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With the advancement of deep learning computer vision, real-time fruit detection has
become increasingly essential in smart agriculture and supply chain management. High-
precision fruit recognition not only improves productivity but also reduces errors associated
with traditional manual identification, thereby helping enterprises reduce waste and improve
operational efficiency.

This study proposes an automatic fruit recognition system based on the YOLOVS5 (You Only
Look Once version 5), which performs real-time detection and identification of apples,
bananas, and oranges in natural images. The system is trained on a custom-labeled dataset
from Kaggle, Encompassing 240 training images and 60 test images. Data augmentation
techniques and pre-trained COCO weights are employed to enhance the model’s
generalization capability. The system achieves excellent performance in terms of precision,
recall, F1 score, and mean average precision (mAP), while supporting real-time detection at
40 frames per second (FPS).

A convenient web interface is developed to ensure effective human-computer interaction.
Experimental results demonstrate that the proposed system has strong potential for
deployment in practical scenarios such as smart orchards, food packaging lines, and retail
surveillance environments.
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SYMBOLS AND ABBREVIATIONS

Abbreviations

mAP
LUT
YOLO
FPS
CloU
GPU
COCO
CNN
SSD
PyTorch
OpenCV

P-R curve

Mean Average Precision
Lappeenranta-Lahti University of Technology
You Only Look Once

Frames Per Second

Complete Intersection over Union
Graphics Processing Unit

Common Objects in Context
Convolutional Neural Network
Single Shot MultiBox Detector
Python Torch
Open Source Computer Vision Library
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1 Introduction

This chapter will introduce this research background and motivation. Existing related work
and challenges will be introduced. Finally, the structure of the paper will be explained

including a brief description of each chapter.

1.1 Background and Motivation

Follow the advancement of technological fields and the developing of society, recognition
technology powered by artificial intelligence is being adopted more wide used in daily life.
Computer vision recognition technology is an important part of artificial intelligence
technology, especially in autonomous driving, medical diagnosis, logistics management,
security monitoring and other aspects. With the change of agricultural production methods,
smart agriculture is also developing of the artificial intelligence, and intelligence recognition
technology is widely apply in intelligent image recognition. At present, countries around the
world pay more and more attention to agricultural development, especially fruit planting,
which has achieved great importance development, with many varieties and wide planting
areas. Follow the fast development of modern society and the of people's requirements for
food safety and quality, consumers pay more and more attention to health issues. However,
traditional fruit recognition relies solely on manual recognition, which not only has a low
recognition rate, but also has huge labour costs. Therefore, it is particularly essential to use
artificial intelligence to assist merchants in identifying fruits (Guo & Wu, 2024). The yolo
model is a real-time target recognition algorithm. The unique design of the yolo algorithm
ensures that it has high accuracy and speed. The regression problem can be regarded as object
detection, a higher detection speed is achieved. So based on the above situation, | will design
and implement a fruit recognition system based on YOLO to improve recognition efficiency

and accuracy.



1.2 Related Work

Machine vision recognition based on the YOLO is depend on the color and shape features
of items. At this stage of computer vision, a variety of machine learning modle have been
wide apply for machine recognition tasks. These including R-CNN is an detection method
that integrate high-capacity neural networks with region proposals (Girshick et al., 2014).
Fast R-CNN is an efficient region detection method (Girshick, 2015), Faster R-CNN
achieves sharing of convolutional attributes with the detection system by introducing a
region suggestion model that can be trained end-to-end (Ren et al., 2015), and SSD combines
multi-scale feature maps for detection in a single neural network, omitting the candidate box
generation step (Liu et al., 2016). These deep learning algorithms do enhance the precision
and speed of target detection to a certain extent, but these deep learning algorithms have
problems such as high computational complexity and high processing difficulty. Therefore,
the YOLO algorithm was evolved. This algorithm uses an end-to-end approach to ensure
high detectability while ensuring computational complexity. Machine vision recognition is
mainly divided into each three stages: preprocessing, feature extraction, and classification

stages.

