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Abstract
Traditional fruit grading methods are mostly time-consuming and subjective, 
thereby limiting efficiency in the agricultural sector. To address these problems, this 
paper presents the design and implementation of an automated fruit sorting system 
for classifying certain fruits, namely oranges, tomatoes, and mangoes, using image 
processing and support vector machine (SVM) techniques. An ESP32 camera was 
used to capture images of the fruits, which were later passed through algorithms 
in Python. Extracted features were then fed into a SVM model for the classification 
process of fruits. The model demonstrated excellent performance, achieving an 
accuracy of 100%, a precision of 96%, a recall of 92%, and an F1 score of 89%. The 
results indicated that incorporating multiple features significantly increases the 
accuracy of the classification. Moreover, the performance was optimized by selecting 
an appropriate regularization parameter during the training of the model and the use 
of polynomial kernel functions. Finally, the whole automated system was assembled 
to physically sort the classified fruits into different containers. This research highlights 
the potential of integrating image processing and machine learning technologies 
to revolutionize fruit classification processes, thereby improving both efficiency and 
quality control in agriculture.

Keywords: Image processing; Fruit classification; Support vector machine; Automated 
sorting; Feature extraction

1. Introduction
Fruit image classification techniques are continually being developed due to their vital 
roles in agriculture and food analysis within the food industry. In the agricultural and 
food industries, imaging technology streamlines operations by enhancing quality control 
and optimizing the process. Mango production in Nigeria, the ninth most produced 
fruit globally, is hindered by several challenges resulting from outdated technology.1-9

It was reported in previous studies that the existing methods for manual classification 
of fruits are somewhat inefficient, ineffective, slow, and prone to bias.10-13 Developments 
in image analysis have provided an efficient, reliable, and accurate system of fruit 

*Corresponding author: 
John Audu 
(audu.john@uam.edu.ng)

Citation: Oyefeso BO, 
Oyewande OE, Audu J. Automated 
fruit sorting system integrating 
image processing and support 
vector machine techniques. Int J AI 
Mater Design. 2025;2(2):79-90. 
doi: 10.36922/IJAMD025150011

Received: April 8, 2025

1st revised: May 9, 2025

2nd revised: May 14, 2025

3rd revised: May 18, 2025

Accepted: May 22, 2025

Published online: June 20, 2025

Copyright: © 2025 Author(s). 
This is an Open-Access article 
distributed under the terms of the 
Creative Commons Attribution 
License, permitting distribution, 
and reproduction in any medium, 
provided the original work is 
properly cited.

Publisher’s Note: AccScience 
Publishing remains neutral with 
regard to jurisdictional claims in 
published maps and institutional 
affiliations.

International Journal of AI for  
Materials and Design

https://dx.doi.org/10.36922/IJAMD025150011
https://orcid.org/0000-0002-5854-3265
https://orcid.org/0009-0008-6979-6517
https://orcid.org/0000-0002-1145-9875
https://dx.doi.org/10.36922/IJAMD025150011
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


Fruit image detection using AI
International Journal of AI for 
Materials and Design

Volume 2 Issue 2 (2025)	 80� doi: 10.36922/IJAMD025150011

categorization without causing much harm to the fruits.14-17 
In contrast, manual sorting of fruits by professional 
personnel undergoes physical handling, thus potentially 
damaging the fruits and affecting their value.18-21 This 
research focuses on creating an image processing system 
for the classification of fruits through machine learning 
to enhance precision and productivity in the agriculture 
business as well as the food chain. Similar approaches 
utilizing image processing and machine learning to detect 
mangoes, tomatoes, and oranges were also performed by 
other researchers. Image processing methods and machine 
learning algorithms have been widely used to classify 
mangoes, tomatoes, and oranges, achieving classification 
accuracies ranging from 80% to 100% across these fruit 
types.22-37 Research on fruit classification using image 
processing and machine learning is constrained due to 
its focus on single fruit type, small datasets, inconsistent 
image acquisition methods, and the lack of deep learning 
approaches. Future investigations should prioritize 
standardized data collection and the application of deep 
learning algorithms.

