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To improve the efficiency and accuracy of determining coconut maturity
levels in the processing industry, this study proposes an automated
detection system employing Convolutional Neural Networks (CNN) and the
You Only Look Once version 8 (YOLOvS) algorithm to classify maturity levels
from image data. This study introduces an automated detection system
using Convolutional Neural Networks (CNN) and the You Only Look Once
version 8 (YOLOvS) algorithm to identify coconut maturity levels from image
data. A dataset of 230 coconut images was utilized, classified into two
categories: Young Coconut and Mature Coconut. The YOLOv8 model was
trained and evaluated using standard object detection metrics including
mean Average Precision (mAP), precision, recall, and F1-score. The proposed
model achieved a mAP of 90.5%, precision of 99.3%, recall of 94.2%, and F1-
score of 96.6%, demonstrating high accuracy in detecting coconut maturity.
This approach offers a practical and efficient alternative to manual
assessment, contributing to improved accuracy and operational efficiency in
agricultural practices.

This is an open-access article under the CC BY-SA license.
BY SA

1. Introduction

The agricultural industry plays a crucial role in meeting the food needs of people around the world
[1]. As the human population continues to grow, increasing productivity and efficiency in food
production is essential [2]. One of the key challenges faced by the agricultural sector today is the
demand to produce high-quality food in a sustainable and cost-effective manner. Coconuts can be
processed into various products, foods, and beverages, making them one of the important agricultural
commodities [3]. These products range from coconut oil, coconut water, desiccated coconut, to
cosmetics and health supplements, contributing significantly to both local economies and global trade.
Coconuts also offer numerous benefits in both economic and health sectors [4], [5]. They are rich in
nutrients, have antioxidant properties, and provide essential fatty acids, making them highly valuable
in the health and wellness industry.
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However, the harvesting process of coconuts presents many challenges, particularly in determining
the maturity level accurately and efficiently, which directly impacts the quality of the fruit [6]. Incorrect
maturity estimation can result in coconuts that are either too young, lacking in flavor and oil content,
or too mature, making them unsuitable for certain applications. Harvesting coconuts either too early
or too late can reduce their taste, texture, and nutritional value [7]. Most harvesting is still carried out
traditionally through visual assessment, such as evaluating skin color and fruit size. However, this
method has many drawbacks and is prone to errors due to varying human perception and subjectivity
[8]. The assessment also varies depending on environmental lighting and the experience of the
harvester, further affecting consistency. Additionally, it is time-consuming, inefficient, and requires
high labor costs [9]. In regions where labor shortages exist, these traditional methods become even less
sustainable.

Technological advancements have had a positive impact on agriculture [1], [10]. These
developments include automation, remote sensing, Internet of Things (loT), and Artificial Intelligence
(Al) [11], all of which have revolutionized the way agricultural activities are carried out. One of the
outcomes of technological development is Artificial Intelligence (Al) [12] which offers many advantages,
including improving the quality and productivity of crop yields [13]. Al enables machines to perform
tasks such as recognition, classification [14], and decision-making, which are critical in precision
agriculture. Convolutional Neural Networks (CNN), for instance, have been widely used for visual
recognition tasks in agriculture and beyond due to their strong performance in image-based
classification [15]. Developing an Al-based system using specific algorithms to accurately identify the
maturity level of coconuts is a potential solution to this problem [16]. Such systems can help reduce
dependency on manual labor, minimize errors, and ensure more consistent and timely harvesting.

One of the most capable algorithms is YOLOv8 [17]. YOLO was introduced by Joseph Redmon in
2016 through his paper titled “You Only Look Once: Unified, Real-Time Object Detection,” which is used
for object detection tasks [18]. The strength of the YOLO architecture lies in its ability to perform real-
time detection with high accuracy. YOLOvS8 is the latest version of the YOLO model developed by
Ultralytics, designed for instance segmentation, image classification, and object detection [19], [20]. It
brings improvements in terms of model speed, accuracy, and flexibility, making it suitable for real-world
agricultural applications. Based on the background presented, this study focuses on implementing the
YOLOv8 algorithm to identify the maturity level of coconuts as a step toward modernizing and
optimizing harvesting practices.