However, with the advancement of science and technology and the constant evolution of
artificial intelligence innovation, great progress has been made in the recognition of fruits
within the scope of computer vision. Depending on the AlexNet convolutional neural model,
the image classification of five vegetables such as broccoli and cucumber on the ImageNet
dataset was analyzed. The images were rotated to enhance the recognition ability of data
analysis and the dataset contains 24,000 images. The classification precision of the AlexNet
convolutional neural network model on the test set was vary high it better than the traditional
model and SVM classifier. However, the detection quality of the model decreased the
amount of training image datasets. When the dataset was reduced to 1,000 images, the
accuracy dropped to 81.5%, highlighting the model's sensitivity to data volume (Zhu et al.,
2018). The fruit classification performance based on convolutional neural model and the
YOLO algorithm was compared. The CNN model, YOLO model and MATLAB-based color
detection algorithm were used to recognize and analyze fruit images. And the YOLO model
was implemented on the Python platform with a classification accuracy of 85%; the color

detection method based on Gaussian filtering in MATLAB had a recognition accuracy of



74%; and the model based on CNN had an accuracy of 63%. The innovative results
demonstrate visually that the YOLO model is stronger than CNN and traditional color
recognition algorithms in terms of model recognition performance. As well as, this
innovative also pointed out the MATLAB method is more conducive to the detection of
round fruits, while YOLO has higher practical value in multi-target detection and position
positioning, laying the foundation for the realization of the automatic picking system (Raj et
al., 2021).

1.3 Challenge

Although a lot of work has been done in the range of machine learning and fruit and
vegetable type identification, there are still many technical challenges in these fields. For
example, the accuracy of image recognition under different lighting conditions may vary,
and overlapping of multiple different types of fruits in the same image may lead to incorrect
fruit recognition. In addition, some systems are not designed with real-time detection
capabilities through cameras. The system addresses these challenges by using an optimized
version of the YOLO algorithm and a diverse training dataset to improvement the algorithm

correctness in world settings.

1.4 Structure of Thesis

This thesis make up with five difference chapters, each based on five different aspect of the

development of a YOLO-based fruit recognition system.:

Chapter One — Based on the background and motivation of the research, explains the
significance of applying artificial intelligence in agriculture, and structure the main

objectives of the thesis.

Chapter Two — The literature Review existing research on traditional image-based fruit
recognition methods and modern target detection algorithms for example CNN and YOLO.

It also summarizes the gaps identified in previous work.



Chapter Three — Methodology describes the overall system design, including dataset
selection, data preprocessing, YOLOvV5 model selection, training configuration, and

development tools used in the implementation.

Chapter Four — Results and Evaluation describes the environment setup, evaluation metrics,
and detection output. It analyses the model's performance based on precision, recall, F1 score,

and other key indicators.

Chapter Five — Discussion and Conclusion the outcomes of the research, it strengths and
restrictions of the system are highlighted, directions for long-term improvements are

presented.



2 Literature Review

By reading a lot of literature, based on the application of traditional computer vision
recognition methods to machine learning and CNN, we understood the basic principles of
the YOLO algorithm and its application in the fruit recognition system. In particular, we
discussed the outstanding advantages and development history of the YOLO algorithm, and
further discussed the methods and achievements in previous literature.

2.1 Traditional Image-Based Fruit Recognition

Traditional image recognition systems include BP neural network applied to fruit recognition
and fruit classification prediction using SVM classifier. BP neural network recognition
annotates the image, annotates the features of the fruit, and then calculates parameters based
on the basic features of the fruit, such as color and shape. Traditional image recognition first
preprocesses the fruit image. The purpose of this operation is to obtain a clearer and higher-
quality image. This traditional image recognition is usually divided into statistical pattern
classification and structural pattern classification. Secondly, after the image processing is
completed, it is need to extract the characters of the fruit, such as the shape of the fruit, the
texture of the fruit, the color of the fruit, etc (Yu et al., 2019). The traditional BP neural
network is an effective neural learning path and is wide range applicated in the field of neural
networks. Similar to traditional neural networks, BP neural networks are also divided into
three different hierarchical structures: Input, intermediate, and output layers (Yu et al., 2019).
Neural network is wide apply in traditional image fruit identification and can effectively
solve nonlinear problems. Although traditional image recognition technology can already
identify the types of fruits based on fruit features, there is still have range for improvement

in precision and recall.

2.2 Deep Learning and CNNs in Object Detection

In recent years, image processing has also made breakthroughs in deep learning, especially

in object detection. Convolutional model are crucial in the range of machine learning.



Because this model has efficiently learn the spatial feature hierarchical structure in images,
they are a key and indispensable tool in object detection tasks (Jia et al., 2023). Compared
with traditional machine learning, CNN has the basic feature of automatically extracting

edge semantics and maintaining a high recognition accuracy in complex environments.

The two key problems in the object detection task are: object positioning and type
recognition. Traditional methods rely on manually designed features and have poor ability
to deal with problems such as the shape, scale, illumination changes and occlusion of objects
in images. However, deep CNNs can effectively extract key features through stacked

convolution and pooling layers, greatly improving detection performance (Jia et al., 2023).