The proposed fruit classification system leverages 
image processing to achieve maximum accuracy and 
minimal time expenditure. It is trained on a large database 
comprising mangoes, tomatoes, and oranges. Such a 
classification system has significant potential to enhance 
the quality of both the agricultural sector and the food 
industry by monitoring product quality, minimizing 
wastage, and adding value to the product. Furthermore, it 
can be integrated into other automated systems and mobile 
applications.

The novel integration of real-time image processing 
with real-time mechanical fruit sorting, powered by 
artificial intelligence machine learning optimization 
techniques using Python programming, represents the 
novelty of this study.

2. Materials and methods
2.1. Image processing system to process fruit 
images

Four steps were included in developing the image 
processing system to classify fruits (mango, oranges, and 
tomatoes): Image acquisition, pre-processing, feature 
extraction, and feature selection. Each step played a key 
role in ensuring the accuracy and effectiveness of the 
classification system.

2.1.1. Image acquisition

This step was crucial to capture high-quality images of the 
fruits, which we needed for later analysis. Crucial factors to 
consider during image acquisition included:

(i)	 Lighting conditions: Good lighting was vital in 
showing the visual traits of the fruits. An ESP32 
camera provided the best lighting and clarity.

(ii)	 Camera specifications: The camera’s resolution and 
color accuracy had a big impact on image quality. We 
fine-tuned these factors to ensure the fruits’ features 
were displayed accurately.

2.1.2. Pre-processing

Pre-processing prepared the captured images for feature 
extraction by enhancing important properties and 
reducing noise. The methods used include:
(i)	 Resizing: The system resized all images to uniform 

dimensions while preserving their aspect ratio. This 
step was essential to ensure consistency across datasets 
and to enhance computational efficiency.

(ii)	 Histogram equalization: This technique enhanced 
image contrast by spreading out pixel intensity values. 
It standardized the appearance of images, making 
key features more distinguishable during the later 
processing stage.

(iii)	Thresholding: Thresholding splits pixels into object 
and background areas based on a predefined value. It 
effectively isolated the fruit from the background and 
reduced noise, thereby improving feature extraction.

2.1.3. Feature extraction

At this point, the system extracted various features 
from the pre-processed images. These features included 
color, shape, texture, and size, which were essential in 
differentiating fruits.

2.1.4. Feature selection

After the features were extracted, the system evaluated the 
significance of each feature. The features that varied widely 
between fruit types were retained, while those with insignificant 
variation were excluded. This step enhanced the sorting system 
by focusing on the most distinctive features, which resulted in 
better accuracy and reduced computational work.

2.2. Support vector machine (SVM) model to classify 
fruit images

The SVM model helped classify fruits by their appearances. 
This part explained the key steps in building the SVM 
model, which included standardizing the features, training 
the model, and applying different kernel functions.

2.2.1. Standardizing the features

Standardizing the features was a key step before starting 
the modeling process. It ensured that all the features 
selected for model creation contributed to the fruit-sorting 
process. In this study, normalization was used to scale all 
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feature values into the same range. This prevents any single 
feature from having too much influence over the model’s 
performance.

2.2.2. Training the model

To train the model, the system splits the entire dataset into 
two parts: One for training and one for testing. It used 70% 
of the data in training the model and kept the other 30% 
to test the training efficiency. Then, the SVM model was 
trained using the selected features. The study also used 
kernel functions to transform the feature space, which 
helped the model capture non-linear relationships.

2.2.3. Kernel functions

Kernel functions play a crucial role in SVMs as they allow 
data to be transformed into higher dimensional spaces, 
where it can be linearly separable. The following kernel 
functions were implemented:

(i)	 Linear kernel

If the relationship between features was linearly 
separable, then the linear kernel was utilized. It is defined 
in Equation I38:

K(x, y) = xTy� (I)

Where x and y are input feature vectors and xTy 
represents the dot product of the transpose of x and y.