2. Literature Review

Several previous studies have explored the use of machine learning and deep learning algorithms in
determining fruit maturity levels. Caladcad et al. [21] employed algorithms such as Artificial Neural
Network (ANN), Random Forest (RF), and Support Vector Machine (SVM), achieving an accuracy of 80%.
However, their approach required tapping tools and involved limited data, making the method less
practical. In contrast, the current research adopts visual image processing without any physical contact,
offering a more efficient and non-invasive alternative.

Parvathi and Tamil Selvi [22] implemented Faster R-CNN combined with ResNet-50, which achieved a
higher accuracy of 89%. Despite its accuracy, the model faced challenges in detection speed and
computational complexity due to the heavy architecture. The innovation in this study lies in the use of
YOLOv8, a model known for its faster processing and lightweight architecture, while still maintaining high
accuracy.

Further, Mandava et al. [8] compared several object detection models, including YOLOv5, YOLOv4-
Tiny, and MobileNet SSD, and reached an average accuracy of 87%. However, they had not yet utilized
the latest version of YOLO, and MobileNet was found to be less optimal in performance. This study
addresses those limitations by applying YOLOvS8, which provides enhanced detection capability and
performance compared to YOLOv5s.

The proposed research also integrates Convolutional Neural Networks (CNN) with YOLOv8, achieving
a superior accuracy of 90.5%. While the detection time remains a challenge, the novelty of this study lies
in combining CNN's feature extraction strength with YOLOvS8's real-time detection capabilities to
accurately identify coconut maturity levels. This integration demonstrates improved performance
compared to previous works and presents a significant advancement in automated coconut maturity
classification.
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3. Method

The research method is an essential component when conducting a study. In this research, the
YOLOvS8 algorithm method is used, and the workflow is presented in the flowchart shown in Figure 1. A
more detailed explanation will be provided in the following sections.
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Figure 1. Research Procedure Flowchart

3.1 Input Data

The first stage involves inputting the dataset to be used for the training process.
This dataset was obtained from the internet and consists of 202 images of coconuts still on the tree,
representing various maturity levels, including young coconuts and mature coconuts.

3.2 Data Augmentation

The augmentation process was used to increase the quantity, quality, and variability of the training
data from the dataset [23]. Augmentation techniques such as horizontal and vertical flipping, image
scaling, and color transformations (saturation, hue, and brightness) were applied prior to collecting and
processing the image data. The goal was to ensure effective model generalization for identifying the
ripeness level of coconuts, enhance the accuracy of the model architecture, and reduce the risk of
overfitting.

3.3 Dataset Splitting

The dataset was divided into three parts: test data, validation data, and training data. This division
is an essential part of the machine learning training process. Its purpose is to ensure that the developed
model can generalize well and perform effectively on new, unseen data. The dataset, consisting of 202
images with varying levels of coconut ripeness, was split into 19 images for testing, 39 for validation,
and 144 for training.
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3.4 Image Annotation

Information was added to the images, such as labels, bounding boxes, segmentation, metadata,
and landmarks, according to their respective classes. The purpose of image annotation is to create a
training dataset to be used in machine learning. The Roboflow web application was used to assist in the
annotation process. The annotation process began by uploading the image dataset to the Roboflow
web application, which simplifies and speeds up annotation. Each image is displayed in the interface,
and two ripeness classes are created: Mature Coconut (label 0) and Young Coconut (label 1). A bounding
box is drawn around each coconut object according to its ripeness class. Roboflow records the
annotation data and saves it in .txt format. The process repeats automatically for each image until all
images are annotated.

3.5 Training Process

The training process consisted of optimization, parameter tuning, data augmentation,
backpropagation, and model evaluation. This process was conducted to ensure that the target object
could be accurately detected. The result of the training is a weight file, which can be utilized by the
system for object detection tasks.