In terms of neural network structure, from the initial between R-CNN with Faster R-CNN
through Fast R-CNN, target detection models have gradually achieved end-to-end training
and higher recognition accuracy (Raj et al., 2021). Generated initially are candidate regions
within region-based two-stage detectors, followed by classification and regression
operations performed on them. Although they have high accuracy, they are relatively slow
and not suitable for real-time applications.

YOLO frames object detection as a regression challenge, Divide the image into a large
number of grids, Simultaneous blueprint of bounding boxes along with their corresponding
class labels occurs within each grid cell, greatly improving the detection speed. One-stage
detection methods represented by YOLO has been wide range used in auto-driving,
intelligent monitoring, robot navigation and other fields. In agricultural automation, deep
learning also shows great potential. Taking fruit recognition as an example compared the
performance of CNN and YOLO in fruit classification. The results showed that YOLO's
detection accuracy in complex backgrounds was as high as 85%, significantly better than
CNN's 63% and traditional color detection methods' 74%. YOLO can not only quickly
identify multiple fruit types, but also accurately locate their positions in the image, providing
technical support for realizing intelligent agricultural harvesting (Jia et al., 2023).

2.3 YOLO Algorithm Overview

The YOLO model algorithm was first proposed in 2015, which is a detection model based
on a neural network. As shown in Figure 1, the network structure of the YOLO algorithm
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draws on GoogleNet and contains 24 convolutional and 21 connection layers. The overall
structure of the YOLOV1 network have a amount of convolutional and pooling layers with
fully connected layers. The input is a 448 X 448X 3 RGB image (Redmon et al., 2016). The
network gradually extracts characteristic through multiple convolution and pooling, and

finally outputs a 7 X7 <30 prediction tensor. The full Structure is illustrate in Figure 1.
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Figure 1The photo show Structure of YOLOvV1.

The front end of the network first performs large-scale feature extraction and preliminary
down sampling of the input image through a convolution kernel of size 77 and stride 2.
Then a 2>2 maximum pooling layer is applied to further reduce the spatial dimension and

enhance local invariance.

Subsequently, the network performs feature extraction and dimensionality reduction through
a range of 3>3 convolutional and maximum pooling layers. This stage includes the gradual
expansion from 192 channels to 256, 512, and finally to 1024 channels, effectively learning
the informative features of the photo.

In the part of the network, multiple 1xL convolutional layers are introduced for
dimensionality reduction and feature fusion, followed by 3>3 convolutional layers for local
feature learning. The stacking of convolutional layers enables the model to have stronger

nonlinear modeling capabilities while controlling parameters.

After the convolution is completed, the network structure is composed of two fully
connected layers. 4096 neurons are output by the fully connected layer as an integration of
high-level semantic features. A dimensional prediction tensor is generated by the second
fully connected layer. The specific meaning of this tensor can be explained as follows: the
the image is split into a 7*7 grid structure, and 2 bounding boxes (B=2) are estimated inside
each grid unit. Each grid cell in the model is responsible for predicting conditional
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probabilities across 20 categories (C = 20). For example, it illustrate which the output

dimension can be calculated as 7*7*(2*5 + 20) =1470.

2.4 YOLO in Fruit Recognition: Existing Applications

In recent years, the YOLO has significant attention a leading detection framework in the
intelligent agriculture, especially for task in fruit recognition tasks. Due to such as high speed,
end-to-end training capability, and real-time inference performance. The YOLO algorithm
widely applied in various scenarios involving fruit recognise, classification with quality

assessment.

One of the most frequent uses of YOLO in fruit recognition is multi-class fruit detection,
where models are trained to identify different kinds of fruits such as apples, bananas, oranges,
and grapes in complicated environments such orchards, supermarkets, or fruit stalls. These
models can correctly detect and classify fruits even under difficult circumstances such as

occlusion, different lighting, or cluttered backgrounds.

A second significant use for estimating the amount of fruit maturity was this, in which the
YOLO models were used to distinguish between ripe and unripe fruit by looking at color,
texture, and shape attributes. This function is very important to robotic harvesting systems
because it is critical that we identify ripeness with precision in order to select a particular

item.

YOLO has also been integrated into automated fruit counting systems, which are used in
precision agriculture to estimate cropyields by detecting and counting fruits from aerial
imagery captured by drones or high-resolution cameras. Moreover, fruit localization
through YOLO plays a crucial role in guiding robotic arms during harvesting, providing

precise bounding box coordinates for robotic manipulation (Mamdouh & Khattab, 2021).

