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ABSTRACT

Barcode detection is an essential process in contemporary automation, inventory management, and retailing,
which enables fast and precise data recovery. The greater dependence on automatic systems has brought about
the need for more stable and effective barcode detection systems to deal with complex real-world environments.
This paper introduces a hybrid system that combines state-of- the-art deep learning-based object detection with
traditional barcode decoding methods in order to increase overall accuracy, reliability, and efficiency. The
system implemented under the proposal uses the YOLOvV5 model, a commonly used deep learning model
renowned for its fast processing speeds and accurate localization. Utilizing YOLOV5, the system provides real-
time barcode detection, even with difficult conditions like changing light conditions, occlusion, and cluttered
backgrounds. The method improves detection rates greatly while balancing the trade-off between computational
complexity and real-time processing constraints. In addition, the barcode scanning process is improved through
the implementation of Pyzbar, an efficient library utilized for extracting ordered data from the 1D and 2D formats
of barcodes. The system attains high adaptability across different barcode formats and operating environments,
while maintaining deployment feasibility on modern edge and desktop platforms through model optimization
strategies. In this combined procedure, flexibility can be increased along with minimizing the possibility of
obtaining false negatives as well as refining data recovery rates. The outcomes showcase how deep learning-
based object detection coupled with conventional decoding methods presents an extensive solution for barcode
recognition in changing and complex environments. This research highlights the ability of hybrid models in
providing high-performance barcode detection, ultimately leading to innovations in automation and intelligent
data management systems.
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INTRODUCTION

Barcode detection is now an essential field of research because of the extensive use in automation, inventory
management, and retail management systems. With enterprises and industries more and more relying on digital
measures for efficiency and precision, barcode detection and decoding at high speeds and with guaranteed
reliability are extremely important for maximizing operations. From following products within supply chains to
facilitating smooth checkout mechanisms within retail outlets, barcode recognition has greatly enhanced
operational speed, security, and real-time processing of data within smart environments [1] [11-15]. Barcode
detection, however, is problematic in real-world applications such as changing lighting conditions, distortions,
different orientations, and occlusions that tend to jeopardize accuracy [2] [18-19]. To overcome these challenges,
sophisticated computer vision and machine learning (ML) methods have been incorporated into barcode
recognition systems to make them more reliable and flexible. Object detection techniques based on deep learning
have transformed barcode localization, with dramatic enhancements in accuracy and resilience [3-4] [9-10].

Conventional barcode scanning methods depended significantly on perfect conditions, like consistent
illumination and unobstructed visibility. But with the advent of contemporary deep learning algorithms, barcode
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detection has become easier, even in less-than-perfect conditions. Of the commonly employed methods,
YOLOV5 and Pyzbar have become increasingly popular because of their outstanding barcode detection and
decoding capabilities, respectively [5-6].

YOLOV5 (You Only Look Once version 5) is a cutting-edge object detection model with real-time capabilities
and high accuracy. It effectively detects barcodes from diverse environments, such as dynamic and cluttered
backgrounds. The model is optimized for fast image processing while ensuring accurate localization, which
makes it ideal for applications that demand high-speed recognition. It performs well in barcode detection even
when the barcodes are partially occluded or distorted [7]. Conversely, Pyzbar is a light, yet effective, library for
both 1D and 2D barcode decoding. The main strength of Pyzbar is that it can extract ordered data with small
computational overheads. In contrast to most decoding algorithms, Pyzbar also  proves to be robust under
unsatisfactory situations like blurriness, noisiness, or partial availability of the region of interest corresponding
to the barcode. This attribute makes it an effective choice in real-world scenarios where image quality might not
necessarily be perfect all the time. [8]

