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Abstract— Object detection is one of the key areas in computer
vision that plays a crucial role in processing and analyzing visual
data. In various applications such as clothing recognition, object
detection is instrumental in identifying and localizing objects in
image or videos. This research utilizes one of the Convolutional
Neural Network (CNN) architectures, YOLOv5n, to develop an
effective framework for clothing detection. The objective is to
enchance the performance of YOLOv5n in terms of accuracy
while ensuring applicability to low-cost devices. Additionally, a
new clothing dataset is curated for this purpose. The study
leverages CPU-based cameras for real-time object detection. By
modifying the SPPF module within the YOLOv5n architecture,
high accuracy is achieved with parameters totaling 7,086,779,
mAP of 0,685, and GFLOPS of 8,3.
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I. INTRODUCTION

Clothing, or the appearance of clothing, is a fundamental
aspect of daily human life and personal expression [1].
Technological advancements have played a significant role in
enhancing the efficiency and convenience of various human
activities. In the context of e-commerce, the integration of
intelligent methods to assist with clothing combination can
streamline the process of selecting and organizing garments,
tasks that are often time-consuming and influenced by diverse
user preferences. Apparel detection can enhance the online
shopping experience by enabling consumers to visualize how
garments would appear on their bodies before purchase. To
facilitate the integration of such functionality in e-commerce
platforms, accurate clothing detection is required at an early
stage. To achieve this, deep learning techniques are employed
to ensure reliable and precise detection results [2].

Deep learning is a modern machine learning approach that
mimics the structure and function of neural networks in the
human brain. One such architecture is the artificial neural
network, which simulates the behavior of biological neurons
to perform prediction tasks at the output layer [3]. Deep
learning methods are capable of effectively extracting relevant
features and high-level representations from data, making
them particularly well-suited for accurate clothing detection
and classification tasks [4], [5].

The deep learning method employed in this study is the
Convolutional Neural Network (CNN), a class of neural
networks widely used for processing image data. Among the
various CNN-based architectures, this work utilizes
YOLOvV5n (You Only Look Once version 5n) [6], which is
known for its efficiency and real-time object detection

capabilities. This research aims to enhance the YOLOv5n
architecture to achieve high performance in clothing
detection, measured using mean Average Precision (mAP)
[7]. The model is designed to be efficient enough for
deployment on low-cost devices. In addition, a new clothing
dataset is created, consisting of specific categories such as
short-sleeved shirts, long-sleeved shirts, long pants, shorts,
sweaters, long skirts, short skirts, long dresses, short dresses,
ties, hats, and vests.

The Convolutional Neural Network (CNN) is a deep
learning algorithm capable of learning from both new and
existing datasets by optimizing millions of parameters. It
processes 2D image inputs through convolutional layers,
where filters are applied to extract important features,
ultimately producing the desired output [8], [9].

One of the most widely recognized deep neural network
architectures is the Convolutional Neural Network (CNN),
named for its use of a linear mathematical operation known
as convolution, performed between input data and learnable
filters. A typical CNN consists of several key layers,
including convolutional layers, non-linear activation layers,
pooling layers, and fully connected layers. While
convolutional and fully connected layers contain learnable
parameters, pooling and non-linear activation layers do not.
CNNs are well known for their outstanding performance in
addressing a wide range of machine learning and computer
vision problems [8].

The CNN architecture for image classification begins
with an input image associated with a set of target classes.
The image is first processed through convolutional layers to
extract relevant features, followed by activation functions to
introduce non-linearity [10]. The resulting feature maps are
then passed through pooling layers to reduce dimensionality
and computational complexity. Finally, the output is fed into
fully connected layers to produce the final class predictions
[11].

YOLO is an object detection framework based on CNN.
This architecture processes the entire image in a single pass,
simultaneously predicting the object class and bounding box
location [12]. This approach uses a single forward
propagation, enabling real-time object detection by
combining classification and localization tasks into a single
unified network [7].

Object detection is analyzing a digital image to identify
and determine the presence of specific objects. This process
involves various techniques that focus on extracting and
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interpreting the features of objects within the image or video
[13], [14]. The primary goal of object detection is to
distinguish and localize the target objects (foreground) from
the surrounding context (background) in an image or video
sequence [15].

Object detection is an advanced computer vision
technique that aims to recognize and label objects within
images, videos, and real-time footage. Object detection
models are trained on annotated visual datasets, enabling
them to accurately identify and classify objects in new,
unseen data. The overall process can be simplified into two
main steps: receiving a visual input and generating a labeled
visual output [16].

At the core of object detection lies the bounding box,
which delineates the spatial extent of the detected object
within an image. Each bounding box is typically associated
with a class label that describes the identified object, such as
clothing, people, vehicles, and so on. In scenes containing
multiple objects, bounding boxes may overlap to accurately
capture the presence of several instances, depending on the
model's learned representation and prior knowledge of the
object categories [16].

II. METHODOLOGY

A. Experiment

The research on designing an object detection system
using YOLOVS begins with the following steps:
1. Collecting relevant reference data and information
related to the proposed system model.
2. Preparing the necessary hardware and software tools to
develop the YOLOVS architecture.

