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Abstract—In Indonesia, chili peppers are a Vvital
agricultural commodity, widely used in various local dishes.
Chili peppers are widely sold in modern markets and
traditional markets. In some traditional markets, sellers
sometimes do not store them in suitable conditions, thereby
affecting the quality of the chili peppers. Sometimes, buyers
are unable to select the specific chilies being sold wholesale,
so they often end up with chilies of inferior quality.
Therefore, this study proposes a deep learning-based
computer vision system using the You Only Look Once
(YOLO) framework to distinguish between fresh and rotten
chili peppers. The model that we use was trained using 400
datasets from web-crawled images. To simulate real-world
scenarios, during testing, some synthetic images were
arranged in both regular and random patterns, as well as
various chili orientations. Experimental results demonstrate
that the proposed model effectively localizes and classifies
chili peppers with confidence scores ranging from 0.55 to
0.90. Quantitative evaluation results achieved an accuracy of
0.5048, precision of 0.5516, recall of 0.4580, and mAP@0.5 of
0.4662, indicating moderate detection and classification
performance under varying visual conditions. The result of
the experiment shows that the system success for
distinguishes between fresh and rotten chilli pepper in some
conditions of image variation, such as the angular orientation
of the chilli peppers and their proximity. This shows that the
approach using YOLO provides very promising results for
application in the agricultural market.

Keywords— Deep Learning, YOLO, Chili Pepper, Quality
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I. INTRODUCTION

Chili peppers are very popular and widely consumed
in Indonesia and play a significant role in food industries
and daily consumption, particularly in developing
countries. The freshness of a chili pepper significantly
affects the dish, market value, and food safety. Its quality
is also determined by microbiological factors, mechanical
damage, or poor storage conditions leads to visible
changes such as chili color change, skin defect, and texture
deterioration, resulting in considerable decline in sales [1].
Therefore, an accurate and reliable method for
distinguishing between fresh and rotten chili peppers is
very important.

Quality assessment of agricultural products is
traditionally performed through manual visual inspection.
This method is simple to implement, but has weakness
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such as highly subjective, labor-intensive, and inconsistent
when applied to large-scale sorting and quality control
processes [2]. To address these limitations, many
researchers have studied and developed automated
computer vision technology to evaluate quality in
agriculture, as they offer objective, repeatable, and
efficient inspection capabilities.

The current development of Convolutional Neural
Networks (CNNs) as a deep learning method has
significantly improved the performance of image-based
classification tasks. CNN-based methods are capable of
automatically running differentiating feature such as color,
texture, and shape from images, making them very suitable
for food quality and freshness analysis [3][4][5]. Many
studies have shown the effectiveness of deep learning
models in classifying fruits and vegetables based on
ripeness levels, defects, and spoilage conditions.

The You Only Look Once (YOLO) is a framework
long known as a learning model for object detection.
YOLO offers advantages in data processing speed as well
as high accuracy in object localization and classification in
a single forward pass of the network [6][7]. Although the
primary YOLO design is used as a detection tool, recent
studies have shown that it can be used in the agricultural
sector to determine the quality of fruits and vegetables,
enables the efficient identification and classification of
fresh and spoiled agricultural products [8].

YOLO framework has been applied to several previous
studies have especially for chili pepper for detection and
quality determination; however, most of these works were
conducted on a relatively small experimental scale. The
number of chili pepper images observed was not very
large, and more often simply observe a single chili pepper
in various forms, with limited quality classes such as
ripeness or freshness levels [9], [10] [11]. Although
numerous previous studies have addressed chili freshness
using YOLO, the testing scenario is also quite simple and
do not adequately reflect actual post-harvest conditions.

The main research gap between this study and other
previous studies is the limited evaluation of YOLO
models, such as the positioning of the chilies across
various rotations, the arrangement of chilies within the test
image layout, and the condition—fresh or rotten—of the
chilies within a single test image. In addition, previous
works generally used conventional datasets and limited
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variation in test data, which influences the testing of the
robustness and generalization ability of the trained models
in realistic agricultural environments.

To address this problem, in this research proposes a
deep learning system using YOLO combined with
synthetic image generation for evaluation under more
realistic and complex scenarios. The novelty of this
research lies in the use of synthetic images—composed
using various positions, sizes, and orientations of fresh and
rotten chili peppers—to simulate piles of chili peppers in
a market. Furthermore, the proposed model is
quantitatively evaluated using accuracy, precision, recall,
and mAP@0.5 metrics to provide a comprehensive
assessment of detection performance. With this approach
it is hoped that it can improve identification ability of chili
pepper quality in smart agriculture applications.