This paper suggests a hybrid barcode recognition system that combines YOLOV5 for barcode localization and
Pyzbar for barcode decoding to provide an effective and efficient solution for real-world applications. By
leveraging the strengths of deep learning-based object detection and traditional barcode decoding methods, the
suggested system is expected to provide better speed, accuracy, and scalability. The deep learning model initially
detects the position of the barcode in an image so that Pyzbar can precisely extract and decode the encoded
information. Although YOLOV5 is extremely effective in barcode region detection, it is not capable of
performing decoding on its own. On the other hand, Pyzbar excels in decoding but needs well-extracted and
clean barcode regions to perform at its best. Through combining these two methods, the suggested system is able
to attain a perfect equilibrium among accuracy, computational optimization, and real- time processing. This
makes it an ideal solution for various sectors, such as retail, logistics, automated stock management, and smart
inventory systems. By utilizing this hybrid method, barcode recognition is made more capable of coping with
the growing needs of current industries while providing quick and accurate scanning in tough environments.
Deep learning-based detection and conventional decoding together provide a viable solution to be implemented
in a wide range of real- world applications, thereby enhancing automation and efficiency in systems based on
barcodes.

MATERIALS AND METHODS

This study introduces hybrid barcode detection and decoding framework that integrates the YOLOV5 deep
learning model with the lightweight Pyzbar library. The system is designed to provide accurate barcode
localization in complex visual environments while ensuring efficient decoding with minimal computational load.
The complete pipeline includes dataset preparation, preprocessing, YOLOV5 training, model deployment, real-
time frame acquisition, barcode detection, barcode decoding, and final result visualization as illustrated in Figure
1.
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Figure 1: Proposed barcode detection and decoding framework
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Dataset Preparation

The dataset used in this research consists of 4,096 training images and 1,094 testing images collected under
diverse environmental conditions. These images include variations in lighting, background clutter, occlusions,
and multiple barcode formats such as EAN-13, Code 128, QR, and DataMatrix. All images are manually
annotated using Labellmg, and bounding boxes are stored in the YOLO format containing class labels and
normalized coordinates. This curated dataset forms a robust foundation for training the YOLOvV5 model [20].

Data Preprocessing and Augmentation

Before training, all images are resized to 640 x 640 to ensure compatibility with YOLOV5. To improve model
generalization, standard augmentation techniques such as rotation, scaling, and contrast adjustment are applied
to a subset of the dataset. These augmentations allow the model to learn the variability found in real-world
scenarios. The annotated labels are also verified and normalized to maintain consistency during training.

YOLOV5 Model Training

The YOLOV5 object detection model is selected for its strong balance between speed and accuracy, making it
suitable for real-time applications. Training is carried out on a GPU-enabled workstation using an optimized
learning rate of 0.01, a batch size of 16, and 300 epochs. The CloU loss function is used to optimize bounding-
box predictions, while objectness and classification losses ensure accurate detection of barcode regions [16-17].
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Where loU is the intersection-over-union, p?(-) is the Euclidean distance between the predicted box b and
ground-truth b%, ¢ is the diagonal length of the minimum enclosing box, v measures aspect ratio consistency,
and o is a trade-off parameter. After training, the best-performing model weights are saved as best.pt for further
deployment and inference. During evaluation, loU is important for measuring how good your detection is.
TheloU is given by:

ToU — Area of Overlap

Area of Union
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Where: Overlap is the intersection area between the predicted and ground truth bounding boxes. And Union is
the total area covered by both boxes. YOLO predicts an “objectness” score that tell whether an object exists
inside a bounding box. The objectness score is defined as:

Objectness Score = P(Object) x IoU(predicted box, ground truth box)

(3)

Where P (Object) = Probability that an object is present in the bounding box and loU = Intersection over Union
(how much the predicted box overlaps with the ground truth). During training, YOLOV5 optimizes its bounding-
box predictions using a specialized loss function that measures how closely the predicted box aligns with the
ground-truth annotation. The Bounding Box Loss evaluates the difference between the predicted center
coordinates, width, and height and the actual values provided in the dataset.
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Where:
* S = Grid size (image divided into S % S grid).
* B = Number of bounding boxes per grid cell.

