality of ideal 𝒟ீ் , 𝒯 ் and 𝒩 ் modules, using ground truth responses as a benchmark. This evaluates the best 
possible accuracy with such a pipeline. In experiments ℰ ହି଻, we gradually add the implementations of the proposed 𝒟 , 𝒯 and 𝒩 modules. These experiments provide insights about the resulting decoding accuracy and practical applicability 
of the proposed modules. The Fig. 3 depicts the series of proposed experiments. 

 
Fig. 3. The series of proposed experiments 

For end-to-end evaluation, we measure the rate of correctly decoded barcodes: 𝑄 = 𝑁௖௢௥௥௘௖௧ 𝑁௧௢௧௔௟ ⁄  , where 𝑁௧௢௧௔௟ 
is the total number of barcodes on all images in this dataset and 𝑁௖௢௥௥௘௖௧ is the number of barcode correctly recognized. 

The performance of each pipeline module is evaluated via a combination of end-to-end and problem-specific metrics 
tailored to the detection, classification, and normalization tasks. 

For barcode detection problem, we use well-established "Intersection Over Union" (IoU) and "Average Precision" (AP) 
metrics from a general object detection problem. IoU corresponds to the value of the Jaccard index, which is defined as:  𝐼𝑜𝑈(𝐶,𝑀) = (𝑎𝑟𝑒𝑎(𝐶 ∩𝑀))/(𝑎𝑟𝑒𝑎(𝐶 ∪𝑀)), (1) 

where 𝐶 is the detected barcode quadrangle, and 𝑀 is the ideal quadrangle from the ground truth. AP defines the IoU 
threshold 𝑘 for correct detection and calculate the rate of correctly detected barcode quadrangles:  𝐴𝑃 = ∑௞ୀ௡ିଵ௞ୀ଴ (𝑅(𝑘) − 𝑅(𝑘 + 1)) ⋅ 𝑃(𝑘), (2) 

where 𝑃(𝑘) defines the precision at threshold 𝑘, and 𝑅(𝑘) is the recall at threshold 𝑘, 𝑛 is the number of thresholds. 
To calculate the typization accuracy of barcode symbologies, we use a number of the most popular metrics: accuracy, 

precision, recall, which are expained in details in work [32]. 
We evaluate the time performance of the proposed pipeline using the following hardware and software configuration: 

64 – bit Ubuntu 24.04 LTS operating system, AMD Ryzen 5 5600X CPU @3.7 GHz, 32 GB RAM. We denote the overall 
processing time as 𝑇 in ms. 

3. Proposed detector model 

Considering our task as a creating lightweight and universal barcode image preprocessing pipeline, as a base model, 
we chose the YOLO-Barcode, presented in 2024 [21]. We reproduced the proposed model and its training pipeline, 
excluding typization part, with using public datasets ZVZ, Muenster and ArteLab as a train and validation data. To 
improve the quality of the training data, we removed some images containing errors in the ground truth. During inference, 
we converted input images to grayscale and scaled them to a fixed 512 × 512 resolution. The proposed model predicts 
the confidence score and bounding box coordinates for each detected barcode within the image. To filter out the bounding 
boxes found by our detector, we fixed a confidence threshold of 0. 25 and used non-maximum suppression with a threshold 
of 0. 3 to remove duplicate responses for the same object. 
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4. Proposed barcode symbology identification model 

To achieve efficient and accurate classification, we propose a simple CNN-based model with the architecture outlined 
in Tab. 2. For training, we used cross-entropy as the loss function. As an input image, the model takes the ROI, found by 
detector and resized to 96 × 96 resolution. This resolution is enough to save distinctions between different barcode 
symbologies and small enough to keep the proposed model computationally efficient. 

