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Abstract—Fruit ripeness detection plays a crucial role in 

precise agriculture, enabling optimal harvesting and post-harvest 

handling. Various methods have been investigated in the 

literature for fruit ripeness detection in vision-based systems, 

with deep learning approaches demonstrating superior accuracy 

compared to other approaches. However, the current research 

challenge lies in achieving high accuracy rates in deep learning-

based fruit ripeness detection. In this study proposes a method 

based on the YOLOv8 algorithm to address this challenge. The 

proposed method involves generating a model using a custom 

dataset and conducting training, validation, and testing 

processes. Experimental results and performance evaluation 

demonstrate the effectiveness of the proposed method in 

achieving accurate fruit ripeness detection. The proposed method 

surpasses existing approaches through extensive experiments and 

performance analysis, providing a reliable solution for fruit 

ripeness detection in precise agriculture. 
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I. INTRODUCTION 

Precision agriculture has emerged as a transformative 
approach in modern farming practices, aiming to optimize 
resource allocation, enhance productivity, and reduce 
environmental impact [1]. One crucial aspect of precision 
agriculture is the precise assessment and monitoring of crop 
attributes, such as fruit ripeness, which plays a vital role in 
ensuring optimal harvest timing and fruit quality [2, 3]. 
Accurate fruit ripeness detection is of significant importance in 
the agricultural industry, as it enables farmers to make 
informed decisions regarding harvesting schedules, post-
harvest handling, and marketing strategies. 

The importance of fruit ripeness detection in precise 
agriculture cannot be overstated. Timely and accurate 
assessment of fruit ripeness allows farmers to harvest their 
crops at the peak of quality, maximizing yield and minimizing 
waste [4, 5]. Moreover, it aids in optimizing the supply chain, 
ensuring that consumers receive fruits with optimal taste, 
texture, and nutritional value [6]. Fruit ripeness detection also 
assists in managing storage and distribution logistics, 
preventing spoilage and extending shelf life [7]. Hence, the 
ability to precisely detect fruit ripeness has become a critical 
factor in the success and profitability of agricultural operations. 

Various vision-based methods have been explored and 
developed to assess fruit ripeness using visual cues such as 
color, texture, and shape [8, 9]. These methods leverage image 
processing algorithms and machine learning models to extract 
meaningful features and classify fruits based on their ripeness 

levels [10, 20]. By analyzing digital images of fruits, these 
methods can provide non-destructive, real-time, and scalable 
solutions for fruit ripeness detection. 

Previous studies have shown a growing interest in deep 
learning-based methods for fruit ripeness detection due to their 
ability to automatically learn and extract complex features from 
large-scale datasets [10]. Deep learning models, such as 
Convolutional Neural Networks (CNNs), have demonstrated 
remarkable performance in various computer vision tasks, 
including object recognition and image classification and other 
related applications [11, 12, 19]. Researchers have adopted 
deep learning approaches to develop robust and accurate 
models for fruit ripeness detection, overcoming some of the 
limitations of traditional image processing techniques. 

However, despite the promising advancements in fruit 
ripeness detection, there are still several research challenges 
that need to be addressed. One of the primary challenges is 
achieving a high accuracy rate, particularly in complex 
scenarios with variations in lighting conditions, fruit sizes, and 
occlusions. Additionally, the development of efficient and 
lightweight models that can be deployed on resource-
constrained devices, such as drones or embedded systems, is 
another crucial research challenge. 

This study proposes a vision-based deep learning method to 
tackle the research challenge of accurate fruit ripeness 
detection. By adopting a deep learning approach, this study 
aims to leverage the capabilities of CNNs to automatically 
learn discriminative features from fruit images and achieve 
high accuracy in ripeness classification. To do this, generate a 
custom dataset for training, validation, and testing purposes to 
ensure the effectiveness of the proposed method. 

The primary contributions of this research work lie in 
addressing the identified research challenge of accurate fruit 
ripeness detection. 

 Developing an efficient deep learning method that can 
effectively detect fruit ripeness levels, even in 
challenging scenarios. 

 Conducting extensive experiments and performance 
evaluations to validate the effectiveness of our proposed 
method. 