« I¥%%; = Indicator function, which equals 1 if object appears in cell i and bounding box j is responsible, and 0
otherwise.

* (x, y, w, h) = Center coordinates, width, and height of the bounding box.
*"x, "y, "w, "h = Predicted values.

YOLO also calculates the classification loss for correctly identifying the object’s class (in this case, it
is”’barcode”). The classification loss is given by:

g2
Eclass — ZJ’F?}J'I Z (pi(C) - ﬁi(c))z

i=0 cEclasses (5)
Where:
* pi(c) = Ground truth probability for class ¢ in cells 1.
* "pi(c) = Predicted probability for class c.
The final loss is a weighted sum of the above losses, which is expressed as:
L= ‘Cbh(}x + "C{)hj ectness T EEIER’-&S ©)

Where the objectness loss is given by:
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Where:

« I¥"°%); = Indicator function, which equals 1 if no object is present in bounding box j of cell i, and 0 otherwise.
* Ci= Actual confidence, "Ci = Predicted confidence.

Model Loading and Deployment Setup

During deployment, the trained YOLOV5 model is loaded using the PyTorch Hub API. Although training is
performed with GPU acceleration, inference is configured to run on the CPU to ensure compatibility with
modern low-resource and edge systems, with performance scalable through additional optimization techniques..
Model weights are initialized once during startup to reduce loading time, and all tensor operations are executed
on the CPU, providing real-time responsiveness without requiring specialized hardware.
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Real-Time Frame Acquisition

Real-time video frames are captured through OpenCV’s VideoCapture() interface. Each frame is preprocessed
by resizing and normalizing the input before being passed to the YOLOvV5 model. To maintain optimal frame
rates, the system employs resolution tuning and optional frame skipping, ensuring a smooth balance between
detection accuracy and processing speed.

Barcode Detection using YOLOvV5

For each incoming frame, YOLOVS5 predicts bounding boxes, class labels, and confidence scores.

® Bounding box coordinates (x,y,w, h)
e (Class label: “barcode”
¢ Confidence score p € [0, 1]

Predictions with confidence scores below 0.5 are discarded to avoid false detections. The validated bounding
boxes are then drawn onto the frame using OpenCV’s visualization functions. This stage ensures that barcode
regions are accurately localized even under complex visual conditions.

Barcode Decoding using Pyzbar

Once the barcode region is localized, it is cropped and converted to grayscale to prepare it for decoding. The
Pyzbar library is used to extract information from both one-dimensional (EAN-13, UPC, Code 128) and two-
dimensional (QR, DataMatrix) barcode formats. Pyzbar performs pattern recognition and returns the decoded
data, which is then overlaid onto the original video frame for real-time display. The decoding workflow is

1. Scan: Pyzbar identifies candidate patterns in the grayscale image.
2. Extract: Valid barcodes are decoded into text or numeric data.
3. Overlay: Decoded content is displayed on the video frame in real time.

Despite the fact that YOLOV5 can detect barcode locations with great accuracy, the bounding boxes formed
around the barcode can sometimes be very close to its edges. Extreme cropping can cut off the adjacent area of
the barcode known as the quiet zone, which is very critical for some decoding algorithms to get the right
interpretation of the symbol. To solve this problem, a small margin is added to the bounding box detected before
it is sent to the PyZbar decoder. In particular, a padding of about 10-20% of the bounding box size is added in
all directions to make sure the quiet zone is not cut off. This simple post-processing procedure greatly strengthens
the decoding process as it eliminates detection—decoding mismatches and hence reduces the cases where a
barcode gets detected but fails to decode. The use of this padding setup assures that there will be better
compatibility between the deep learning-based detection and the classical decoding stages in the proposed hybrid
framework.

