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Abstract

The rapid growth of e-commerce has significantly increased parcel volumes in logistics operations,
creating a demand for accurate and automated QR-code detection systems. Conventional QR-code
scanning methods are often limited to single-code detection and may exhibit reduced performance in
complex warehouse environments containing multiple parcels and cluttered backgrounds. This study
proposes a deep learning-based multi-QR-code detection framework for logistics applications using a
Region-based Convolutional Neural Network (R-CNN) integrated with VGG16 for feature extraction and
a Support Vector Machine (SVM) for classification. The model was developed using a balanced dataset
and enhanced through data augmentation techniques to improve learning capability and robustness
under diverse operating conditions. For performance evaluation, the proposed framework was tested
using real parcel images containing between one and ten QR codes per image, representing practical
logistics scenarios. Experimental results demonstrated that the proposed framework achieved a QR-
code detection accuracy of 95.82%, with a precision of 94.11%, a recall of 95.82%, and an F1-score of
94.96%. The framework maintained high detection performance even in images containing multiple
parcels and complex backerounds. These results indicate that the proposed framework is effective for
multi-QR-code detection and can support automated parcel identification and tracking in warehouse

and parcel management systems.

Keywords: Deep Learning, Multi QR Code Detection, Region-based Convolution Neural Network,

Logistics
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1. Introduction

Computer vision techniques have been
widely adopted to automate visual perception
tasks in real world systems, including object
detection, recognition, and tracking [1]. Among
various visual encoding schemes, Quick
Response (QR) codes are extensively utilized due
to their high data capacity, rapid readability, and
strong error correction capability. Consequently,
QR codes have become fundamental
components in numerous applications such as
logistics  management, inventory control,
mobile payment systems, ticketing, and access
control [2].

Despite these advantages, reliable QR-
code detection in unconstrained environments
remains a challenging problem. In real world
scenarios, QR codes are often captured
under complex backgrounds, non-uniform
illumination, geometric distortion, occlusion,
and motion blur. The challenge becomes more
critical  when multiple QR codes appear
simultaneously within a single image, as
commonly observed in warehouse and logistics
environments. Conventional QR-code scanners
and classical image processing-based methods
are typically designed for single-code detection
and exhibit limited robustness under such
conditions [3].

Early research on QR-code detection focused

on improving robustness under challenging
imaging conditions through adaptive filtering,
geometric correction, and neural network-
based distortion compensation techniques
[4]. Machine learning-based approaches were
subsequently  introduced to  enhance
preprocessing, feature extraction, and pattern
recognition mechanisms [5]. A systematic literature
review by Jain et al. [6] summarized a typical
multi-stage processing pipeline comprising image
acquisition, preprocessing, feature extraction,
detection, and decoding and emphasized the
critical role of preprocessing in improving
detection accuracy in real world applications.
With  the advancement of deep
learning, QR- code detection has increasingly
incorporated  modern  object  detection
frameworks. Deep learning—based detectors
such as YOLO and various R-CNN variants have
demonstrated strong capability in localizing
multiple QR codes within complex scenes [7].
In particular, Region-based Convolutional
Neural Networks (R-CNN) integrate region proposal
mechanisms with deep feature learning,
enabling precise localization and improved
discrimination between visually similar objects.
Improved variants such as Faster R-CNN have
achieved high detection accuracy under

challenging conditions, including scale

variation, background clutter, and partial occlusion
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[8].Compared with single- shot detectors that
prioritize real-time performance, R- CNN-based
approaches emphasize detection precision
and robustness, making them suitable
for applications where accuracy is critical [9].
Comparative studies further indicate that
QR-code detection methods exhibit strong
robustness to image distortions such as skew,
rotation, and low illumination, owing to the
inherent error correction capability and
distinctive structural patterns of QR codes [10].

Recent research has also addressed
specialized scenarios, including QR- code
detection on dynamically moving objects and
real  time  deployment  environments,
highlighting the need for detection frameworks
that balance accuracy and computational
complexity for practical use [11]. In industrial
contexts, region- based detection approaches
have demonstrated superior reliability. For
example, Alsulami and Jhanjhi [12] proposed a
deep learning-based QR-code detection system
for automated warehouse management,
reporting improved robustness under varying
illumination and occlusion. Similarly, Yang et al.
[13] investigated an industrial-oriented QR-code
recognition system using Unmanned Aerial
Vehicles (UAVs) in warehouse environments,
where accurate localization and recognition

under real-world conditions are essential.

