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Abstract:

Fruits are a mainstay of a healthy diet. They keep our bodies healthy because they contain minerals, vitamins, fiber, and
water. Manpower s required for the segregation of the fruits to maintain their quality. A lot of time is wasted on
segregating fruits to maintain quality. Due to the poor quality of fruits, farmers are facing a huge loss in their
agricultural fields. Automation enhances the quality of the fruits and speeds up the segregation process by ensuring
accuracy and efficiency. Many Algorithms have been developed by researchers for the segregation of fruits. The proposed
Deep learning model YOLOvI1 will segregate (Healthy or Rotten) the fruits into their specific classes, ensuring the
quality by processing the images of the fruits, gaining validation Accuracy of 97.91%. This study fills the gap between
agriculture and technology. It represents the potential of Al in_food quality inspection processes.

Key points: Fruits Detection, Classification, Segregation, YOLO (You Only Look Once), Deep Learning, Computer
Vision.

Introduction

Fruits and vegetables are essential  they provide us with vitamins and fiber. The

components of our daily food intake because = Vitamins and fibers play a vital role in our
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lives. They keep our body healthy and strong

[17. For example, citrus fruits contain
vitamin C, which helps improve our immune
system. Bananas are a high source of energy

and potassium for our bodies. They offer us

strength and strengthen our digestive system.

Fruits are nature's gift to humans and are
available in many flavors. A variety of fruits
and vegetables are available in the world.
The food industry depends on fruits and
vegetables. The quality of fruits is more
essential for the quality of food products
because healthy fruits contain more vitamins
and minerals compared to rotten fruits [27].
Rotten fruits can produce diseases in humans.
Fresh fruits are used in the industry to make

delicious food items [27].

Firstly, Manpower is being used for the
segregation of fruits to ensure the quality of
fruits, but it's a time-consuming procedure.
Secondly, the non-availability of labor is the
main impact on the segregation of fruits. If
the labor force is available, the former cannot
pay them as per their demands. Nowadays, it
is not easy to manage agriculture sustainably
because the population is increasing day by
day [8]. We can use robots instead of
humans because they do not get tired [47].

The gardening industry is facing a growing
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labor shortage because decline in interest in
the labor force. As a result, many fruits were
not picked and spoiled in the fields. Because
the farms usually relied on forced labor [57].
The Labor cost can be reduced by robotic
harvesting to improve fruit quality
assessment. Segregation of fruits is a very
important task because rotten fruits can
damage the fresh fruits if they are not
segregated. Segregation of fruits by hand is a
hectic and time-consuming procedure [6].
Therefore, it is necessary to produce a model
that can segregate as well classify the fruits
automatically without getting tired to save

time and provide benefits to the farmers in

the agricultural industry.

Deep learning models, especially CNNs, have
significantly improved fruit recognition and
harvesting in agriculture. CNNs offer higher
accuracy and speed than traditional machine
learning methods [77]. In recent years, deep
learning has gained a lot of success in
computer vision tasks. From experiments, it
is clear that Deep learning techniques are
good as compared to other traditional and
r87.

remarkable

non-traditional  techniques Deep

learning has demonstrated
potential in addressing Skin Disease [97 by

using CNNs, Fungal Disease [107], Security
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surveillance  [117], Autonomous parking, Detection Unit (YOLOv11). The detection
(127, and waste segregation [137]. unit consists of three main parts: Backbone is

responsible for feature extraction from input,

In this study, we are proposing a Deep Neck takes the feature from Backbone and

learning model (Yolov11) which not only does further processing, and Head takes the

classifies the fruits but also segregates them processed feature maps from Neck and gives

on a quality basis. The model consists of an | outputs. The architecture of the

[oT device and a Detection unit. An I[oT

YOLOv11 model, Ranjan Sapkota et al, is

device is a camera that can receive a picture .
given below.

of fruit as input data and forward it to the
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the world [147]. Many studies have been

The advancement in  technology  and applied to the detection and classification of