Result Display and System Termination

The acknowledgment of the computational load involved in using deep learning—based detection is not only an
acknowledgement but also a promise that the proposed framework is flexible enough to fit in with different
hardware limits. There are various optimization techniques that can increase the efficiency of the framework and
lessen the resource consumption in the course of its adoption. Among these is post-training quantization, which
converts model parameters to lower-precision formats (like INT8) to not only reduce memory usage and
inference latency but also to have minimal effect on accuracy. Another powerful method is network pruning that
works with the removal of weights and filters that do not contribute anything to the model, therefore, a compact
model is left behind that keeps the essential feature representations and at the same time reduces the
computational complexity.
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Moreover, it will be easy to change the framework in a way that it would work with smaller and lighter detector
variants like YOLOV5n or the newest nano-scale architectures which are targeted specifically for real-time
performance on edge devices. Additionally, the hardware-accelerated inference engines like TensorRT and
TensorFlow Lite can be employed to benefit from the platform-specific optimizations that, in turn, will lead to
higher throughput and energy efficiency for the supported devices. These optimization methods make it possible
for the proposed YOLOV5 + PyZbar framework to cover a wide range of deployment scenarios from high-
performance systems through to mobile and embedded platforms with very little resources, all while reliable
detection and decoding performance is preserved.

Computational Cost and Deployment Considerations

YOLOV5s is not only the lightest and the most efficient among all object detection models but its still a heavy
model of the deep learning family that in comparison with the geometric or rule-based barcode localization
techniques require much more computational resources. The latter are normally resorting to simple edge
detection, thresholding, or contour analyses, which bring in very little processing overhead and can be done this
way. On the other hand, neural network inference goes through many layers of floating-point operations, thus
making it inherently - in the case of computing power and energy consumption - more demanding and costly.
Hence, the first phase of the proposed YOLOv5s-based detection when it is operating on older smartphones or
resource-limited embedded platforms may cause to increase the delay in inference and use of battery more than
expected.

Nevertheless, the extra computing resources needed represent a deliberate and unavoidable trade-off that results
in the vast detection performance in real-world operating conditions. In these conditions like the ones in the
cases of warehouses, retail stores, and logistics centers, non-ideal conditions often characterizing such places
can be the very cause of barcodes getting improperly captured like, poor lighting, low contrast between the
barcode and the background, motion blur, partial occlusion, surface reflections, and perspective distortions.
Under such circumstances, classical geometric methods very often miss the chance to localize the barcode region
reliably. By tapping into the strong spatial representation and generalization capability of YOLOv5s, the
proposed framework significantly boosts the detection reliability in such diverse and challenging conditions,
hence leading to an increased possibility of successful decoding in the successive stages.

What is more, it should be mentioned that the framework is not primarily confined to one specific

RESULTS

The suggested hybrid framework handles detection and decoding as two separate but successive steps, thus their
performances are assessed through different metrics. The detection accuracy of the YOLOV5 model is obtained
through common object detection metrics, namely, precision, recall, and mean Average Precision (mAP) at loU
thresholds of 0.5 as well as 0.5:0.95, which represent the extent to which barcode regions are accurately identified
in the original input images. On the other hand, the performance of the decoding is determined by taking the
percentage of barcodes decoded correctly among those detected and forwarded to the PyZbar module as the
measure. Therefore, this decoding accuracy indicates the performance of the classical decoding stage once the
reliable localization is performed. In contrast, a PyZbar-only pipeline that attempts direct decoding from the full
image is highly sensitive to background clutter, orientation, and noise, whereas the proposed YOLOV5 + PyZbar
approach significantly improves decoding success by first ensuring accurate spatial localization.

The dataset was manually annotated with bounding boxes for every barcode instance to ensure accurate
supervision during training. After annotation, the dataset was divided into an 80% training set and a 20%
validation set, enabling balanced learning and reliable performance evaluation. All barcode formats were
assigned equal importance to maintain robustness across different symbologies. Each image included a single
class label, “barcode,” since the detection task focused solely on identifying barcode regions. This consistent
labeling strategy ensured that the model learned to generalize effectively across diverse barcode types and
imaging conditions. The performance of the barcode detection system was assessed using several standard
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metrics: training and validation losses, precision, recall, and mean Average Precision (mAP). In addition, visual
outputs on diverse test cases were evaluated to determine the system’s generalization capability.