(ii)	 Polynomial kernel

The polynomial kernel enabled the SVM to handle 
non-linear relationships between features. It mapped 
the input data into a higher-dimensional feature space 
using polynomial functions, allowing SVM to learn more 
complex decision boundaries. The polynomial kernel is 
defined in Equation II39:

K(x, y) = (γ × (xTy) + r)d� (II)

Where γ is the scaling factor, r is a constant, and d is the 
degree of polynomial.

(iii)	 Radial basis function (RBF) kernel

The RBF kernel was used to capture non-linear 
relationships in the data. It assigned lower weights to more 
distant points and higher weights to closer points, allowing 
the SVM to identify local patterns effectively. The RBF is 
defined in Equation III40:

( )
2

(   * x  y ), eK x y − γ −= � (III)

Where γ is a constant, e is the base of the natural 
logarithm, and is the Euclidean distance between x and y.

This is an established method of SVM model 
development, which ensures accuracy and efficacy in fruit 
classification using different kernel functions.

2.3. Comparison of kernel functions

The different kernel functions were benchmarked against 
each other based on their performance in efficiently 
classifying the fruits. This evaluation utilized several 
performance metrics, including accuracy, precision, recall, 
and F1 score, all derived from confusion matrix analyses.

2.3.1. Confusion matrix method

One of the most effective approaches for evaluating the 
performance of the trained classification model is the 
confusion matrix. In this study, the confusion matrix 
provided the number of correct and incorrect classifications 
among the three fruit classes: tomato, mango, and orange. 
A standard confusion matrix table is presented in Figure 1.

(i)	 Model accuracy

Model accuracy measured the proportion of correct 
predictions made by the classifier. It was calculated based 
on a ratio of total true predictions to the total prediction 
value, which provided a simple sense of the model’s 
performance as indicated in Equation IV.41

TP + TNAccuracy =
TP + TN + FP + FN �

(IV)

Where TP is true positive, TN is true negative, FP is 
false positive, and FN is false negative.

(ii)	 Model precision

Model precision measured the accuracy of positive 
predictions. In this study, it referred to the proportion of 
predicted positive instances that were actually positive. 
This provided insight into the reliability of the model in 
making positive classification, as shown in Equation V.42

=
+

TPPrecision
TP  FP � (V)

(iii)	Model recall score

Model recall, also known as sensitivity, was used 
to evaluate the model’s ability to correctly identify 

Figure 1. A typical confusion matrix table used to evaluate classification 
performance

https://dx.doi.org/10.36922/IJAMD025150011


Fruit image detection using AI
International Journal of AI for 
Materials and Design

Volume 2 Issue 2 (2025)	 82� doi: 10.36922/IJAMD025150011

positive instances. It indicated how many actual positive 
observations were correctly identified among all the true 
positives, thereby showing the model’s effectiveness in 
capturing relevant cases, as shown in Equation VI.43

=
+
TPRecall

TP  FN
� (VI)

(iv)	 Model F1 score

The F1 score is the harmonic mean of precision and 
recall, providing a balanced metric that considers both 
aspects. It was particularly useful for evaluating model 
performance on imbalanced datasets, as it offered a 
better overview than individual metrics. The F1 score was 
calculated using Equation VII.44

× ×
= =

2 2  (Precision  Recall)F1
1 1 (Precision  Recall)  

Precision Recall �

(VII)

In such a structured approach, the performance metrics 
of different kernels were compared directly to identify the 
most effective kernel for fruit classification.

2.4. Model Optimization

It was essential to optimize a model for its performance 
and accuracy toward fruit classification. The techniques 
applied in model development were also used to tune the 
model, with a focus on the regularization parameter (C).

The C value controlled the trade-off between 
minimizing training error and testing error.

(i)	 Impact of the value of C: A  lower C value applied 
stronger regularization by shrinking the coefficients 
less aggressively, allowing a larger margin of error, 
which may result in higher misclassification rates. On 
the other hand, a higher C value reduced the error 
margin, thereby lowering misclassification rates.