The rapid expansion of e-commerce and
online shopping has significantly increased
parcel volumes processed by logistics providers.
Manual inspection and sorting are inefficient
and prone to error, while existing commercial
QR- code scanning systems often struggle to
detect multiple QR codes simultaneously,
leading to increased operational costs. From a
computer vision perspective, this problem
requires accurate multi- object detection and
robust QR-code localization under real-world
industrial conditions.

In practical logistics operations, QR-code
recognition requires not only accurate object
detection but also robustness to diverse
warehouse conditions, including multiple
parcels, varying illumination, different viewing
angles, complex package labels, and
backeround clutter.  Furthermore, logistics
systems commonly employ standardized
QR codes for parcel identification, shipment
tracking, and information retrieval, requiring
reliable detection and recognition under
real operating conditions.  Therefore, the
contribution of this study is twofold. First,
an R-CNN-based deep learning framework
integrating VGG16 and SVM is proposed
for accurate multi-QR-code detection. Second,

the framework is evaluated using real-world

package images collected from warehouse and
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logistics environments to assess its applicability
to parcel identification and tracking tasks.

R-CNN was selected due to its superior
localization accuracy and robustness under
complex visual conditions compared to single-
stage detectors. By integrating region proposal
generation with deep feature extraction, R-CNN
enables more accurate localization of small
QR codes embedded in overlapping objects,
scale variations, cluttered package labels, and
partially occluded scenes. These characteristics
make R-CNN particularly suitable for industrial
logistics  environments  where  detection
accuracy is more critical than processing speed
alone.

Motivated by these challenges, this paper
proposes an industrial- oriented R- CNN-based
multi- QR code detection system for logistics
applications. The proposed system captures
images using a mobile phone camera or
webcam, flexible

enabling deployment

in  warehouse and distribution  center
environments. By leveraging the strong
localization capability of R- CNN, the system
accurately detects multiple QR codes within a
single image and extracts sender and recipient
information. The proposed approach aims
to improve detection accuracy, reduce
misclassification errors, and enhance

the efficiency and reliability of QR-code-based

logistics workflows in industrial settings. The
effectiveness of the proposed framework is
validated using real- world package images
collected from warehouse and logistics
environments, providing insights into its
practical applicability for parcel identification

and tracking.

2. Materials and Methods
2.1 Data Preparation

The dataset consists of 1,000 images,
comprising 500 QR-Code images and 500 Non-
QR-Code images, resulting in a balanced dataset
for binary classification. The original images
were captured using a smartphone camera
under practical logistics conditions and
subsequently resized to 224 x 224 pixels to
satisfy the input requirements of the VGG16
network for feature extraction and model
training. To determine the optimal model
performance, the dataset was divided into two
experimental configurations. In the first
configuration, 70% of the dataset was used for
training and 30% for validation. In the second
configuration, 80% of the dataset was allocated
for training and the remaining 20% for
validation.

The preparation of the training and
validation datasets is illustrated in Figure 1,

which presents representative package images
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(a) The dataset image contains two QR-codes

(b) The dataset image contains four QR-codes

(c) The dataset image contains eight QR-codes

Figure 1 Representative images from the dataset used in this study.

used for training and validation. Figures 1(a),
1(b), and 1(c) show dataset images containing two,
four, and eight QR codes, respectively. QR code
and Non-QR-code regions were manually cropped
and annotated as ground-truth samples. To enhance
model robustness, data augmentation techniques
including rotation, skewing, scaling, blurring, and
noise addition were applied to simulate
challenging logistics conditions. The ground-truth
labeling process is illustrated in Figure 2 (a)-(c), which

is the ground-truth annotation process used for

QR-code localization. QR-code regions are manually
annotated using bounding boxes, where each
object is represented by four coordinates:
Xmin, Ymin, Xmax, and Ymax. These parameters
correspond to the minimum x-coordinate,
minimum y-coordinate, maximum x-coordinate,
and maximum y-coordinate of the bounding
box, respectively. The resulting annotation file
records the location of each QR-code object
and is subsequently used for training and

validation of the proposed detection model.
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(a) Original Package Image (b) Ground Truth Annotation
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Figure 2 Ground-truth annotation process for QR-code localization. (a) Original package image. (b) Manual

annotation of QR-code objects using bounding boxes. (c) The annotation file stores the

bounding-box coordinates in the format (Xmin, Ymin, Xmax, Ymax), which are used for training

and validation of the proposed detection model.