Il. METHOD

This methodology section outlines the steps for using
a YOLO-based deep learning approach to determine the
quality of chili peppers (fresh versus rotten). The proposed
method involves dataset preparation using web-crawled
images, the generation of synthetic images resembling
piles of chili peppers, model training, and performance
testing of the trained model.

A. Dataset Preparation

The dataset in this research was created by
downloading images using web-crawling machine like
Bing image search engine, it will automatically searches
from the internet for images of chili peppers. The dataset
that consisting of 400 images of chilies—both fresh and
rotten—was selected. This technique yields a variety of
chili pepper images across diverse environmental
conditions—such as lighting, backgrounds, shapes, sizes,
quantities, clustering, and chili varieties—designed to
approximate real-world scenarios.

The collected images were manually filtered to remove
irrelevant, low-quality, or duplicate samples. Naturally,
not all image data meets expectations in terms of quality;
filtering is required to remove irrelevant images,
duplicates, cartoons, and images unrelated to chili peppers.
Once 400 images were successfully obtained, object
labeling was performed using labeling tools (Figure 1)
compatible with the YOLO format to ensure the accuracy
of object positioning and classification.

Since the images in the database are not of uniform
size, resolution adjustments are required. The images from
the existing dataset are sorted and distributed into separate
folders to distinguish between the data intended for
training, validation, and testing.
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Figure 1. Sample of fresh chilli image labeling process

B. Synthetic Image Generation

To assess the reliability of the trained machine learning
model, this study utilizes synthetic images as test data.
This synthetic image was created by combining several
images from a dataset into a single image. The variations
in the chili images provided include color, size, type,
position, and rotation. With this variation we will get
image that contains varying numbers of chili peppers with
some arrangements, such as orientations, color, and
combinations of fresh and rotten classes, as illustrated in
Figure 2.

Next steps for creating synthetic images are we are
creating several variations. First, for the first test image,
we created a composition featuring a total of nine fresh
chili peppers, arranged with uniform spacing and
variations in color, size, and orientation. Second, as with
the first step, a second test image was created using the
same variations, but featuring a rotten chili; this was
intended to determine whether the trained model could
distinguish between fresh and rotten chilies. Third, for this
third test image, we are trying a combination of fresh and
rotten chilies arranged within a single test image. Fourth,
in this image, the quantities of rotten and fresh chilies are
combined; however, unlike the first image, the chilies here
are arranged unevenly, similar to Figure 2. The
expectation is that, during testing, the system will output a
bounding box class that matches the actual condition of the
chili peppers, even when they are in a random pile or
arrangement.

This approach is expected to simulate the actual
conditions of chili peppers sold on the market, so that the
resulting image analysis data can be applied in real-world
scenarios, such as when the peppers are piled up or stored
in containers. With this separation (the training data
(original images) from the testing data (synthetic images)),
aims to determine whether the model is capable of
detecting images or conditions outside of its training
dataset. Furthermore, This will significantly optimize time
and resources, as we do not need to set up real-world
conditions.
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Figure 2. Examples of Synthetic Test Images Generated by
Combining Fresh and Rotten Chili Peppers in a Single Scene.

C. YOLO-Based Model Architecture

The system being developed utilizes the YOLO (You
Only Look Once) framework from Ultralytics. This
framework will be used to create a machine learning model
that distinguishes between fresh and rotten chili peppers.
The advantage of YOLO is its ability to perform object
detection and classification in a single forward pass,
making it highly efficient and capable of real-time
operation.

In general, the YOLO model in this study was
modified and configured solely to detect the condition of
the chili peppers (fresh or rotten), without classifying their
size or type. The main network architecture consists of a
backbone that use for feature extraction, a neck for multi-
scale feature fusion, and a detection head for showing
bounding box regression and class prediction.

D. Model Training Configuration

An object detection system developed using Ultralytics
YOLOV8m as the pre-trained model version. Although
there are various versions of YOLO, we are using this one
because it is fast and accurate, given the available
hardware. The training process was conducted using the
prepared dataset with several predefined hyperparameters.
Before being used for training, all images in the dataset
must be resized to 640 x 640 pixels so that the image
dimensions remain constant during training. The batch
size was configured to 16, and the model was trained for
100 epochs. To improve accuracy, the AdamW optimizer
is also used to prevent overfitting, with an initial learning
rate of 0.001 to improve convergence stability during
training. Additionally, to prevent overfitting caused by an
excessive number of epochs, the maximum number of
epochs is limited to 20.