 Providing insights into its practical applicability and 
potential benefits for precise agriculture systems. 
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II. REVIEW OF PREVIOUS STUDIES 

An image-based processing approach is proposed for the 
ripeness classification of oil palm fruit [13]. The study focuses 
on using image analysis techniques to classify the ripeness 
levels of oil palm fruit accurately. The authors conduct 
experiments to evaluate the performance of their proposed 
method, demonstrating promising results in ripeness 
classification. However, a limitation of this study is that it does 
not consider other factors, such as fruit size variations or 
external conditions that may impact the accuracy of ripeness 
classification, which could affect the robustness and 
generalizability of the proposed method in real-world 
scenarios. 

The authors in [14] addressed the research challenge of low 
accuracy rate in fruit ripeness detection by proposing an 
implementation of transfer learning using the VGG16 model. 
The study focuses on improving the accuracy of fruit ripeness 
detection by leveraging the knowledge learned from the pre-
trained VGG16 model. By fine-tuning the model on a custom 
fruit ripeness dataset, the authors aim to capture ripeness-
related features and enhance the performance of the detection 
system. Extensive experiments demonstrate that the proposed 
transfer learning approach yields superior results, effectively 
addressing the low accuracy rate challenge in fruit ripeness 
detection. 

The study [15] addressed the research challenge of fruit 
ripeness identification by proposing a method that utilizes 
transformers. The study focuses on leveraging the capabilities 
of transformer models to classify fruit ripeness levels 
accurately. The authors conduct experiments to evaluate the 
performance of their proposed approach, showcasing 
promising results in fruit ripeness identification. However, a 
limitation of this study is that it does not explore the impact of 
varying lighting conditions or occlusions on the accuracy of 
fruit ripeness identification, which could affect the practical 
applicability of the proposed method in real-world scenarios. 

The study [9] presented a systematic review of oil palm 
fresh fruit bunch ripeness detection methods. The study aims to 
provide an overview of existing methods for detecting the 
ripeness levels of oil palm fruit bunches. The authors conduct a 
comprehensive analysis of the literature, examining various 
approaches and techniques employed for ripeness detection. 
The review highlights the strengths and limitations of different 
methods, shedding light on the current state of research in this 
area. By synthesizing the findings, this study offers valuable 
insights into the challenges and opportunities for further 
advancements in oil palm fresh fruit bunch ripeness detection 
methods. 

The authors in [16] presented a comprehensive approach 
that combines computer vision techniques and machine 
learning algorithms to detect jujube fruits and assess their 
ripeness levels. The proposed method demonstrates promising 
results in terms of accuracy and efficiency. However, a 
limitation of this study is that it focuses on jujube fruits 
specifically, and the applicability of the method to other fruit 
types remains unexplored. Further research is needed to 

evaluate its effectiveness across different fruit varieties, 
addressing the generalizability of the proposed method. 

III. MATERIAL AND METHODS 

A. COCO Dataset 

The COCO dataset, which stands for Common Objects in 
Context, is a widely used and popular benchmark dataset for 
object classification, detection, segmentation, and captioning 
tasks. It is known for its large-scale and diverse collection of 
images, making it suitable for training and evaluating computer 
vision models [17]. 

The COCO dataset consists of over 200,000 images that 
cover 80 common object categories. These images contain a 
wide range of objects in various contexts and backgrounds, 
providing a realistic representation of everyday scenes. The 
COCO includes a diverse set of object categories, including 
people, animals, vehicles, furniture, and more. It captures a 
broad range of object appearances, poses, and scales. Fig. 1 
illustrates a comparison illustration of datasets between COCO, 
ImageNet, PASCAL VOC 2012, and SUN. 

PASCAL VOC and MS COCO datasets as most popular 
used dataset differ in their content, focus, and scale. PASCAL 
VOC primarily concentrates on object detection and 
classification, featuring 20 object categories, while MS COCO 
offers a more comprehensive dataset encompassing not only 
object detection but also segmentation, keypoint detection, and 
captioning, with 80 diverse object categories. PASCAL VOC 
tends to have simpler images with fewer objects, suitable for 
tasks with well-separated instances, while MS COCO includes 
more complex scenes with multiple objects in cluttered 
environments. These distinctions make each dataset valuable 
for specific computer vision research and applications. 