2.2 Research Methods

This study consists of two main stages. In
the first stage, a multi-QR-code detection model
is developed and evaluated. In the second
stage, the selected model is integrated into a
web- based application that can be accessed
through both mobile devices and desktop
computers. The entire system, including the
detection model and the web application, is
implemented using the Python programming
language. The overall workflow of the proposed

system is illustrated in Figure 3.

As shown in Figure 3, the first stage
involves a comparative evaluation of the VGG16
and ResNet50 models. During the training phase,
QR-code and Non-QR-code samples are used to
train and validate the classification models
under different experimental configurations.
The model achieving the highest validation
performance is selected for subsequent
deployment. Based on the experimental results,
VGG16 demonstrates superior performance and
is therefore adopted as the feature extraction

network in the proposed framework.
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Figure 3 Workflow of the proposed QR code

detection system.

In the second stage, the selected VGG16-
SVM model is integrated into an R-CNN framework
for multi-QR-code detection. Selective search is
first employed to generate candidate object
regions from the input image. Each candidate
region is then processed by the VGG16 feature
extractor, and the resulting feature vectors are
classified by a trained SVM classifier into
QR-code and Non-QR-code categories. Regions
classified as QR codes are subsequently

localized and forwarded for information decoding.

The computational details of the R-CNN, VGG16,
and SVM components are presented in sections

2.3 and 2.4, respectively.

2.3 Region-based Convolutional Neural Network
(R-CNN)

A region-based convolutional neural network
[14] is a deep learning framework widely used for
object detection in computer vision applications.
The R-CNN approach begins by generating candidate
object regions, referred to as region proposals,
using the Selective Search algorithm. These region
proposals are subsequently resized to a fixed
input size and processed by a Convolutional
Neural Network (CNN) to extract discriminative
visual features. The extracted features are then
classified using a Support Vector Machine (SVM)
classifier to determine whether the region
corresponds to a QR-code or a Non-QR-code
object. In addition, bounding-box regression can
be applied to refine the predicted object
locations and improve localization accuracy.

Figure 4 illustrates the workflow of the
proposed R- CNN- based QR- code detection
framework. First, an input image containing one
or more parcels is acquired. The Selective
Search algorithm is then employed to generate
candidate object regions. Each candidate region
is resized and processed by the VGG16 network to

extract deep feature representations. The resulting

N. Laopracha and A. Phupanver, “A Deep Learning-Based Multi QR Code Detection System for Logistics Applications.”
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Figure 4 The workflow of the R- CNN-based

QR code detection.

feature vectors are subsequently classified by
the trained SVM model into QR-code and Non-
QR- code categories. Regions classified as QR
codes are finally localized and forwarded to the
decoding stage for information extraction. This
framework enables accurate multi- QR- code

detection in logistics environments.

2.4 VGG16-SVM Classification Framework

In the classification stage, the VGG16
convolutional neural network was employed
as a feature extractor to learn discriminative

visual representations from the input images.

The extracted feature vectors obtained from
the VGGl 6 network were subsequently
forwarded to the Support Vector Machine
classifier for object classification. The SVM
classifier was used to determine whether the
detected object corresponded to a QR-code or
a non-QR- code object based on the extracted
visual features.

Figure 5 illustrates the training process of
the proposed VGG16-SVM model for QR-code
recognition. The training dataset is composed of
QR- code images and cropped Non- QR-code
background images extracted from package
surfaces, shipping labels, sender and receiver
information, and other irrelevant regions. Prior
to training, all images are resized to 224 x 224
x 3 pixels and provided as input to the VGG16
network. Through five convolutional blocks
consisting of convolution, ReLU activation, and
max-pooling layers, VGG16 extracts hierarchical
feature representations from the input images.
The resulting feature maps are flattened and
transformed into a 4096- dimensional feature
vector through fully connected layers.
Subsequently, the extracted features are used
to train an SVM classifier for binary classification.