Data augmentation techniques are also employed to
enhance model training quality by automatically applying
transformations via code; these transformations include
rotation, scaling, horizontal flipping, translation, and
brightness adjustment. These augmentation methods help
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the model recognize chili peppers with different
orientations, sizes, and illumination levels.

Retraining the YOLO model will improve the model's
accuracy and also enable it to recognize classes that were
not present in the base model. Model performance was
continuously monitored using the validation dataset, and
the best-performing model was automatically selected for
final evaluation based on the validation results.

E. Qualitative Evaluation Based on Bounding Box
Scanning

A qualitative evaluation based on visual observation to
determine the success of the trained YOLO model,
assessed by the appearance of classes and bounding boxes
that correspond to the actual conditions.

In this study, the evaluation scenario utilizes four
previously generated synthetic images to assess the
performance of the developed model:

1. Image consisting of 12 fresh chili peppers

This image is used to evaluate whether the trained
model is capable of detecting variations in color, size,
type, and simple orientation of fresh chili peppers.

2. Image consisting of 12 rotten chili peppers

This image is used to evaluate whether the trained
model is capable of detecting variations in color, size,
type, and simple orientation of rotten chili peppers.

3. Mixed fresh and rotten chili peppers arranged neatly

This image is used to evaluate the model's ability to
distinguish between fresh and rotten chilies arranged in an
orderly manner within a single image.

4. Mixed fresh and rotten chili peppers arranged randomly

This image is used to simulate the actual condition of
a chili pile consisting of a mixture of fresh and rotten
chilies, with their positions and orientations arranged
randomly.

For each evaluation, a visual check is performed by
observing the appearance of the bounding box relative to
the image, as well as the correspondence between the class
and the image of the chili pepper being tested. Based on
these results, the model's behavior in detecting chili
objects can be analyzed in relation to the introduced
variations.

I1. RESULT AND DISCUSSION

This section presents the outcomes of the proposed
YOLO-based chili pepper detection and classification
system. The results are evaluated using synthetic test
images generated from annotated chili peppers, focusing
on the qualitative assessment of bounding box placement
and class labeling. The discussion highlights the model’s
performance under different object arrangements and
visual conditions, and compares the observations with
expectations based on the designed methodology.

A. Detection of 12 Fresh Chili Peppers
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The results of testing using a synthetic image
containing 12 fresh chili peppers are shown in Figure 3.
From the figure, it can be observed that the detected chili
peppers are enclosed within bounding boxes, and their
condition is indicated by the class name displayed above,
along with the corresponding confidence score.

It can be seen here that the trained model is capable of
detecting the presence of chili objects, indicated by
bounding boxes. The model is also capable of accurately
defining the chili class, as evidenced by all chilies being
identified as fresh chilies. Confidence scores ranging from
0.56 to 0.90 indicate that the model is effective at
confirming the detected object is a fresh chili pepper. This
also indicates that the model is capable of effective
detection, despite variations in object orientation and the
large number of chili peppers being analyzed.

To reinforce the qualitative analysis, a quantitative
evaluation was also conducted by performing a software-
based model performance test. The results of this
quantitative testing were obtained accuracy value of
0.5048, precision of 0.5516, recall of 0.4580, and
MAP@0.5 of 0.4662. Based on the results of the conducted
testing, the performance of the trained model falls within
the moderate range. The precision value indicates that the
model is capable of correctly detecting more than half of
the tested objects. Meanwhile, the recall value indicates
that the model still occasionally fails to identify chili
objects. Meanwhile, the mAP@0.5 value indicates that the
model is capable of localizing object positions, even across
various positions and orientations. Furthermore, the
confusion matrix analysis indicates that the developed
model is capable of detecting the majority of chili objects,
although there are still some false positives and false
negatives involving objects that appear similar.

These results show that the proposed system can
handle images containing multiple objects of the same
class while maintaining acceptable localization and
labeling performance, which is essential for practical
applications in post-harvest quality assessment and
automated sorting systems.

B. Detection of 12 Rotten Chili Peppers

The results of the rotten chili detection test are shown
in Figure 4. This image features 12 images of rotten chilies
arranged neatly, with variations in color and orientation.
As with the previous test results, the successfully
identified chili peppers are marked with a bounding box,
the object class name, and a confidence score at the top.