Computer vision has contributed to  the fruits. The CNN model has been applied for

detection and  classification  of  fruits the classification of vegetables, achieving an

spontaneously. Fruit's accurate classification accuracy of 95.5% [157. Similarly, fuzzy

and segregation play a vital role in logic. Decision trees, MLPNeural, and
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principal component analysis are used in
citrus fruits for skin detection [167]. Joseph et
al. proposed a CNN-based automatic model
for classification, achieving an accuracy of
95% [17]. Ponce et al. used multiple CNN
models, with Inspection-ResNetV2 to classify
Olives, achieving 95.91% accuracy [17].
Seng et al. utilized KNN in a custom-built
dataset of 50 pictures, achieving 90%
accuracy [187. Shiv and Anand developed a
Gaussian Naive-based classifier to classify
varieties of apples and citrus fruits [197,
achieving 70% testing accuracy. Several
studies have extended to disease detection.
Abayomi-Alli et al. found the cassava leaf
disease by using MobileNetv2 and gained an
accuracy of 97.7% [207]. Almadhor et al.

used CCR-NN  (custom  convolutional

recurrent neural network ) to detect the
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cassava mosaic viruses [217]. But these
models are not appropriate for real-time
object recognition. Moreover, few studies
used Deep learning models with mobile
applications for object recognition. Deep
learning models, especially the YOLO series,
are best for real-time object detection. The

Yolo series model can detect and classify

objects in one step with the best accuracy.

Construction and Working of Proposed

Model:

The proposed model consists of an input unit
and, detection unit. The input unit consists of
an [oT device (camera) that takes the picture
and forwards it detection unit. The detection
unit processes the images and classifies as

well as segregates images in just one
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The picture below shows the segregated fruits.
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The tollowing figure shows the classified fruits with quality grading.

Bl il gaas range

"
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The picture below shows the classified as well segregated fruits.
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Methodology:

This study includes numerous key phases:
dataset preparation, model selection, training,
evaluation, and deployment. The complete
workflow is planned to automate fruit
classification and segregation using deep

learning-based object detection models.

VOLUME . 4 ISSUE . 2 (2025)

1. Dataset Collection and Annotation

The dataset (fruit vision classification) was
sourced from Roboflow, a platform for
managing computer vision datasets. The
dataset contains multiple classes of fruits
(annotated images in Yolo format). Datasets
include 77% images for training and 23%

images for the validation test.

The dataset was augmented using Roboflow’s built-in tools (e.g., rotation, flipping, blur,

noise), which enhance model robustness against environmental variations.

2. Model Selection

The Yolov11l model is chosen in this study
because of its real-time object detection
The

capabilit and

Performance Metrics:

lyolo task=detect mode=train model=yolov9s.pt data=/content/drive/MyDrive/Fruits/fruit-
vision-classification-2/data.yaml epochs=100 imgsz=224 plots=True

architecture of Yolovil allows for to
extraction of features efficiently.
The Model was trained in Google Colab.

For simulation, the model was trained using:

Metric Formula Explanation
Precision P Measure the correctness of the model
tp+Fp
Recall P Handle the classification problems of the classes
tp+fn
A tp+1n M P
ccuracy easure the correctness of a classification model.
tp+tn+fp+£fn
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It is the harmonic mean between Precision and
F1-Score 2

+ Recall.

Evaluation of Performance Metrics (Results of Simulation):

Metric performance is used to measure the  Confusion Metrix:

accuracy and efficiency of deep learning

. . . o [t measures the performance of the
models. Main metrics comprise precision,

recall, F 1-score, and mAP, which display how classification model. It i1s the ratio of the

well the model identifies and classifies objects. number of predictions predicted as correct to

Hi - the total number of predictions. The metric
igh precision guarantees correct

predictions, while high recall checks minimal contains True Positive, True Negative, and

missed findings. False Negative values.
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Confusion Matrix
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F-1 Confidence curve

The F-1 score involves both precision and recall to check the accuracy, especially when the data

1s imbalanced.
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Precision:

It measures how the model returns the most relevant results.
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Precision-Confidence Curve