Hyperparameter optimization was performed
using a grid-search strategy. Different combinations
of learning rate, batch size, optimizer, kernel

type, C value, and gamma value were systematically

N. Laopracha and A. Phupanver, “A Deep Learning-Based Multi QR Code Detection System for Logistics Applications.”
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evaluated. The configuration yielding the
highest validation accuracy was selected
as the optimal parameter set. The final
hyperparameter settings are summarized in
Table 1 and were subsequently used to train
the final VGG16- SVM model for QR- code

detection and classification.

1. Training Dataset

i >z
12‘%?;%‘! 3 ‘

2.VGG16 Architecture (Feature Extraction)
Block Output Size
O}'I;‘::l 64
Block 1 :
nhxdes | | BRAXBAXES S
Max Pooling 2x2, stride 2
Conv 3x3, 128
2 Rell
Conv 3x3, 128
M2x112x128 121120128 Rell
Max Pooling 2x2, stride 2
Conv 3x3, 256
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3 Conv 3x3, 256
Sock 56 x 56 x 256 [
56 x 56 x 256 ¥ 5 wa;:g 256
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- +

SVM Classifier

% QTN

Figure 5 Training Pipeline of the Proposed VGG16-

SVM Model for QR-Code Classification.

Table 1 Hyperparameter search space and
optimal parameter settings for VGG16
and SVM models.

VGG16
Hyperparameter Tested Final Value
Values
Learning Rate 0.01, 0.001 0.001
Batch Size 16, 32, 64 32
Optimizer SGD, Adam Adam
SVM
Hyperparameter Tested Final Value
Values
Kernel Linear, RBF RBF
C 0.2, 1.0, 10 1.0
Gamma Auto, scale scale

After the best-performing VGG16-SVM model
has been obtained, it is deployed for QR-code
detection as illustrated in Figure 6. Images
containing multiple package boxes are processed
by the R-CNN framework, where selective search
generates candidate regions from each package.
The candidate regions are resized and passed
through the trained VGG16 network for feature
extraction. The resulting feature vectors are
then classified by the trained SVM model as
either QR-code or Non-QR-code regions. Finally,
the detected QR- codes are localized using
bounding boxes, enabling automatic QR-code
detection from multiple package boxes in a

single image.
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Figure 6 Inference Workflow of the Proposed R-
CNN- Based Multi- QR- Code Detection
System Using VGG16 and SVM.

After the QR- code regions have been
successfully detected and classified by the
trained VGG16- SVM model, the detected QR-
code images are forwarded to the Pyzbar library
for decoding. Pyzbar is an open-source barcode
and QR- code decoding library that extracts
encoded information directly from the detected
QR-code region. The library analyzes the QR-
code pattern and converts the embedded data
into readable text. In this study, the decoded
information includes logistics- related details
such as recipient name, address, phone
number, tracking information, and other
encoded shipment data. By processing only the
regions classified as QR- codes, the system
reduces unnecessary computations and
improves the reliability of the decoding process.
The extracted information is subsequently

displayed to the user through the application

interface for further verification and utilization.

3. Result and Discussions
3.1 QR Code detection result

This study evaluates the performance of
two deep leamning models, VGG16 and
ResNet50, to identify the optimal model for QR
code detection. The experimental results are
summarized in Table 2. Although both VGG16
configurations achieved identical validation
accuracy, the 70:30 training-validation split was
selected because it required less training
time than the 80:20 configuration. Therefore,
this model was used for subsequent system
development.

Based on the experimental results
presented in Table 2, the VGG16 model was
selected to develop the proposed system. The
model was evaluated using images of parcel

boxes containing QR codes.

Table 2 Performance comparison of VGG16 and
ResNet50 in terms of accuracy and

processing time.

Model VGG16 Restnet50 VGG16 Restnet50

70:30  70:30 80:20 80:20

Training 100 100 100 80
Accuracy (%)

Validation 100 50 100 60
Accuracy (%)

Learning Time 105 a7 114 50

(second)

N. Laopracha and A. Phupanver, “A Deep Learning-Based Multi QR Code Detection System for Logistics Applications.”



12

MIANFIVINSNTTRVUNAMTEUATIUT TN 37 aUUf 2 w.e.—-.8. 2570
The Journal of KMUTNB., Vol. 37, No. 2, Apr.—Jun. 2027

Table 3 Confusion Matrix of the VGG16 Model
on the Validation Set (70:30 Split).

Actual/Predicted QR-Code Non-QR code
QR-Code 150 0
Non-QR code 0 150

Table 4 Confusion Matrix of the VGG16 Model on
the Validation Set (80:20 Split).