(ii)	 Optimal C by cross-validation: Cross-validation 
was utilized to identify the optimal value of C. This 
involved testing various C values using the model to 
determine which value achieved the best classification 
performance while avoiding overfitting.

2.5. Automated image sorting mechanism

The automated sorting mechanism played a crucial role 
in the fruit classification system. It physically sorted the 
classified fruits into their respective containers based on 
the output classifications identified by the SVM model. 
The system was designed to ensure efficient and accurate 
sorting of the fruits.

The process began by placing fruits on a slanting 
plane that acted as a conveyor. As the fruits rolled down 

the inclined plane, images were captured by a camera for 
classification according to their classes, as implemented 
by the SVM model. The camera used was an ESP32-cam 
(Espressif Systems, China), controlled by the Arduino 
Uno R3 (Microchip, United States), with the entire setup 
powered by a 9 V battery. The captured images were 
transmitted to the processing unit for classification using 
the trained SVM model.

Based on the classification results, the Arduino board 
(Arduino, Italy) sent commands to three servo motors 
(MG996r, TowerPro, China). These motors controlled 
a mechanical arm responsible for guiding the fruits into 
different containers. Once the fruits reached the end of the 
inclined plane, the servo motors activated the mechanical 
arms to direct the fruits into their respective containers. 
Collection containers were placed at the base of the 
inclined plane to collect the sorted fruits.

In this project, an efficient and accurate automated 
sorting mechanism was developed. Figure  2A shows the 
conceptual drawing of the mechanism, Figure  2B shows 
the side view, and Figure 2C shows the front view of the 
mechanism, clearly depicting the system components 
and their arrangement. Figure  3 displays the complete 
experimental setup for the system, while Figure 4 illustrates 
the overall framework for the automated fruit sorting 
process.

This setup incorporated an automated sorting 
mechanism integrated into the Arduino board, which 
controlled the classification results from the SVM model 
and ensured efficient and accurate sorting of fruits into 
their respective containers. The system was specifically 
designed to handle the fruits with the least damage, thereby 
maintaining the quality of the fruits during the sorting 
process. All program codes that automated this system 
were displayed in Programs S1–S6 (in Supplementary File).

3. Results and discussion
3.1. Experimental results for model detection of 
fruit image features

Table 1 shows the results of the fruit classification system. 
The results highlight key differences in the efficacy of 
various features used in the image processing approach. 
This was evident in the performance metrics, including 
accuracy, precision, recall, and F1 score, all of which 
demonstrated that feature selection significantly impacts 
the overall results of classification.

One of the important metrics is accuracy, which 
represents the proportion of correct predictions made 
by the classifier. The accuracy obtained in this study was 
90% with combined features. The result demonstrates 
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that combined features provide more comprehensive 
information about the fruit characteristics, leading to 
improved prediction outcomes.

The results were also favorable in terms of precision, 
which measures the accuracy of positive predictions. In 
this study, the model achieved a precision score of 88%, 
indicating high reliability in its positive classifications. 
The accuracy is particularly important in agricultural 
applications, where precise identification of fruit types can 
significantly influence sorting efficiency and marketing 
decisions.

Recall (or sensitivity) measures the effectiveness of a 
model in identifying relevant instances. In this study, using 

combined features, the model achieved a maximum recall 
score of 85%, efficiently capturing most of the true positive 
cases. This measure is important in ensuring that no fruit 

Table 1. Summary of the experimental results for fruit 
classification models based on image features

Feature Accuracy (%) Precision (%) F1 score (%)

Color feature 85.0 82.0 81.0

Shape feature 78.0 75.0 72.5

Texture feature 80.0 78.0 76.5

Size feature 76.0 74.0 73.0

Combined features 90.0 88.0 86.5

Figure 3. Complete experimental setup of the system. Image produced 
by the authors.

Figure 4. An overall framework of the method for the automated fruit 
sorting system. 
Abbreviation: SVM: Support vector machine.