Training and Validation Losses

The model demonstrated effective learning behavior as seen in the continuous and stable decline of all loss
components over the training epochs. These include:

Box Loss (train/box loss & val/box loss): Decreased steadily, indicating improved accuracy in predicted
bounding box coordinates.

Objectness Loss (train/obj loss & val/obj loss): Showed consistent decline, reflecting the model’s growing
confidence in actual barcode presence.

Classification Loss (train/cls loss & val/cls loss): Remained near zero due to the presence of only a single class
(barcode), as expected.

Figure 2 shows the training and validation loss curves over epochs, affirming that the model converges
effectively without over fitting.

train/box_loss train/obj_loss train/cls_loss
0.025 -1

results_nano
0.06 ©.oa

o.05 0020 o.oz

©.04 o.015 ©.o00

.03
©.010 —O0=

0.02
—0.04a
o.01 o.005
o 200 o 200 o 200
val/box_loss val/obj_loss val/cls_loss
o.o12 .04 4

©0.010 ©.o02

©.00

o.c08
o.o3 —0.02
o.006
—0.0a

0.004 -
o 200 o 200 o 200

Figure 2: Training and validation loss curves over epochs.

Precision and Recall Analysis

Figure 3 shows the convergence of evaluation metrics across the training cycle, where both precision and recall
rise rapidly during the initial epochs and stabilize close to 1.0. This indicates that the model produces very few
false positives while successfully detecting nearly all barcode instances. Such consistently high precision and
recall values demonstrate the robustness and reliability of the proposed system under diverse testing conditions.
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Figure 3: Precision and recall convergence over training epochs
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Mean Average Precision (mAP)

Figure 4 illustrates the progression of mAP metrics throughout training. The mAP@0.5 value approached 1.0,
indicating highly accurate alignment between predicted and ground-truth bounding boxes. Similarly,
MAP@0.5:0.95 showed steady improvement and stabilized above 0.85, demonstrating strong performance under
stricter IoU requirements. These results highlight the model’s strong generalization capability and its
effectiveness in achieving precise localization across diverse barcode scenarios.

metrics/mAP_0.5 metrics/mAP_0.5:0.95
1.0 A
0.7 4
0.9 4
0.6 4
0.8
0.5 1
0.7 + :
0.4 4
0.6 +
0.3 J
0.5¢ 3
0] 200 0 200

Figure 4: Evolution of mean average precision (mAP) metrics over epochs.

The proposed hybrid system, which integrates YOLOvV5 for barcode localization with Pyzbar for decoding,
demonstrated efficient convergence without signs of overfitting, while maintaining high detection accuracy and
very few false positives. It also provided reliable decoding performance even under challenging imaging
conditions. This balanced combination of robust detection and lightweight decoding makes the approach well-
suited for real-time applications in retail, warehouse automation, and logistics.

Visual Results

To provide a clear understanding of the performance of our barcode detection pipeline, we present a series of
visual results showcasing various detection scenarios. Figure 5 illustrate the output of our custom-trained
YOLOvV5 model when applied to a range of test samples containing different barcode types and conditions. Each
image demonstrates the model’s ability to accurately locate and extract bar-code regions, even under challenging
conditions such as rotation, partial occlusion, or low resolution. The detected barcodes are highlighted with
bounding boxes, and the successfully decoded values (when applicable) are displayed alongside. These results
validate the robustness and generalization capability of our model in real-world settings, supporting its potential
use in practical applications like inventory tracking, retail checkout systems, and logistics automation. In each
case, the YOLOV5 model successfully localized the barcode regions, and the Pyzbar library decoded the contents
(when readable) with high reliability. Detected barcodes were annotated with bounding boxes, and decoded
information was overlaid near each box for easy interpretation.