Tab. 2. Proposed CNN Architecture for barcodes symbology identification 

Type Kernel Size Stride Padding Channels Activation 
Conv 5 × 5 1 × 1 2 × 2 12 ReLU 
Conv 3 × 3 2 × 2 1 × 1 12 ReLU 
Conv 3 × 3 1 × 1 1 × 1 16 ReLU 
Conv 3 × 3 2 × 2 1 × 1 32 ReLU 
Conv 3 × 3 2 × 2 1 × 1 32 ReLU 
Conv 3 × 3 2 × 2 1 × 1 48 ReLU 
Conv 3 × 3 2 × 2 1 × 1 64 ReLU 
Conv 3 × 3 2 × 2 0 × 0 64 ReLU 
Dense – – – 5 SoftMax 

Initially, we aimed to train the model using only publicly available datasets: ZVZ, Muenster and Artelab. Although 
the test dataset contained barcode samples with the same symbologies as in train datasets, in some cases their internal 
structure varied a lot and codes had completely distinct patterns. For instance, the ZVZ dataset contains DataMatrix 
samples only with one data region (Fig. 4b) while codes with four data regions are really widespread in other datasets 
(Fig. 4a). This difference in patterns drastically lowered type identification accuracy, so we had to expand the training set 
with some private synthetic data. By expanding the dataset with synthetic samples, we improved the model’s ability to 
generalize across variations in barcode patterns. 

(a)  (b)  
Fig. 4. Example of Data Matrix codes from SE-dataset (a) and ZVZ-dataset (b) 

We applied on-the-fly data augmentation during training to further enhance model quality. For each epoch, a random 
combination of geometric transformations (crop, zoom, and rotation) and visual distortions (blur, brightness adjustments, 
and image auto-contrasting) augmented 95 % of the training data. We propose to use the following list of symbology 
groups: 1D, QR code, Aztec, Data Matrix and PDF417. We combined all one-dimensional symbologies into a single 1D 
group because of their high similarity; at low image resolution, correctly classifying them becomes a laborious task and 
greatly complicates the model, which contradicts the goal of this work. 

5. Proposed normalization model 

In practical barcode recognition scenarios, images are often captured under varying conditions, resulting in distortions 
that can significantly impair decoder performance. The normalization module in our pipeline addresses two primary 
categories of distortions: color-space inconsistencies (uneven illumination, shadows, glare) and geometric deformations 
(perspective skew, cylindrical wrapping, partial occlusions). 

Traditional approaches to barcode normalization often employ fixed thresholding techniques such as Otsu's method and 
predetermined scaling factors. However, our analysis of the ℛ dataset revealed that Otsu's method fails in approximately 
38 % of real-world mobile-captured images due to nonlinear lighting gradients, while fixed scaling factors cause module 
aliasing in 22 % of cases. These observations motivated the development of our hybrid normalization approach. 

5.1 Normalization challenges 

The design of our normalization module addresses several key challenges: 
 Dynamic adaptation to local contrast variations without prior knowledge of symbology-specific reflectance patterns 
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 Module topology preservation during geometric transformations to prevent decoder misinterpretation 
 Computational efficiency for real-time operation on resource-constrained devices 

5.2. Hybrid normalization architecture 

Our proposed approach combines lightweight neural network components for parameter estimation with traditional 
image processing operations, creating a hybrid architecture that balances accuracy and computational efficiency. The 
pipeline consists of two main components: a color normalization submodule and a geometric normalization submodule, 
working together to address the identified challenges. 

Color normalization submodule 
The color normalization component addresses issues related to uneven illumination and poor contrast. We implement 

a miniature CNN with a parameter estimation approach rather than end-to-end image transformation. 
Adaptive illumination correction 
A lightweight 4-layer CNN processes the grayscale ROI to predict gamma correction parameters, local adaptive 

thresholding block size (8 – 32 pixels), and contrast-limited adaptive histogram equalization clip limit. 
The network architecture consists of input layer, two convolutional layers with ReLU activation, global average 

pooling, and fully connected layers. This structure requires only 18,304 parameters — 85 % fewer than typical U-Net 
implementations — while achieving comparable illumination normalization. 

Differentiable binarization 
To enable end-to-end training while maintaining discrete output at inference time, we replace traditional thresholding 

operators with a differentiable approximation during training: 𝑇(𝑥) = 1 1 + 𝑒  ି௞(௫ିఛ)⁄  (3) 

Where 𝑘 controls transition steepness (learned per image) and 𝜏 is the threshold predicted by the CNN. This allows 
end-to-end training using reconstruction losses while converging to hard thresholds at inference time. 