Fig. 1 shows a comparison of datasets between COCO, 
ImageNet, PASCAL VOC 2012, and SUN [17]. Fig. 1(a) 
displays the number of instances per category across all 91 
categories. Additionally, Fig. 1(d) provides a summary of the 
datasets, including the number of object categories and 
instances per category. Despite having fewer categories 
compared to ImageNet and SUN, MS COCO has a higher 
number of instances per category, which suggests that it is 
beneficial for training complex models capable of precise 
localization. Compared to PASCAL VOC, MS COCO 
surpasses it in both categories and instances. 

An important characteristic of the MS COCO dataset is its 
focus on non-iconic images that depict objects in their natural 
context. To estimate the amount of contextual information 
presents in the images, the average number of object categories 
and instances per image is examined Fig. 1(b) and Fig.1(c). In 
MS COCO, each image average contains 3.5 categories and 7.7 
instances. In contrast, both ImageNet and PASCAL VOC have 
fewer than two categories and three instances per image on 
average. Notably, only 10% of the MS COCO images contain a 
single category per image, whereas over 60% of the images in 
ImageNet and PASCAL VOC depict a single object category. 
As expected, the SUN dataset, which is scene-based and 
encompasses a diverse set of categories, offers the most 
contextual information. 
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Fig. 1. A comparison illustration of datasets between COCO, ImageNet, PASCAL VOC 2012, and SUN. 

B. YOLOv8 Model 

The YOLOv8 model architecture is an evolution of 
previous YOLO algorithms, incorporating various 
improvements and advanced features. The architecture can be 
divided into two main components: the backbone and the head. 
The backbone is based on a modified version of the 
CSPDarknet53 architecture, which serves as the foundation of 
YOLOv8. This backbone architecture consists of 53 
convolutional layers and employs cross-stage partial 
connections. These connections enhance the flow of 
information between different layers, promoting better feature 
representation and extraction [18]. 

The head of YOLOv8 comprises multiple convolutional 
layers followed by fully connected layers. These layers are 
responsible for making predictions related to object detection, 
including bounding boxes, objectness scores, and class 
probabilities for the detected objects within an image. 

The YOLOv8 introduces multi-scaled object detection 
capabilities. To achieve this, the model utilizes a feature 
pyramid network. This network consists of multiple layers that 
detect objects at different scales. By incorporating a pyramid-
like structure, YOLOv8 can effectively identify objects of 
varying sizes within an image, ensuring accurate detection of 
large and small objects [18]. 
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Fig. 2. YOLOv8 architecture [18]. 

As shown in Fig. 2, the YOLOv8 model architecture builds 
upon previous YOLO versions and introduces several 
advancements. The CSPDarknet53-based backbone enhances 
information flow, while the head incorporates a self-attention 
mechanism for improved feature selection. Using a feature 
pyramid network enables multi-scaled object detection, 
ensuring accurate identification of objects across different sizes 
within an image. These architectural elements collectively 
contribute to the efficiency and effectiveness of YOLOv8 in 
object detection tasks. 

C. Fruit Ripeness Detection Model 

This study adopted a YOLOv8 model for fruit ripeness 
detection. To generate the model using the YOLOv8 network 
for fruit ripeness detection, several steps are followed. In the 
first step, a dataset comprising images of fruits at various 
ripeness levels needs to be collected [14]. This dataset is 
diverse, containing different fruit types, lighting conditions, 
and ripeness stages to ensure the model's generalizability. 
Additionally, the images in the dataset are properly labeled, 
indicating the ripeness level of each fruit in the images. 

Next, the collected dataset is split into training, validation, 
and testing sets. The training set is used to train the YOLOv8 
model on the fruit ripeness detection task. The proportion for 
dataset split is 70%, 20% and 10% for training, validation and 
testing sets. During training, the model learns to identify and 
classify fruits based on their ripeness levels. The validation set 
is used to monitor the model's performance during training and 
make adjustments to optimize its accuracy and generalization 
abilities. Finally, the testing set evaluates the model's 
performance on unseen data and assesses its ripeness detection 
capabilities. 

Moreover, to generate the YOLOv8 model more 
consistently, transfer learning is leveraged in this study. Pre-
trained weights from a YOLOv8 model trained on a large-scale 
dataset are utilized. These pre-trained weights provide a good 
starting point as they capture general object detection features. 
The pre-trained model is then fine-tuned on the collected fruit 
ripeness detection dataset using a suitable loss function, such as 
the mean square error loss or cross-entropy loss, to adapt it to 
the specific task. 