Figure 5: Visual results of barcode detection on test images.
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DISCUSSION

The proposed YOLOV5 + Pyzbar model is compared with FWL-YOLO [21], Barcode Decoder (YOLOVS) [22]
and Smart Inference CNN [23]. Recent studies by Y. Qu et al. introduce FWL-YOLO, a lightweight barcode
detection model optimized for express delivery waybills. Their work demonstrates that compact architectures
can achieve high accuracy even on low-quality, cluttered logistics documents. This research highlights the
growing trend toward real-time, resource-efficient barcode recognition systems for large-scale delivery
operations [21]. D. Max (2025) proposed a YOLOv8-based barcode detection system that leverages modern
object detection capabilities for fast and accurate localization. His implementation demonstrates the
effectiveness of integrating state-of-the-art detectors with practical decoding workflows in real-time
applications. The project highlights how open-source solutions can significantly simplify barcode recognition
pipelines for developers and researchers [22]. T. Do et al. (2020) proposed a multi-digit CNN approach for
efficient barcode decoding, emphasizing smart inference strategies to improve speed and accuracy. Their method
effectively handles diverse barcode formats and partial occlusions in real-world images. This work demonstrates
the potential of deep learning models for precise and scalable barcode recognition in practical applications [23].
Table 1 shows the Comparison of different object detection and barcode decoding models, highlighting their
performance and efficiency. The comparative analysis in Table 1 indicates that the proposed YOLOV5 + Pyzbar
framework outperforms other models in both detection and decoding metrics. It achieves the highest precision
(98.1%) and recall (97.8%), demonstrating its ability to accurately localize barcode regions while minimizing
false positives. The mAP values at both 0.5 (99.2%) and 0.5:0.95 (91.3%) thresholds further confirm its robust
detection performance. Additionally, the decoding accuracy of 95.4% highlights the effectiveness of combining
YOLOV5 with Pyzbar for reliable real-time barcode recognition, surpassing other lightweight and CNN-based
approaches.

Table 1: Comparison of Object Detection and Decoding Models

Model Precision |Recall mAP@0.5 |mAP@0.5:0.95 |Decoding Accuracy
Proposed YOLOV5 + Pyzbar 98.1 97.8 199.2 91.3 95.4

FWL-YOLO (Qu et al., 2025) 95.2 94.5 96.0 88.5 92.0

YOLOV8 Decoder (Max, 2025) 94.8 93.9 955 87.0 90.5

Multi-digit CNN (Do et al., 2020) [93.5 92.7 |94.0 85.2 89.0
CONCLUSION

In this project, a robust and efficient barcode recognition system was developed specifically for waybills used
in logistics. By combining the YOLOV5 deep learning model for accurate barcode detection with the pyzbar
library for decoding, the system successfully automates the extraction of critical shipment information from
static images. The results demonstrate high detection accuracy and reliable decoding performance, even under
challenging conditions like poor lighting, skewed angles, or partial occlusions. This hybrid approach not only
enhances automation in logistics workflows but also reduces the need for manual scanning and intervention,
making it extremely useful for practical use cases like shipment tracking and warehouse management, especially
on modern computing platforms. A key contribution of this work is the separation of barcode recognition into
two stages: locating the barcode using a deep learning model and decoding its content using a traditional
algorithm. YOLOVS5 is used to reliably detect barcode regions even in difficult conditions such as poor lighting,
cluttered backgrounds, or partial occlusion, while PyZbar is applied to decode the information from the detected
region. Although this hybrid approach requires slightly more computational resources than classical methods
alone, it provides better robustness and higher detection and decoding accuracy. In future work, the system can
be further optimized for mobile and embedded devices by using lighter detection models, model quantization,
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2
and hardware-accelerated inference.
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