From the image, it can be observed that the trained
model is capable of recognizing the entire rotten chili
object. The bundling box also precisely encloses the chili
area without missing any part. The confidence score
ranges from 0.55 to 0.86. When compared to the
confidence score for fresh chili peppers, the values do not
differ significantly. Thus, it can be said that the model's
performance in detecting fresh and rotten chilies is
relatively similar.
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Based on the analysis results from these two tests, it
can be confirmed that the developed model possesses a
satisfactory ability to distinguish objects according to the
trained class parameters. So, it is predicted that it can be
applied to more complex testing in the future.
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Figure 3. Image of 12 fresh chili peppers with detection
bounding boxes

C. Detection of Mixed Fresh and Rotten Chili Peppers

While the two previous tests involved only
homogeneous images (consisting entirely of either fresh or
rotten chilies), this third test involved a mixture of chili
types. This is done by replacing some of the fresh chili
peppers with rotten ones. The goal is to ensure that the
trained model is truly capable of distinguishing between
the chili classes when they are combined. However, in this
test, the chili peppers were still neatly arranged to reduce
the model's analysis load.

Figure 5 shows the results of this test. It can be seen
that the model is capable of localization by placing
bounding boxes around all the objects present. All images
have been classified, and their confidence scores can be
displayed. Based on this, the number of fresh chilies can
be calculated as 7, while the number of rotten chilies is 5.
Thus, it can be said that the model can accurately
distinguish between chili classes without error.

Meanwhile, the confidence scores themselves range
from 0.26 to 0.83. Despite the relatively small values, the
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model is still able to correctly define the object classes.
Upon closer examination of the previous testing, the
objects that yielded low values in this test were also the
ones that yielded low values in the earlier test. This
indicates that the model has not been well-trained, which
could be due to a lack of test images or images sharing
similar characteristics across both classes. Furthermore,
the model has demonstrated an initial ability to distinguish
between different classes under mixed conditions, making
it ready for testing under even more complex conditions.

B Chili peppers identification = [m] X
rotten 0.80 N 080 roien 0,81

rotten 0.83

rotten 0.74 {otten 0.84

rotten 0.71 rotten 0.84

rotten 0.79

f

rotten 0.86 rotten 0.85

Figure 4. Image of 12 rotten chili peppers with detection
bounding boxes

D. Detection of Randomly Arranged Fresh and Rotten
Chili Peppers

In this test, the difficulty level of object detection was
increased by randomly and asymmetrically positioning
fresh and rotten chilies. This is done to test the model's
performance under conditions that resemble real-world
scenarios. with the proviso that the position of the chilies
is maintained so that none overlap or cover one another.
The results of this test can be seen in Figure 6.

Based on the image, it can be analyzed that although
the bounding box identification results appear messy and
overlapping, all objects are enclosed within bounding
boxes. All images already have their respective classes and
confidence scores assigned, with none left out.

The confidence scores in this scenario showed higher
variance compared to the neatly arranged experiments.
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While distinct objects were detected with high confidence
(e.g., 0.82 for a fresh pepper and 0.85 for a rotten pepper),
partially occluded or smaller objects yielded lower
confidence scores, such as 0.29 for a fresh sample and 0.26
for a rotten sample.

However, upon closer inspection, there is one chili
pepper that is incorrectly classified. Regarding the chili
pepper in the center of the image with a score of 0.26—
which should have been classified as fresh—the model
incorrectly classified it as rotten. Thus, based on this test,
calculating the classification accuracy percentage relative
to the total number of objects yields an accuracy of
94.74%.

B Chili peppers identification = m} X

resi Lt rotten 0.83

/

rotten 0.81

Figure 5. Detection results on a mixed set of fresh and
rotten chili peppers

IV. CONCLUSION

This research successfully achieved automated
identification—specifically of chili peppers—using a
YOLO-based machine learning approach to determine
their quality, distinguishing between fresh and rotten
states. Test results also indicate that the trained YOLO
model is capable of distinguishing between fresh and
rotten chili peppers across various chili orientations.

The model analysis results also demonstrate a high
level of reading precision; this is quantitatively evidenced
by peak bounding box confidence scores of 0.82 for fresh
chilies and 0.85 for rotten chilies. The model also
demonstrates reliability in distinguishing chili peppers
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across Vvariations in color, size, type, and orientation,
without making a single error in classifying the detected
chili peppers.

In the mixed testing scenario, qualitative
measurements of the model demonstrate good
performance. Because there was one error in classifying
the chili peppers as rotten when they should have been
classified as fresh. The confidence score for the
misidentification result is 0.26, indicating that the model
struggles significantly to define the object being analyzed.

Overall, the developed system demonstrates good
accuracy and consistency in distinguishing chili quality.
Based on these results, it can be concluded that this system
is suitable for agricultural automation, particularly for
classifying chili pepper quality. Consequently, it has the
potential to increase production and reduce reliance on
manual sorting, which lacks reliability and efficiency.

B Chili peppers identification = O X
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Figure 6. Detection results on a randomly arranged and
cluttered pile of chili peppers
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