Creating a new dataset tailored to the application.

Designing and implementing the training program.

5. Fine-tuning the YOLOVS architecture to optimize
accuracy and efficiency.

6. Deploying the model by testing the tuned architecture
on low-cost devices.

7. Analyzing the optimization in terms of frames per
second (FPS) or delay, as well as evaluating the
detection accuracy of the developed model.

8. Preparing the final research report.

oW

B. System Architecture

In developing an object detection system using YOLOVS,
a clear and well-defined conceptual framework is essential to
ensure that the results are in line with the desired objectives.
This framework serves as a strategic guide for designing an
optimal system, outlining the necessary steps, and
determining the supporting components required for effective
implementation. The dataset used in this study was
specifically designed to support the training and evaluation of
object detection models. The data was obtained from various
digital media, including mobile device recordings and
publicly available online video platforms such as YouTube
and Pinterest. Each video was extracted into individual
frames, then further processed to generate a dataset of clothing
images.

Overall, 3,000 labeled images with a minimum resolution
of 367x652 pixels and a maximum resolution of 6000%3376
pixels were collected, covering a range of quality from low to
high. This dataset was divided into 600 images for training

9

and 2,400 images for testing, with the appropriate division
applied to the label files. To minimize learning bias, the
number of samples in each class was balanced. This dataset
plays a critical role in ensuring that the training data is clean,
relevant, and representative, thereby improving the model's
detection performance. The dataset creation process began
with data collection, which involved several classes as shown
in Figure 1. This was followed by annotation and label
assignment according to predetermined categories. After
dataset construction, image preprocessing is performed prior
to training. The training process is conducted on the Ubuntu
operating system using a CNN architecture, and the model
weights are extracted upon completion. The model that
achieves the highest accuracy and efficiency is then deployed
on a low-cost device for real-time inference using a webcam.
Figure 2 illustrates two main stages: the training stage and the
testing stage. In the training stage, the machine learning
process mimics human learning by using examples to
recognize patterns and respond to related cases. The first step
involves introducing the dataset, specifically, the
preprocessed General Clothing dataset, which ensures that the
image data used for training is clean, relevant, and capable of
producing optimal results. During this stage, an efficient
YOLOVS5 architecture is also designed and implemented to
enhance the performance of the object detection model.
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Figure 2 illustrates the learning and testing processes involved
in the system workflow.

The research began with the compilation of a dataset,
which involved collecting clothing images and annotating
them with bounding boxes and category labels. This



annotation step was essential to provide the model with clear
information about the target objects. The annotated dataset
was subsequently used for training and testing. The data were
fed into the YOLOVS network and trained using specific
parameters, including the number of epochs, batch size, image
size, and learning rate. During training, validation was
performed to evaluate the model’s performance, while a loss
function was employed to calculate the prediction error rate.
The best-performing model from this process was saved for
subsequent stages. To ensure computational efficiency, the

After obtaining the best model, the research proceeded to
the inference stage. Test data was collected via webcam and
processed using the YOLOv5-Nano model. The model
generated detections in the form of bounding box locations
and corresponding clothing classes in the image. This
inference process can be run on a CPU, enabling evaluation in
real-world conditions using commonly available computing
devices. The workflow was implemented on the Ubuntu
operating system, with PyTorch as the deep learning
framework and Ultralytics providing the official YOLOvVS
implementation. Model training was performed on a GPU-
based PC, while inference was performed on a CPU-based
laptop.

Table 1 Speed test obtained using a laptop during the model's
inference process.

PARAMET

MODEL ER  JFLOPS [ AP:050 mAPO5 FPS

95

YOLOvSn 1,778,107 43 0,75 0,567 31,10
YOLOvSn 1,778,107 43 0,761 0,59 31,35
YOLOvSn 1,778,107 43 0,797 0,646 31,80
YOLOvSn 1,778,107 43 0,82 0669 31,14
YOLOV5n-

modify 7,086,779 8,4 0,824 0,685 2590

In this experiment, the system was configured with
Ubuntu 22.04.3 as the operating system, 32 GB of RAM, and
an Intel Core i7-13700KF CPU. To accelerate model training
and inference, a 24 GB NVIDIA RTX 4090 GPU was utilized
as the graphics processing unit.The proposed network was
implemented using PyTorch and leveraged CUDA 12.2 to
enable efficient GPU acceleration. The training process was
conducted over 200 epochs to ensure sufficient iterations for
effective object detection. During training and evaluation, the
input image size was set to 960 x 960 pixels, with a learning
rate of 0.001 and a batch size of 64. A loss function was
employed to quantify the difference between the predicted
bounding boxes and object classes and the ground truth
annotations. The model’s performance was evaluated on an
iPhone 14 Pro connected to a deployment PC with 6 GB of
RAM during the testing and deployment stages. This setup
enabled the assessment of the model’s compatibility and
efficiency in real-world scenarios with limited computational
resources. Model performance was measured using the mean
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average precision (mAP), calculated based on the Intersection
over Union (IoU) thresholds of 0.5 and the range 0.5:0.95.