Figure  2. Automated fruit sorting system developed in this study. 
(A) The conceptual drawing of the system. (B) The fabricated side view of 
the system. (C) The fabricated front view of the system. Image produced 
by the authors.

A

B C
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Table 2. Confusion matrix for fruit classification

Fruit type Predicted 
tomato

Predicted 
mango

Predicted 
orange

Actual tomato 85 10 5

Actual mango 12 85 3

Actual orange 8 2 90

is left unclassified by the system, thereby maximizing the 
efficiency of the sorting process.

The F1 score balances the measure between precision 
and recall, further underscores the performance of a 
model. Using combined features, an F1 score of 86.5% 
was observed, demonstrating an effective balance between 
precision and recall. This result highlights the robustness of 
the classification framework and its suitability for reliable 
fruit sorting.

In summary, the results show that the fruit classification 
system performed significantly better when using a 
comprehensive set of features. The findings underscore 
the importance of effective feature selection in achieving 
high accuracy, precision, recall, and F1 scores, all of which 
contribute to a reliable and efficient automated fruit sorting 
mechanism.

3.2. Confusion matrix for fruit classification

The confusion matrix shown in Table  2 indicates the 
performance of the model across the three fruit classes: 
Tomato, mango, and orange. The entries along the main 
diagonal represent correct classifications, while the off-
diagonal entries indicate misclassification.

For example, of the 100 actual tomato instances, 
the model correctly classified 85 of them as tomatoes, 
misclassifying 10 of them as mangoes and five of them as 
oranges. The average model accuracy was calculated to be 
86.67%, which aligned well with the experimental results 
of 90% accuracy when using combined features.

The confusion matrix provides an overview of the 
model’s performance and highlights potential areas for 
improvement. For example, a higher misclassification rate 
between tomatoes and mangoes immediately indicates that 
these two fruit classes are similar. Therefore, additional or 
more distinctive features might be required to enhance the 
model’s ability to distinguish between them.

3.3. Effectiveness comparison of the selected 
features on image processing system accuracy

This study critically assessed the effectiveness of each 
feature in enhancing the accuracy of the image processing 
system in fruit classification. Figure  5 shows the impact 
of each feature on the performance metrics, including 
accuracy, precision, recall, and F1 score.

The classification accuracy for the model using different 
features is shown in Figure 5. It can be seen that combined 
features improve the model in classifying fruits with 
reasonable accuracy. Other influential features were color, 
shape, and texture, with color features showing the highest 
score. This aligns with a previous study by Chithra and 

Henila,45 which emphasized the necessity of changing the 
image format from Red, Green, and Blue to Hue, Saturation, 
and Intensity to acquire more quantifiable color values. In 
terms of precision scores, Figure 5 indicates that all features 
contribute positively to the model’s precision score. 
However, the combination of features yields the highest 
precision score, confirming that the model is most reliable 
when using a combined feature set. Similarly, combined 
features resulted in the highest recall score, indicating the 
model’s ability to capture the maximum proportion of true 
positive cases. This is particularly important in agricultural 
applications, where accurate identification of fruit types can 
directly impact sorting efficiency and marketing decisions. 
Finally, the combined features resulted in the best F1 score 
across all features, further reinforcing the conclusion that 
utilizing all available features significantly enhanced the 
overall performance of the classification system.

Hence, the comparison of selected features indicates 
that combined features improve the accuracy of this 
image-processing system. These findings further highlight 
the feature selection step in optimizing the performance of 
the fruit classification model to ultimately contribute to a 
reliable and efficient automated sorting mechanism.

3.4. Choice of the optimal regularization parameter 
value in SVM model

One of the most important steps to improve the 
performance of an SVM model for fruit classification is 
selecting an appropriate C value. This parameter controls 
the balance between minimizing training errors and 
testing errors. A smaller C value allows a greater margin 

Figure 5. The score of each feature on the performance metrics
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of error, which may lead to more misclassifications. In 
contrast, a higher C value reduces this margin, thereby 
reducing misclassification rates.