Geometric normalization submodule 
The geometric normalization component addresses issues related to perspective distortion and module size variations. 

It adapts images to optimal dimensions for each decoder. 
Module size estimation 
A regression head attached to the typization network predicts: a) horizontal modules per unit length 𝑚௫; b) vertical 

modules per unit length 𝑚௬; c) perspective distortion score 𝑑௣ ∈ [0,1]. 
These values drive adaptive resizing: Targetwidth = ROIwidth × 𝑚௫ 𝛼⁄ , (4) Targetheight = ୖ୓୍୦ୣ୧୥୦୲×௠೤ఈ , (5) 

where 𝛼 is the preferred module size: 3px for ZXing , 4px for ZBar . 
Thin-plate spline transformation 
For cases with significant perspective distortion (𝑑௣ > 0.5), we employ a lightweight Spatial Transformer Network 

(STN) to predict control point displacements: 𝜃 = 𝑓ୗ୘୒(𝐼 ୓୍) (6) 

This combination handles both affine and nonlinear distortions with significantly fewer parameters than full STN 
implementations. 

5.3. Integration with decoding pipeline 

To accommodate various performance requirements, our normalization module exposes three operational modes: 
Speed, Balanced, and Accuracy. These modes vary in their utilization of the color CNN and geometric transformation 
components, offering trade-offs between computational efficiency and normalization quality. 

Barcode scanners receive normalized images in formats optimized for their specific requirements:  
 1D Barcodes: Binarized, deskewed, 4px/module 
 2D Codes: Grayscale, perspective-corrected, 3px/module 

We evaluate our approach using several metrics: Decoding Success Rate (DSR), Geometric Preservation Score (GPS), 
Color Consistency Index (CCI), and processing time. Experimental results demonstrating the effectiveness of our 
normalization approach are presented in Section 6. 

6. Evaluation results and discussion  

In this section, we present the evaluation results obtained by the methodology described in section 2. Two tables are 
used to display these findings. Tab. 3 assesses the potential accuracy and time we can obtain with such a pipeline and 
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correlates to experiments 1 – 4. Tab. 4 assesses the actual accuracy and time using the pipeline assembled from the 
suggested 𝒟, 𝒯 and 𝒩 modules and relates to experiments 5 – 8. 

Tab. 3. Potential pipeline's performance on Dubska and SE-Barcode datasets 

ℰ 𝒟ீ் 𝒯 ் 𝒩 ் 
Dubska 

WeChat ZBar ZXing ZXing-cpp OpenCV 𝑄,% 𝑇, ms 𝑄,% 𝑇, ms 𝑄,% 𝑇, ms 𝑄,% 𝑇, ms 𝑄,% 𝑇, ms 
1 × × × 58. 92.3 76.7 404.5 57.8 1471.8 88.3 44.4 43.1 528.2 
2 ✓ × × 80.9 120.3 78.2 60.7 66.8 497.3 84.4 14.7 64.9 109.5 
3 ✓ ✓ × 80.9 102.0 78.2 45.5 66.5 141.1 84.3 2.7 64.9 95.6 
4 ✓ ✓ ✓ 92.4 19.4 87.8 11.8 85.9 109.9 88.9 0.7 66.4 32.2 ℰ 𝒟ீ் 𝒯 ் 𝒩 ் 

SE-Barcode 
WeChat ZBar ZXing ZXing-cpp OpenCV 𝑄,% 𝑇, ms 𝑄,% 𝑇, ms 𝑄,% 𝑇, ms 𝑄,% 𝑇, ms 𝑄,% 𝑇, ms 

1 × × × 47.7 49.0 61.1 303.1 52.4 2155.5 85.8 73.3 34.9 232.5 
2 ✓ × × 52.0 50.0 61.7 15.7 69.5 225.9 83.6 4.7 41.9 29.6 
3 ✓ ✓ × 52.0 7.4 61.2 8.4 69.5 92.2 83.6 1.5 41.9 18.5 
4 ✓ ✓ ✓ 52.6 7.3 56.3 6.0 70.4 104.6 81.3 0.9 40.9 15.0 

In Experiment ℰଵ, taken as a baseline, we measure the decoding accuracy of barcode scanners on original images 
comprising one or more barcodes for each scanner 𝑠 ∈ 𝕊 without any external image preprocessing. 