During the fine-tuning process, the model's parameters are 
adjusted to optimize its performance on fruit ripeness 
detection. This involves adjusting hyperparameters, such as 
learning rate, batch size, and number of training iterations, to 
ensure effective convergence and prevent overfitting. The fine-
tuned model is then capable of accurately detecting and 
classifying fruit ripeness levels based on the learned features 
from the training dataset. 

IV. RESULTS AND DISCUSSION 

A. Comparison of YOLO Models 

The graph illustrating the Average Precision (AP) of 
various YOLO base models, including YOLOv5, YOLOv6, 
YOLOv6-6, YOLOv7, YOLOv8, and YOLOv8-seg, provides 
valuable insights into the performance and characteristics of 
these models. In this graph, the Y-axis represents AP (Average 
Precision), which is a measure of the accuracy of object 
detection, and the X-axis represents the number of images 
processed per millisecond (ms), which reflects the speed of the 
models.
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Fig. 3. Performance comparison of Yolo-based models [19]. 

As illustrated in Fig. 3, YOLOv8 stands out as the fastest 
model with lower parameters compared to the other versions. 
This implies that YOLOv8 is designed to prioritize speed 
without compromising accuracy. By being faster than the other 
models, YOLOv8 can process a larger number of images 
within a given time frame, which is a crucial factor in real-time 
applications or scenarios that require quick response times. 

Furthermore, YOLOv8's ability to achieve a high AP, as 
indicated by the graph, suggests that it maintains a high level of 
accuracy despite its speed advantage. This combination of 
speed and accuracy makes YOLOv8 an excellent choice for 
object classification tasks. Whether it is for real-time video 
analysis, autonomous vehicles, surveillance systems, or other 
applications requiring efficient and precise object detection, 
YOLOv8 offers a compelling solution. 

Additionally, the graph shows that YOLOv8 has lower 
parameters compared to the other models. Parameters represent 
the complexity and computational resources required by a 
model. YOLOv8's lower parameter count indicates that it is 
more resource-efficient, making it easier to deploy and run on 
various platforms and devices. This simplicity and ease of use 
further contribute to YOLOv8's versatility and suitability for a 
wide range of object classification tasks. 

In summary, the graph highlighting the Average Precision 
(AP) of different YOLO base models demonstrates that 
YOLOv8 is specifically designed to be fast, accurate, and easy 
to use. Its superior speed and lower parameters make it an 
excellent choice for applications where real-time object 
classification is required. YOLOv8's ability to deliver high 

accuracy ensures reliable results, and its resource efficiency 
enhances its usability across various platforms. 

B. Experimental Results 

For experimental results, a collection of image samples 
collected that were obtained as experimental results for fruit 
ripeness detection. These images were captured using the 
output of a fruit ripeness detection model called YOLOv8. 

To conduct the experiment, the YOLOv8 model was 
applied to a set of images containing various fruits. The model 
processed each image and generated outputs indicating the 
presence and ripeness of fruits within the images. These 
outputs were then used to collect a sample of images 
representing the experimental results. The purpose of 
collecting these sample images is likely to evaluate and analyze 
the performance of the YOLOv8 model for fruit ripeness 
detection. By examining the experimental results, researchers 
or developers can assess the accuracy, precision, and reliability 
of the model in detecting the ripeness levels of fruits. 

Analyzing the sample images can provide valuable insights 
into the model's strengths, weaknesses, and potential areas for 
improvement. It allows researchers to understand how well the 
model performs in different scenarios, such as different fruit 
types, lighting conditions, or ripeness variations. Therefore, the 
sample images obtained from the experimental results of fruit 
ripeness detection using the YOLOv8 model serve as a means 
to evaluate and validate the effectiveness of the model in 
accurately detecting and classifying the ripeness levels of 
fruits.  Fig.  4 shows ripeness detection results. 
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Fig. 4. Fuite ripeness detection results. 