Figure  6 shows the performance scores for various C 
values. The results demonstrate that the optimal value of 
C is influenced by the numerical scale of the input feature 
values. For example, when feature values ranged from 0 
to 100, a C value of 1 yielded strong model performance. 
In contrast, when the features were scaled between 100 
and 1,000, optimal performance was achieved with much 
higher C values of 100.

This observation underlines the importance of tuning 
the C parameter in accordance with the scale of feature 
values. Through cross-validation, the study evaluated 
model performance across a range of C values to identify 
the optimal parameter that maximized the classification 
accuracy while minimizing the risk of overfitting. The 
results underscore that careful adjustment of the C value is 
a critical factor in optimizing the SVM model performance 
and improving accuracy in fruit classification.

This selection of optimum C value is a key part of the 
SVM training process. The results indicate that properly 
setting the C parameter with respect to the nature of the 
feature values is essential. It significantly enhances the 
efficiency of the image processing system used for fruit 
classification.

3.5. Comparative analysis of the accuracy of SVM 
owing to impacts of different kernels

The current research investigated whether significant 
differences exist in the performance of various kernel 
functions, aiming to identify the most effective kernel 
for SVM-based fruit classification. Figure 7 illustrates the 
accuracy scores for the SVM model using three kernel 
functions: Linear kernel, polynomial kernel, and RBF 
kernel.

These results clearly show that the accuracy of the model 
is highly dependent on the choice of the kernel function. 
Among them, the polynomial kernel achieved the highest 
accuracy score. This aligns with the fact that polynomial 
kernels are efficient in handling non-linear relationships 
within data, enabling the SVM to generate higher-order, 
non-linear decision boundaries. In contrast, while the 
linear kernel performs well on linearly separable data, it 
did not perform as effectively in this context. This outcome 
reflects the underlying complexity of the fruit classification 
task, where features can be non-linearly separable.

The RBF kernel also delivered strong performance, 
although slightly lower than that of the polynomial kernel. 
This may suggest that while the RBF kernel is effective in 

capturing local patterns in the data, the polynomial kernel’s 
strength in modeling non-linear relationships contributes 
to its superior accuracy.

The comparison underscores the importance of 
selecting a kernel function based on the specific nature 
of the data and classification task. The results support the 
conclusion that the polynomial kernel offers a significant 
advantage in improving accuracy for SVM-based fruit 
classification applications.

3.6. Hyperplanes constructed from the classification 
of selected fruits

A critical aspect of the SVM model’s functionality lies in its 
ability to generate a classifying hyperplane to distinguish 
between fruit classes. Figures 8 and 9 illustrate examples 
using tomato, mango, and orange data to train the SVM 
model in generating hyperplanes for their classification.

Figure  8 shows a separating hyperplane in a two-
dimensional feature space. This example demonstrates how 
the model distinguishes between fruit classes within a two-
dimensional feature space. The hyperplane serves as a decision 
boundary, and the clear separation of classes suggests that the 

Figure 7. Effect of different kernels on the accuracy of the support vector 
machine model

Figure 6. The score of the model across various C values
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SVM model efficiently captures the underlying patterns in 
the data, enabling accurate classification.

Figure 9 provides another visualization of hyperplanes 
in a two-dimensional feature space. In contrast to Figure 8, 
where there is a distinct separation between mango and 
tomato based on the color feature but not size, resulting 
in a vertical hyperplane. Figure 9 shows a clear separation 
between mango and orange. Here, both color and size 
features contribute to the distinction, resulting in a 
diagonal hyperplane.

3.7. Performance of the SVM model

The performance of the SVM model was evaluated using 
several standard metrics, as depicted in Figure 10, which 
shows the model’s accuracy, precision, recall, and F1 score 
in the context of fruit classification.

Figure 10. Results obtained from different feature metrics evaluated on 
the system

Figure 9. Scatter plot of fruit classification between mango and orange

The results indicate that the SVM model performed 
well in classifying the fruits, achieving high scores across 
all metrics. This is attributed to the effective feature 
extraction, the selection of an optimal kernel, and careful 
tuning of the C value.