In experiments ℰଶିସ  we gradually add the imitation of the ideal modules 𝒟ீ் , 𝒯 ் , 𝒩 ் . The barcode ROI is 
calculated based on the ground truth coordinates of the quadrangles. Some barcode scanners may not correctly localize 
barcode if one or more of its corners are placed next to the image's side. To compensate for this effect on the final 
recognition result, we extend the ROI area by 0.1 relative to the expansion side. The number of images in ℬ and ℛ 
datasets are used to normalize all time measurement results. 

The time and accuracy measurements of barcodes recognition using various barcode scanners allowed to reveal 
interesting findings. The sequential addition of 𝒟ீ், 𝒯 ், 𝒩 ் modules has resulted in an overall reduction of processing 
time for most scanners at each step of their addition. However, WeChat scanner is the exception by demonstrating a 
slowing down of the process, which may be due to the peculiarities of its architecture or image processing algorithms. 
The decoding quality has improved for WeChat , ZBar , ZXing and OpenCV , which confirms the utility of the proposed 
pipeline. At the same time, ZXing-cpp indicated a decrease in recognition accuracy, which may be due to insufficient 
adaptation of its algorithms to the modified data. These results highlight the importance of taking into account the specifics 
of each scanner when optimizing barcoding recognition processes. 

Since we imitate the ideal detector and symbology identification module in these experiments, the process time of 
each module equals to 0 milliseconds. In reality, the total process time of preprocessing modules and a recognition scanner 
is calculated by the formula:  𝑇 = 𝑇𝒟 + 𝑇𝒯 + 𝑇𝒩 + 𝑇௉ , (7) 

where 𝑇𝒟 – is the average 𝒟 module time per original image from ℬ and ℛ, 𝑇𝒯 is the average 𝒯 module time process, 𝑇𝒩 is the average 𝒩 module time, 𝑇௉ is the average processing time of an image containing barcodes inside barcode 
reader. 

Tab. 4. Proposed pipeline's performance on Dubska and SE-Barcode datasets. The average times for 𝒟 (11.6 ms), 𝒯 (0.72 ms), 
and 𝒩 (25.3 ms) are included in total time spent on barcode scanning. 

ℰ 𝒟 𝒯 𝒩 
Dubska 

WeChat ZBar ZXing ZXing-cpp OpenCV 𝑄,% 𝑇, ms 𝑄,% 𝑇, ms 𝑄,% 𝑇, ms 𝑄,% 𝑇, ms 𝑄,% 𝑇, ms 
1 × × × 58.6 92.3 76.7 404.5 57.8 1471.8 88.3 44.4 3.1 28.2 
2 ✓ × × 79.0 21.0 5.2 02.3 2.6 02.8 9.0 8.0 1.1 51.8 
3 ✓ ✓ × 76.0 1.7 2.9 3.4 0.3 53.4 6.3 7.0 8.0 35.8 
4 ✓ ✓ ✓ 80.9 9.8 6.7 8.3 4.0 48.1 6.3 8.2 7.3 6.9 ℰ 𝒟 𝒯 𝒩 

SE-Barcode 
WeChat ZBar ZXing ZXing-cpp OpenCV 𝑄,% 𝑇, ms 𝑄,% 𝑇, ms 𝑄,% 𝑇, ms 𝑄,% 𝑇, ms 𝑄,% 𝑇, ms 