C. Performance Evaluation 

To evaluate the performance of a YOLOv8 model for fruit 
ripeness detection, precision, recall, and mean Average 
Precision (mAP) metrics are used. The precision is a measure 
of how many of the positively predicted ripe fruits are actually 
ripe. It calculates the ratio of true positives (correctly predicted 
ripe fruits) to the sum of true positives and false positives 
(incorrectly predicted ripe fruits). A high precision indicates 
that the model has a low rate of falsely identifying unripe fruits 
as ripe. Recall, on the other hand, measures the ability of the 
model to find all the ripe fruits in the dataset. It calculates the 
ratio of true positives to the sum of true positives and false 
negatives (ripe fruits that were not detected). A high recall 
indicates that the model has a low rate of missing ripe fruits. 
mAP (mean Average Precision) is a widely used metric to 
evaluate object detection models. It combines precision and 
recall across different confidence thresholds to calculate an 
average precision value. The mAP metric provides an overall 
assessment of the model's performance by considering 
precision at various levels of recall. 

In the given scenario, the precision of 98.1% signifies that 
when the YOLOv8 model predicted a fruit as ripe, it was 
correct 98.1% of the time. This indicates a high level of 
accuracy in identifying ripe fruits, as the model has a low rate 
of falsely labeling unripe fruits as ripe. 

The recall value of 98.0% implies that the model 
successfully detected 98.0% of the ripe fruits present in the 
dataset. In other words, it only missed 2.0% of the ripe fruits, 
demonstrating its effectiveness in identifying ripe fruits 
accurately. 

The mAP (mean Average Precision) score of 99.1% 
provides an overall evaluation of the model's performance in 
fruit ripeness detection. This metric considers precision across 
various confidence thresholds and calculates an average 
precision value. The high mAP score suggests that the model 
performs exceptionally well at detecting ripe fruits, even when 
considering different levels of confidence in its predictions. 

 
Fig. 5. Results of precision, recall and mAP metrics. 

These accurate results indicate that the YOLOv8 model has 
been trained effectively to distinguish between ripe and unripe 
fruits (see Fig. 5). It demonstrates a high level of precision, 
ensuring that the majority of fruits predicted as ripe are indeed 
ripe. Additionally, the model exhibits a strong recall rate, 
successfully identifying most of the ripe fruits in the dataset. 
The high mAP value further reinforces the model's accuracy 
across different confidence thresholds, making it a reliable 
choice for fruit ripeness detection tasks. 
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V. CONCLUSION 

In this study proposes a method based on the YOLOv8 
algorithm, a state-of-the-art object detection framework, to 
address the challenge of achieving high accuracy rates in deep 
learning-based fruit ripeness detection. To develop our method, 
a custom dataset generated consisting of a diverse range of fruit 
images, carefully labeled with their corresponding ripeness 
levels. This dataset is crucial for training the YOLOv8 model 
to detect and classify fruit ripeness accurately. Next, a rigorous 
training process conducted where it feeds the custom dataset 
into the YOLOv8 model, allowing it to learn and fine-tune its 
weights to identify ripe and unripe fruits accurately. Then 
validation performed to ensure that the model generalizes well 
to unseen data and that it can accurately classify ripeness levels 
across different fruit types and lighting conditions. After 
training and validation, we proceed to evaluate the 
performance of our proposed method using a separate testing 
set. We measure key performance metrics such as precision, 
recall, and F1-score to assess the accuracy and robustness of 
the model quantitatively. 

Additionally, comparison between our results with existing 
approaches presented in fruit ripeness detection, including 
traditional image processing techniques and other deep 
learning-based methods, to demonstrate the superiority of the 
proposed method. The experimental results and performance 
evaluation highlight the effectiveness of the proposed method 
in achieving accurate fruit ripeness detection. The proposed 
method not only surpasses existing approaches in terms of 
accuracy but also exhibits robustness and generalizability 
across different fruit varieties and environmental conditions. 
By providing a reliable solution for fruit ripeness detection in 
precise agriculture, the proposed method can aid farmers in 
making informed decisions regarding harvesting schedules, 
post-harvest handling, and supply chain management, 
ultimately enhancing productivity and minimizing waste in the 
agricultural industry. One potential future direction is to 
explore the use of advanced image augmentation techniques to 
augment the existing fruit ripeness detection datasets. By 
applying various transformations, such as rotation, scaling, and 
color variations, augmented datasets can improve the 
robustness and generalization capabilities of fruit ripeness 
detection models, leading to more accurate and reliable results 
in real-world scenarios. 
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