Actual/Predicted QR-Code Non-QR code
QR-Code 100 0
Non-QR code 0 100

Tables 3 and 4 present the confusion
matrices of the VGG16 model evaluated on
the validation datasets using the 70:30 and 80: 20
training-validation splits, respectively. In both
experimental configurations, all QR-Code and
Non-QR-Code samples were classified correctly,
resulting in zero false positives and zero false
negatives. Consequently, the model achieved
100% accuracy, precision, recall, and F1-score
on both validation sets. These results indicate
that the VGG16 model effectively learned
discriminative visual features for distinguishing
QR-Code and Non-QR-Code images within the
prepared dataset. The consistent performance
across  both  validation  configurations

demonstrates the effectiveness of the proposed

VGG16-SVM classification framework. However,

further evaluation using larger and more diverse
logistics datasets is necessary to assess the
generalization capability of the proposed model

under real-world operational conditions.

Table 5Sample images for evaluating QR code
detection with varying numbers of

boxes.

Number
Sample 1 Sample 2

of boxes
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Table 5Sample images for evaluating QR code
detection with varying numbers of

boxes. (continued)

Number
Sample 1 Sample 2

of boxes

10

In the QR-code detection experiments, the
evaluation was conducted wusing images
containing between one and ten boxes per
image. Each image includes different box
aliscnments. The experimental results for images
containing one to ten boxes are presented in

Table 5. Correct detections are represented by

green bounding boxes. QR code detection
is performed using the R-CNN approach. The

experimental results are summarized in Table 6.

Table 6 Results of QR code detection using R-
CNN with 10 QR Code images per box.

Number of Number of

Number of
Number of correctly incorrectly
Boxes per
QR codes detected detected
Image
QR Code QR Code
1 10 9 1
2 20 20 0
3 30 30 0
4 40 40 0
5 50 50 0
6 60 59 1
7 70 66 4
8 80 76 4
9 90 83 7
10 100 94 6
Total 527 23

Table 6 presents the QR-code detection
results obtained using the proposed R-CNN
framework under different numbers of parcel
boxes per image. Each parcel box contains one
QR code, resulting in a total of 550 QR codes
evaluated across all experimental scenarios.
The proposed system correctly detected 527
QR codes, while 23 QR codes were missed,
corresponding to an overall detection accuracy
of 95.82%. The results indicate that the proposed

method achieves excellent detection performance
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when the number of boxes per image is
relatively small. In particular, images containing
2-5 boxes achieved 100% detection accuracy,
with all QR codes correctly detected. As the
number of boxes increased beyond five, a slight
decrease in detection performance was
observed. For example, images containing six
boxes achieved 98.33% accuracy (59/60), while
images containing seven and eight boxes
achieved 94.29% (66/70) and 95.00% (76/80),
respectively. The most challenging scenario was
observed when the image contained nine
boxes, where 83 of 90 QR codes were correctly
detected, resulting in an accuracy of 92.22%.
This reduction in performance is mainly
attributed to increased object density, smaller
QR- code regions, partial occlusion, and greater
visual  complexity — within  the  image.
Nevertheless, even in the most challenging
cases, the proposed R-CNN-based framework
maintained a detection accuracy exceeding 90%,
demonstrating its effectiveness for multi-QR-code
detection in logistics applications. However,
the observed performance degradation at
higher object densities suggests that further
optimization is required to improve detection
reliability in large-scale warehouse environments
containing densely packed parcels.

Table 7 summarizes the overall detection

performance of the proposed R-CNN-based QR-

code detection framework on multiple package
images.  The proposed system achieved a
detection accuracy of 95.82%, indicating that the
majority of QR- code regions were successfully
identified and localized. The precision value of
94.11% demonstrates that most regions classified
as OR codes were correct detections, with only a
small number of false- positive predictions. In
addition, the recall value of 95.82% indicates that
the proposed framework was able to detect most
of the QR codes present in the test images,
resulting in a low number of missed detections.
The F1-score of 94.96% further confirms the
balanced performance between precision and
recall. Overall, these results demonstrate that the
proposed framework provides reliable and
effective multi- QR- code detection in logistics
environments, even when multiple package boxes

are present within a single image.

Table 7 Detection Performance of the Proposed

Framework on Multiple Package Images.