III. RESULTS AND DISCUSSION

Clothing detection performance is improved by
modifying the Spatial Pyramid Pooling-Faster (SPPF)
module. This change expands the receptive field by applying
sequential pooling using a 5x5 kernel, followed by additional
convolution operations after concatenation. A 7x7
convolution is first applied to capture broader contextual
information, while 5x5 and 3x3 convolutions are
subsequently used to refine and integrate features from
different pooling scales. This improvement strengthens the
model's feature extraction capabilities, resulting in higher
detection accuracy compared to the base YOLOv5n model.

Table 1 presents a comparison between the original and
modified versions of the YOLOvV5n object detection model.
It includes results for the original model using input image
sizes 0f 320%320, 460%460, 640x640, and 960x960 pixels, as
well as the modified model evaluated with 960x960 images.
The mean Average Precision (mAP) metric, which is widely
used to assess object detection performance, is reported,;
higher mAP values indicate better detection accuracy. Here,
mAP is measured at IoU threshold values of 0.5 and 0.95.
Models with fewer parameters are generally preferred, as
they tend to be lighter and more computationally efficient.
The number of epochs, representing the total iterations over
the entire dataset during training, is also reported.

The last column displays the detection speed, measured in
FPS, showing how many images are processed per second
when the model is applied in an application. Versions trained
with smaller input image sizes achieve higher values,
indicating faster object detection performance.
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Figure 3. Confusion matrices on evaluation dataset.



converttt_frameQRRediog

Figure 5. Visualization of the model’s validation results
following the modification process.

Figure 6. Results of performance testing in real-time
implementations conducted on a laptop device.

The confusion matrix in Figure 3 shows that the model
achieves high accuracy in several categories, including 455
correct predictions for long pants, 110 for short-sleeved
shirts, and 76 for hats. However, classification errors were
observed in visually similar classes; for example, long-
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sleeved shirts were often misclassified as collared long-
sleeved shirts, and sweaters were sometimes misclassified as
backgrounds. These findings indicate that the model
performs well on categories with distinct visual features but
faces challenges in distinguishing clothing types with
overlapping characteristics, highlighting the importance of a
balanced dataset and improved feature extraction strategies.

Figures 4 and 5 illustrate the prediction results before and
after modification of the YOLOv5n architecture. Figure 4
shows the validation results of the original, unmodified
YOLOvS5n model, which exhibits a relatively low mAP.
Consequently, some objects in the images are either
undetected or misclassified. In contrast, Figure 5 presents the
validation results of the modified YOLOv5n architecture,
which achieves a higher mAP, resulting in more accurate
detections with correct class predictions across all images.
Figure 6 visually demonstrates the detection results overlaid
on images of general environments to analyze model
performance. The accuracy of the modified YOLOv5n model
was tested on a CPU by evaluating its ability to detect
humans. During CPU-based testing, the model’s performance
is influenced by the computational efficiency of the CPU.
Additionally, detected objects are accurately localized and
highlighted with color-coded bounding boxes corresponding
to their respective classes, emphasizing significant features.
The proposed model in this study demonstrates improved
accuracy in object identification.

The proposed system exhibits several shortcomings, such
as incorrect object detection, which may indicate potential
errors in the detection process or difficulties in object
identification. Additionally, the system struggles with
detecting overlapping objects, likely due to the model's
limitations in understanding contextual information or
accurately localizing objects when there is a high degree of
similarity among learned features.

IV. CONCLUSIONS AND FUTURE WORK

A. Conclusion

Based on research and discussion regarding the
implementation of the YOLOvVS architecture for clothing
detection systems, several conclusions can be drawn. A new
dataset consisting of 14 object classes was created, and this
architecture was implemented to optimize the clothing
detection process. The most suitable architecture identified
was YOLOv5n-Modify. However, this system still has
several limitations, including the occurrence of double
bounding boxes and potential classification errors due to the
existence of several classes with similar visual features. This
modification achieved the highest detection accuracy, with a
mAP@0.5 of 0.824 and a mAP@0.5:0.95 of 0.685, compared
to the original YOLOvVS5n, which only achieved a maximum
mAP@0.5 of 0.82 and a mAP@0.5 of 0.669. This
improvement shows that the modification enhances the
model's ability to detect clothing objects more accurately.
However, the modified architecture has more parameters,
namely 7,086,779, and higher computational costs of 8.4
GFLOPs, resulting in a slower inference speed of 25.90 FPS
compared to more than 31 FPS in the original model. These
results show that the proposed modification can improve
detection accuracy, in line with the research objective of
enhancing the performance of the nano variant. However, the



trade-off between accuracy and real-time speed highlights the
need for further optimization to maintain efficiency when
applied to low-cost devices.

B. Future Work

This research still has several aspects that require further
evaluation to enhance its quality in future work. For future
researchers, it is recommended that when constructing a
dataset, the number of images per class should be balanced to
ensure that the model can learn all classes effectively.
Additionally, the architecture can be further developed to
achieve higher accuracy while reducing computational
complexity. Moreover, this system has the potential to be
expanded into a fully functional application for practical
deployment.
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