Precision

0.2 1
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Recall:

It tells how successtully the model captures the actual positives.
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Recall-Confidence Curve
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Results:

The graphs in the results tell about the performance of the model.
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train/box_loss train/cls_loss train/dfl_loss metrics/precision(B) metrics/recall(B)
207 —e— results
0.5 ..... smooth 1.05 0.95 A 0.95
0.4 1 — 0.90 A 0.90 A
0.3 1 0.85 1 0.85 A
0.95
0.2 0.80 0.80 {4
0.90 1
0 s0 100 0 50 100 0 50 100 0 50 100 0 50 100
val/box_loss valfcls_loss val/dfl_loss metrics/mAP50(B) metrics/mAP50-95(B)
0.8 1.04 1 0.98 4 0.950 -
0.35 1 1.02 A 0.961 0.925 -
0.6 1.00 A 0.94 1 0.900 -
0301 0.98 1 0.927 0.875
0.25 1 04 0.961 0.90 - 0.850 -
0.944 0.881 0.8251 1
J 0.29
0.20 . ‘ : . : | 0924 i | 086l ' | 000! ‘ '
0 50 100 0 50 100 0 50 100 0 50 100 0 50 100
YOLO Models' results on different datasets
Percentage Percentage
Model Precisioi Percentage|[Percentage|Percentage Validati ogn
Recall mAP50 | F-1 Score
Accuracy
[YOLOvS5s [89.8 188.8 l92.7 17.02 I |
[YOLOV7s [89.6 |188.4 l92.2 13648 I |
Yolov7s + CBAM +
GSConv + WIOU + 90.8 86.4 91.9 26.41
CARAFE
[YOLOvS8s [89.8 186.1 93.0 1112 I |
[YOLOv9c l91.1 187.1 l93.8 150.70 | |
SRN-Yolo (Gao et al.
( ’ 92 .4 87.4 944 53.27
2024)
Yolov8-SIM (Randar et
OOV (Randaret g, o 87.3 93.6 11.32
al., 2024,)
Yolo-SAG (Chen et al.,
90.3 88.1 93.6 11.85
2024)
Yolo-MIF (Wan et al.
N ( an et at., 90.1 88. 93.5 11.13
2024)
IDNE-YOLO [90.7 88.9 94.8 [10.46 | |
[YOLOvs5 [90.81 88.048  ||95.24 I I |
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Percentage Percentage|Percentage|Percentage Percentage
Model Precision g & &€ Validation
Recall mAP50 | F-1 Score
Accuracy
YOLOV6 88.92 |92.18 96.11 | | |
YOLOv7 (Nur-E-Aznin 93 89 96.1
Mimma et al.2022)
YOLO V8 (Fuqin Deng 8.6 95.5 93 4
et al.2025)
YCCB-YOLO ([22])  |91.79 9275 |97.82 | | |
Average |[Average |Average [Average |Average
YOLOv11 96.96 97.12 98.15 98.15 97.19
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Conclusion

Fruit classification and segregation are
critical processes in the agricultural as
well food Industry. The classification
and segregation ensure the quality, the
health, and the waste. Traditional
methods are not suitable due to rising
labor costs and a shortage of the
workforce. They are time-consuming
methods. As the population increases,
the mandate of automated solutions is
becoming more urgent. This study
provides an authentic and efficient
solution for the real-time fruit detection,
classification, and segregation of fruits
based on quality using a deep learning
model. By integrating an IoT device
with an advanced object detection unit,
the model improves the speed and
accuracy of fruit sorting while reducing
human efforts. The model architecture
allows impressive feature extraction
and processing. The Proposed model
provides a promising alternative to
traditional  fruit classification and
segregation. It not only ensures the
quality of fruits but also provides
benefits to the farmers by reducing the
operational costs and post-harvest
losses. With further optimization in this
field of search, smart solutions can play

a transformative role in achieving

https://journalofemergingtechnologyanddigitaltransformation.com
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sustainable and efficient food supply

chains.
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