3.6 CNN CSPNet

CSPNet (Cross Stage Partial Network) is a network architecture designed to reduce the
computational complexity of deep learning while maintaining accuracy. It works by splitting the feature
map into two parts: one is processed through convolutional layers, while the other bypasses them. This
approach reduces gradient duplication, improves learning efficiency, and lowers computational load.
In object detection architectures, CSPNet is commonly integrated into the backbone to enhance feature
extraction, inference speed, detection accuracy, and resource efficiency. The main components of
CSPNet include the input feature map, split layer, convolutional block, transition layer, and
concatenation. The structure is illustrated in the Figure 2.
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Figure 2. CSPNet Structure
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3.7 YOLOv8 Method

The dataset that has undergone the image annotation process will be trained using YOLOvS8. The
YOLOVS8 architecture consists of a backbone and a neck. In the backbone, the architecture is similar to
YOLOVS5, but the C3 module used in YOLOVS is replaced with the C2f module based on CSP (Cross-Stage
Partial) [24]. The C2f module is built using the C3 and ELAN (Efficient Layer Aggregation Network)
modules from YOLOv7, which enhances YOLOvS8’s ability to capture gradient information more
effectively and results in lighter training weights. At the end of the backbone, the SPPF (Spatial Pyramid
Pooling Fast) module is used, which combines three 5x5 Maxpool layers to improve accuracy and
reduce model weight.

In the neck, PAN-FPN (Path Aggregation Network - Feature Pyramid Network) is used to enhance
feature information across different scales. It combines confidence boxes and regression outputs to
improve accuracy by adding several upsampling methods and the C2f module. The YOLOvVS architecture
can be seen in Figure 3.
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Figure 3. Yolov8 Architecture

Neck

CBS is a component of the YOLOv8 backbone that employs a cross-stage hierarchy by integrating
and separating feature maps to optimize gradient flow. This design simplifies the computation process
and improves accuracy, thereby enhancing the efficiency of feature extraction. The structure of CBS is
shown in Figure 4.

CBS — Conv BN SiLu
Figure 4. CBS Structure

The SPPF module is positioned at the end of the backbone to expand the network's receptive field
and enhance object detection accuracy for objects of different sizes and complexities. It employs
pooling operations to extract multi-scale features, enabling the model to effectively capture contextual
information [25]. The architecture of SPPF is illustrated in Figure 5.
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1

CBS — Maxpool2d — Maxpool2d — Maxpool2d — Concat — CBS

Figure 5. SPPF Structure

3.8 Accuracy Evaluation
The accuracy of YOLOVS is determined using several key metrics, including precision, recall, mean
Average Precision (mAP), and F1-score. The calculations for each of these metrics are as follows:

TP
Recall = TPE) (1)
.. TP
Precision = i) (2)
1

(Precision x Recall)

F1—Score =2x (4)

(Precision + Recall)

The t-test is used to evaluate whether the independent variable has an individual or partial effect
on the dependent variable. If the significance value is less than 0.05 and the t-count value is higher than
the t-table, then if the significance value is smaller than the confidence level and the t-test value is
greater, the alternative hypothesis is accepted, which indicates that the independent variable has a
partial effect on the dependent variable [26].

4. Results and Discussion

Respondents reported their demographic details, including age, gender, province of origin, and
education currently being pursued. ChatGPT is often used for what from a total of 52 respondents.
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48.1% are male, 51.9% are female. Of the respondents, 98.1% are aged 17-22 years, while 1.9% are
aged 29-34 years. Respondents mostly come from Central Java Province, with 86.5% while those from
East Java, Papua, Southwest Papua, South Kalimantan, Banten, DKI Jakarta, and West Java are both
1.9%. Participants are mostly undergraduate students, with a total of 96.2% and around 1.9% are
postgraduate students, then high school / vocational school / MA students, as much as 1.9%. Regarding
the most frequent use of ChatGPT for what, it covers around 71.2% of respondents to search for
information, and helps in conducting research and references. While for the preparation of academic
assignments, as many as 23.1% and the least respondents use it to improve language skills, around
5.8%.