Therefore, the performance evaluation has identified 
the capability of the SVM model to classify fruits with 
reasonably high accuracy using only visual features. This 
reinforces the potential of image-processing techniques in 
agricultural applications. The findings also emphasize the 
importance of selecting appropriate kernels, optimizing 
model parameters, and use of comprehensive feature sets 
to further improve the classification accuracy of the system.

4. Discussion
The use of image processing techniques in fruit 
classification solves all the problems associated with the 
traditional method of classification, such as subjectivity 
in classification and potential damage to the fruit. Various 
features can be utilized in the classification system; while 
some features allow highlighting the differences across 
fruit classes easily and accurately, the selection of the most 
impactful features helps reduce the computational power 
required.

There are various machine learning models available. 
Naskar and Bhattacharya46 utilized artificial neural 
networks and achieved an accuracy above 90%. Similarly, 
Bahaghighat et al.47 proposed the use of neural networks 
and reported reasonable results. Bahaghighat et al.47 
demonstrate that the SVM model is comparable in 
effectiveness to other models while offering the advantage 
of requiring a significantly smaller dataset.

The SVMs are primarily designed for linearly separable 
data. However, when dealing with non-linear data, a kernel 
function can be applied. The kernel effectively projects the 

Figure 8. Scatter plot of fruit classification between mango and tomato
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input data into a higher-dimensional feature space, where 
the data are considered linearly separable.48

According to Yekkehkhany et al.,48 the linear kernel 
is the simplest and fastest to process, but the polynomial 
kernel, though more time-consuming and complicated, 
often yields more accurate and reliable results. In this 
study, the polynomial kernel achieved a much greater 
accuracy than a linear kernel. This suggests that when 
more than two features are used for fruit classification, 
utilizing the linear kernel may negatively affect the results 
obtained.

Color features played a significant role in the 
classification of the fruits. As such, the quality of the 
camera and the lighting conditions during image capture 
are crucial. Poor image quality or inconsistent lighting 
may distort color representation, particularly due to 
background interference, which may affect classification 
results.

5. Conclusion
This paper presents an image processing system developed 
for classifying selected fruits, including oranges, 
tomatoes, and mangoes. This system demonstrated 
tremendous potential in enhancing both the efficiency 
and accuracy of fruit sorting within associated processes. 
The system achieved impressive performance metrics, 
with an accuracy of 100%, precision of 96%, recall of 
92%, and F1 score of 89%, as shown in Figure 10. These 
results demonstrate the effectiveness of the implemented 
techniques and the robustness of the model in accurately 
classifying fruits.

The findings highlight the importance of feature 
selection in the classification process. With the inclusion 
of multiple features, the accuracy of the system increased 
significantly. This indicates that certain features contribute 
more strongly to overall classification performance 
compared to others. For the SVM model, various kernel 
functions were evaluated. The results show that the 
polynomial kernel outperformed both the linear kernel 
and the RBF kernel, demonstrating its effectiveness in 
handling non-linear relationships within the data.

Furthermore, it is essential to optimize the C value. This 
study suggests that the optimal C value is tightly connected 
with the various features’ values. This indicates the need 
for dataset-specific parameter tuning to achieve optimal 
performance.

The integration of the Arduino board with the 
automated sorting mechanism, guided by the classification 
results from the SVM model, sorted all fruits into their 
respective containers. This integration of image processing 

with mechanical sorting provides a proof of concept for a 
fully automated fruit classification and sorting system.

The image processing system developed in the study 
demonstrates a reliable and efficient approach to fruit 
classification, with the potential to enhance quality control 
and reduce labor costs in the agricultural sector. The findings 
further emphasize the potential of advanced technologies to 
replace or improve traditional fruit classification methods. 
Future research should focus on extending the system 
to accommodate a wider variety of fruits, along with the 
integration of machine learning algorithms for real-time 
fruit classification and sorting.
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