Metric Value(%)
Detection Accuracy 95.82
Precision 94.11
Recall 95.82
F1-Score 94.96

Figure 7(a)-(b) presents representative
examples of multi- QR-code detection results

obtained using the proposed framework. Green
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3%

(a) 10 QR-Codes/image  (b) 9 QR-Codes/image

Figure 7 Representative examples of (a) 10 QR-
Code/image and (b) 9 QR-Code/image

QR code detection outcomes.

bounding boxes indicate correctly detected QR
codes, whereas red bounding boxes represent
missed or incorrectly detected QR codes.
Detection errors are more likely to occur when
QR codes are blurred, partially occluded, or exhibit
visual characteristics similar to the surrounding
package surfaces and labels. These conditions
reduce the distinct visual features available for
feature extraction and classification, thereby
increasing the difficulty of accurate QR-code
localization and detection. The missed detections
were primarily observed in densely packed package
arrangements where QR codes appeared at
small scales or were partially occluded.

Table 8 presents a comparative evaluation
of several QR-code detection methods reported
in previous studies. The image- processing and
ZBar- based detection approach achieved an
accuracy ranging from 80% to 90% when

evaluated under varying environmental conditions.

However, its performance was sensitive to image
quality, illumination variation, and background
complexity. The YOLOvV5-640 method reported
the highest accuracy of 97.6%, demonstrating
excellent detection capability under the
experimental conditions considered in the studly.
The Faster R-CNN approach achieved an accuracy
of 89.00% on datasets containing QR codes with
diverse orientations and visual characteristics.
Compared with these methods, the proposed
R-CNN-based framework achieved a detection
accuracy of 95.82%. The results indicate that
the proposed method provides competitive
performance for multi-QR-code detection while
maintaining robustness in logistics scenarios
involving multiple package boxes, varying QR-code
positions, and complex background information.
These findings demonstrate the effectiveness of
combining R-CNN, VGG16 feature extraction, and
SVM classification for QR-code localization and

detection in practical logistics applications.

Table 8 Performance comparison of QR-code

detection methods in terms of accuracy.

Method Accuracy (%)

Image processing+ 80-90

Zbar detection [14]

YOLOV5-640 [15] 97.6
Faster R-CNN [16] 89.00
Proposed Method 95.82
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3.2 Application implementation

In this study, a web-based application was
developed using the Flask framework. The
backend was implemented in Python and
integrated with the trained R-CNN inference
engine, while the frontend accessed the
detection service through Flask-based web APIs.
This architecture supports both desktop and
mobile devices and enables cross-platform QR-
code detection through standard web browsers.

The operational workflow of the proposed
system is illustrated in Figure 8. First, users access
the web application and capture an image using
either a mobile device camera or a webcam
before uploading the image to the system.
Subsequently, the proposed model detects
multiple QR codes within the uploaded image and
generates bounding boxes around the detected
regions. The system then displays the recipient
information and indicates the order of each
detected parcel, enabling warehouse staff to
accurately identify and retrieve the corresponding
packages, as shown in Figure 9.

The proposed system was designed to
support practical logistics and parcel management
applications. Nevertheless, system performance
may be affected under challenging environmental
conditions, such as poor illumination, motion blur,
partial occlusion, and densely overlapping QR

codes. Therefore, further optimization and large-

scale deployment testing are necessary to
improve system robustness and operational
reliability in real warehouse environments.
Table 9 summarizes the overall performance
of the proposed framework in terms of
QR-code detection and QR-code decoding. The
proposed R-CNN-based detection framework
achieved a detection accuracy of 95.82%, indicating
that most QR- code regions were successfully
localized within the package images.
However, the QR-code decoding accuracy
obtained using the Pyzbar library was 55.03%,
which is considerably lower than the detection

accuracy.

& Upload Image

Choose File No file chosen

Upload

Figure 8 Deep learning—based multi QR code

detection system for parcel logistics.
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CM654321
Name: Mr Athasit

Address: 678 S Athmithot
summanes

Phone number: 0831234567

CM654322
Name: Miss Peeraya

Address: 678 S Athmithot
summanes

Phone number: 083123567

CM654323
Name: Supoel ngtrong

Address: 678 S Athmithot
summanes

Phone number: 081518001

CM654324
Name: Mr. Boonladd

Address: 678 S Athmithot
summanes

Phone number: 0941256781

CM654325
Name: Mr. Warit

Address: 678 S Athmithot
summanes

Phone number: 087345678

CM654326
Name: Miss Kowanta

Address: 678 S Athmithot
summanes

Phone number: 089765432

1 2 3

4 5 6

Figure 9 Multi QR code detection result.