1 × × × 47.7 49.0 61.1 303.1 52.4 2155.5 85.8 73.3 34.9 232.5 
2 ✓ × × 52.8 71.3 60.1 38.1 66.8 557.5 78.1 19.6 41.8 50.1 
3 ✓ ✓ × 51.5 24.0 58.4 27.8 64.7 166.4 76.9 14.6 41.1 36.2 
4 ✓ ✓ ✓ 57.5 46.1 60.3 43.5 77.2 135.2 81.3 38.5 49.4 52.2 
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In this study, barcode image preprocessing modules 𝒟, 𝒯 and 𝒩 were developed and implemented. These modules, 
although inferior in speed and accuracy to modules imitating ideal 𝒟ீ் , 𝒯 ்  and 𝒩 ் , demonstrate a significant 
improvement over the basic approach where preprocessing modules were absent. The recognition accuracy has increased 
for WeChat , ZBar , ZXing and OpenCV scanners. This confirms the effectiveness of the proposed solutions in improving 
image processing quality. However, ZXing-cpp 's accuracy has decreased. This might be due to its algorithms being less 
resistant to changes made at the preprocessing stage. 

As for the decoding time, the implementation of proposed modules has led to its decrease for all decoders except 
WeChat. WeChat 's processing time is only slightly reduced when adding 𝒯 , which indicates that the symbology 
recognition engines may be overrun or not run optimally. These results highlight that the preprocessing modules 
developed can significantly improve the performance of the barcode scanner, although their effectiveness may vary 
depending on the scanner being used. Special attention should be paid to the normalization module. Despite the increase 
in overall recognition time, decoding accuracy is greatly improved on all engines. 

To assess the accuracy of the proposed 𝒟 module, we evaluated ℬ and ℛ datasets using precision, recall, F1 score, 
AP, and mean IoU metrics. The results are presented in Tab. 5. 

Tab. 5: Detection results on Dubska and SE-Barcode datasets 

Detection metric Dubska SE-Barcode 
Precision 88.39 89.24 

Recall 90.08 90.70 
F1 score 89.22 89.96 

Average Precision 86.56 90.74 
Mean IoU 0.75 0.79 

Comparing the results on two datasets allows to conclude that the detection module effectively meets the task of 
locating barcodes, although its performance can vary depending on the complexity of the input data. 

Attention should be paid to the accuracy of 𝒯  as it affects the performance of further barcode recognition. We 
demonstrate the accuracy of the typization 𝒯 in Tab. 6. 

Tab. 6: Typization results on Dubska and SE-Barcode datasets 

Typization metric Dubska SE-Barcode 
Precision 96.28 88.87 

Recall 88.93 72.51 
F1 score 92.46 79.86 

The module 𝒩 allows to normalize barcode until all its modules are reduced to a same size. After the 𝒩 , the barcode 
occupies the entire area of the image. As noted above, some barcode scanners do not decode well barcodes that take up 
an overwhelming part of the image, so we expand the image like in ℰଶ. 

Conclusion 

In this paper, we explored a barcode image preprocessing pipeline assembled from detection, type identification, and 
normalization modules. The outcome of this pipeline is integrated with the input for widely-used barcode scanners. Our 
detection model 𝒟, based on the YOLO architecture, demonstrates high accuracy in detecting barcodes even under 
difficult capturing conditions, regardless of the total number of barcodes in the image. The results of the recognition speed 
comparison using the detection module confirm a considerable saving in computing time. The use of the type 
identification module 𝒯 allows for a futher reduction in average time. It also helps to filter out barcodes that are not 
supported by the scanners. 

The proposed hybrid normalization approach significantly improves decoding success rates by addressing both color-
space inconsistencies and geometric deformations through a lightweight parameter estimation NNT. By combining 
ANNT components with conventional image processing techniques, the proposed normalization module 𝒩 achieves by 
maximum 24 % improvement in decoding accuracy while maintaining reasonable inference times. 

The recognition pipeline allows configuring the modules and barcode scanners to achieve the best time 
performance/accuracy balance. 

In our further work, we will focus on the normalization stage of the pipeline to improve image input of the barcode 
scanners and provide some extra hints for their fast and successful recognition. This includes determining the optimal 
barcode dimensions for each scanner used in benchmark. 
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