Results

a. Feature Visualization Using CSPNet

Each feature channel in the coconut dataset reveals specific patterns such as surface texture,
skin color variations, and fruit edges. The feature visualization is displayed as 2D images with color
bars representing intensity levels. Figure 6 shows various CSPNet feature channels, extracted
through convolutional layers. The color bar on the right indicates the intensity values, where
brighter colors represent more relevant areas, and darker tones indicate less relevant or weakly
patterned regions. For example, in Feature Channel 1, values range from 1.5 to -2.0, with high
positive values highlighting key areas identified by the model.
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Figure 6. Feature Extraction Results

b. Test Results

The training process was conducted over 150 epochs, during which the model continuously
updated its weights based on the calculated loss. The training performance is visualized in the
graph shown in Figure 7, which illustrates the model's learning progress. The box_loss curve
shows a consistent decline, indicating improved object detection accuracy. Similarly, the cls_loss
and dfl_loss curves decrease steadily, reflecting better classification and bounding box
regression. The precision, recall, and mAP metrics show increasing and high values, confirming
the model’s strong performance in both detection and classification tasks.
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Figure 7. Training Performance Graph
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The confusion matrix illustrates the performance of the model in classifying coconut ripeness
into three categories: Kelapa Matang (Mature Coconut), Kelapa Muda (Young Coconut), and
Background. The model correctly predicted 129 instances of Kelapa Matang and 160 instances
of Kelapa Muda. However, there were some misclassifications: 19 Kelapa Matang were
misclassified as Kelapa Muda, and 18 Kelapa Muda were misclassified as Kelapa Matang.
Additionally, the model predicted 25 instances of Background as Kelapa Matang and 42 as Kelapa
Muda, indicating some false positives related to the background class. Despite these errors, the
model shows strong classification performance, particularly in distinguishing between the two
ripeness classes. The confusion matrix can be seen in Figure 8.
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Figure 8. Confusion Matrix

The testing was conducted using the trained model files obtained from the training stage
with both the CNN and YOLOvS algorithms. The test results can be seen in Table 1.

Table 1. Test Result

Data Test Output Detection
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Data Test

The CNN YOLOv8 model demonstrated excellent performance in detecting the ripeness level of
coconuts, achieving a mAP of 90.5%, precision of 99.3%, recall of 94.2%, and an F1-score of 96.6%. This
indicates that the model is quite effective in accurately identifying coconut ripeness, with only a few
prediction errors. A summary of the results can be seen in Table 2.

Table 2. Model Training Performance Evaluation Results

No Classes Precision Recall F1-Score mAP
Ripe Coconut 0.991 0.959 0.975 0.904

2 Young Coconut 0.995 0.925 0.958 0.907
Average 0.993 0.942 0.966 0.905

4.2 Discussion
In this study, the proposed method using a combination of Convolutional Neural Network (CNN)
and YOLOv8 was compared with several previous research models in the field of coconut maturity
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classification. The comparison aims to evaluate the performance and improvements offered by the
proposed model. Details of the model comparison are presented in Table 3.

Table 3. The Comparison with Previous Model

Author Year Model Result
Caladcad et al [21] 2020 ANN, RF, SVM mAP: 80%
Parvathi & Tamil Selvi [22] 2021 Faster R-CNN + ResNet-50 mAP: 89%
Mandava et al [8] 2023 YOLOV5 Mobilenet SSD mAP: 87%
Proposed Method 2025 YOLOv8 CNN mAP: 90.5%

The proposed method outperforms these previous studies by integrating CNN for feature
extraction with YOLOv8, a newer and more efficient object detection algorithm. This combination
achieved a mean Average Precision (mAP) of 90.5%, indicating improved accuracy and reliability in
detecting coconut maturity. Therefore, the proposed model offers a more optimal solution with higher
performance, and contributes to advancing automated systems in agricultural image analysis.

5. Conclusion

Coconut maturity level plays a crucial role in determining the quality and usability of coconut-based
products. Manual methods that rely on visual observation are still commonly used but are prone to
human error, subjectivity, and inefficiency. Therefore, an automated classification model is proposed
in this study to identify coconut maturity levels based on image data. The effectiveness of the YOLOv8
model combined with CNN was successfully demonstrated in this research, as shown by high mAP,
precision, recall, and F1-score values. The research results show that YOLOvS is capable of accurately
detecting the ripeness of coconuts, achieving a mAP of 90.5%, precision of 99.3%, recall of 94.2%, and
an Fl-score of 96.6%. The model demonstrates strong performance under various environmental
conditions, although certain challenges remain in cases with low lighting and poor image quality. With
its impressive speed and accuracy, YOLOvS is well-suited for future real-time applications, such as video
monitoring in plantations and quality control systems based on fruit ripeness detection.
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