Table 9 Detection and Decoding Performance of

the Proposed Framework.

Method Value(%)
QR-Code Detection Accuracy 95.82
QR-Code Decoding Accuracy (Pyzbar) 55.03

The discrepancy between detection and
decoding performance can be attributed
to several factors. Although the proposed
framework successfully localized QR-code regions,
some detected QR codes occupied only a small
portion of the original image. Consequently, the
cropped QR- code regions contained limited
visual information and reduced effective
resolution, which adversely affected the decoding

capability of the Pyzbar library. In addition, image

blur, illumination variation, partial occlusion,
and perspective distortion further reduced

decoding reliability.

Previous studies have reported that
traditional QR- code decoding methods,
including ZBar- based approaches, often

experience performance degradation under
challenging real-world conditions, particularly in
the presence of image blur, perspective distortion,
occlusion, and non- uniform illumination [7],
[17]. These factors can significantly reduce
decoding reliability and increase the likelihood
of decoding failures. Therefore, the decoding
performance observed in this study is consistent

with the known limitations of conventional QR-code

N. Laopracha and A. Phupanver, “A Deep Learning-Based Multi QR Code Detection System for Logistics Applications.”



18

MIANFIVINSNTTRVUNAMTEUATIUT TN 37 aUUf 2 w.e.—-.8. 2570
The Journal of KMUTNB., Vol. 37, No. 2, Apr.—Jun. 2027

decoding libraries, especially when small or
low-quality QR-code regions are extracted from
complex logistics images.

In addition, the overall system performance
may be affected by poor lighting conditions,
severe image blur, partial occlusion, and complex
background information commonly encountered
in logistics environments. These factors may
reduce both QR-code detection and decoding
accuracy, particularly when multiple parcels are

densely arranged within a single image.

4. Conclusions

This study presented a deep learning-
based multi- QR-code detection framework for
logistics applications using a Region- based
Convolutional Neural Network integrated with
VGG16 feature extraction and SVM classification.
The proposed framework was developed to
support automated parcel identification and
information retrieval in logistics operations.
Experimental results demonstrated that the
proposed system achieved a QR-code detection
accuracy of 95.82%, with a precision of 94.119%,
a recall of 95.82%, and an Fl1-score of 94.96%.
The results indicate that the proposed
framework can effectively detect multiple QR
codes within a single image, even in scenarios
involving  multiple parcels and complex
background information commonly encountered

in logistics environments.

The study also evaluated QR-code decoding
performance using the Pyzbar library. Although
the proposed framework successfully localized
QR- code regions, the decoding accuracy was
lower than the detection accuracy due to
factors such as small QR-code size, image blur,
illumination variation, partial occlusion, and
perspective distortion. These findings highlight
that reliable logistics automation depends not
only on accurate object detection but also on
robust QR-code decoding performance under
practical operating conditions.

From an industrial perspective, the
proposed framework demonstrates strong
potential for deployment in warehouse and
parcel management systems. The ability to
simultaneously detect multiple QR codes can
reduce manual inspection effort and improve
operational efficiency in parcel sorting and
tracking processes. Furthermore, the proposed
framework can be extended to other object
detection and industrial inspection applications,
including barcode detection, inventory
management, warehouse  monitoring, and
intelligent transportation systems, demonstrating
its broader applicability in computer vision-based
automation.

Future work will focus on improving

QR-code decoding performance and system

robustness under challenging logistics conditions
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through higher-resolution image acquisition,

image enhancement techniques, super-
resolution reconstruction, and more advanced
decoding algorithms. In addition, larger and
more diverse logistics datasets will be
investigated to further evaluate the scalability
and generalization capability of the proposed
framework in real-world warehouse environments.
To provide a more comprehensive performance
evaluation, future studies will compare the
proposed approach with more recent CNN
architectures, including ResNet, MobileNet, and
EfficientNet, considering not only classification
accuracy but also computational efficiency,
inference speed, memory usage, and resource
requirements. Moreover, the effects of training
hyperparameters, particularly the number of
training  epochs, will be  systematically
investicated to identify the optimal model
configuration for practical QR-code recognition

in logistics applications.
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