Additionally, YOGO was able to successfully implement the defect detection and quality
control domain as well. By providing trainings on defect identification tools such bruises,
cracks, rot, and on fruit surfaces by training models, producers can automate the process of

sorting and grading, which increases efficiency while decreasing manual labor costs.
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2.5 Summary of Gaps

Although there are many mature research and identification methods in the field of fruit
identification, there is still room for further improvement in this field. First of all, although
the system has high detection precision, it is large in size and requires many amounts of
computation, making it complicated to deploy on edge devices or mobile terminals. For
example, the high accuracy of YOLOv4 comes at a higher computational cost, which is
not suitable for low-power embedded devices. Many experiments use data sets that are small
in scale and single in type, and cannot be well applied to real applications. These data sets
are usually conducted in a laboratory environment with uniform lighting and a clean

background, and lack data under complex natural conditions.
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3 Algorithm and Experimental Results

This chapter will be introduce the methods used in the system. Including a simple data
introduction, reason of data set selection, data preprocessing, reason of model selection and
training parameter adjustment. In order to achieve accurate results, we adopted an improved

YOLOV5 architecture and adjusted the relevant training parameters.

3.1 System Overview

The purpose of the fruit automatic recognition system based on the YOLO algorithm is to
efficiently and accurately identify the types of various fruits from images. This platform
based on the YOLO model is a structured system that is mainly composed of four basic
modules: image acquisition, data preprocessing, object detection using the YOLO and result
visualization. Each stage plays an effective and critical role in the implementation and the

functioning of the system.

The image acquisition part can collect the original input images received by the camera or
from a pre-existing image dataset. Then, these images will enter the data preprocessing stage,
where the image size and enhancement effects will be adjusted to ensure that the subsequent
YOLO algorithm model matches the appropriate input image. The preprocessing stage also
includes noise reduction and color space adjustment, which will ensure that the system will

maintain efficient and accurate output in different environments.

Following image preprocessing, the system employs a pre-trained YOLO object detection
model to locate and categorize fruits within the image. Leveraging a single forward pass to
process the entire image, YOLO is well used for real-time recognition applications. Once
this recognition is completed, a visualization module highlights the identified fruits with
bounding boxes and labels them with their respective class names and confidence scores,

effectively presenting the final output.

The entire fruit recognition system will optimize fruit recognition to meet the requirements
of practical applications such as automatic fruit sorting, smart retail and agricultural

monitoring. Figure 2 explain the workflow of the entire model.
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Image Acquisition Data Preprocessing Y¥OLO Object Detection

®

Results Visualization

Figure 2 System workflow base on YOLO system.

3.2 Data Description

The dataset adopt in this search is the kaggle source, which is a publicly provided image
sources developed for fruit classification and detection tasks. It is widely used in academic
research and machine learning model training because of its large number of labeled fruit
images and great quality annotations.

This dataset | chose contains 300 different images and 3 different categories of fruits. The
resolution of each image is 300 X 300 pixels. The dataset is divided into two different scenes.
There are pictures taken with a white background to help restore the ideal laboratory
environment, and there are pictures taken with a well-lit background outdoors to help restore
the actual usage scenario. The images are stored in JPEG format and organized into folders
according to the name of the fruit species. In this study, we chose the entire dataset to ensure
data completeness and focus on fruits with practical applications.

Each image is labeled with the corresponding fruit name. For object detection purposes,
bounding box annotations are generated and converted to YOLO format, which includes
class index and normalized bounding box coordinates. YOLO format is compact and very

suitable for training YOLO-based detection models. Please refer to Figure 3 for details.
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' orange 1.0

Banana\se

Figure 3 Shows example images from the kaggle dataset, demonstrating the diversity of

fruit categories and image quality.

In this study, the sources is split into two parts: with 80 precent for training and 20 precent
for testing. This partitioning make sure that the model has samples to study from while also

supporting proper optimization and performance evaluation.

3.3 Data Preprocessing

To guarantee interoperability with the YOLO algorithm detection system and improve the
robustness of the system, all input images go through a range of preprocessing steps. These
steps play a key role in converting raw data into a format that can be used for model training

and inference.

All images are first resized to a fixed resolution of 640 X 640 pixels, which is the standard
input size for YOLOVS5. Resizing the images helps ensure consistency across the dataset and
ensures that the model receives input images of the expected shape. The RGB pixels are then
normalized to scale their values to the range [0, 1]. This normalized dataset speeds up the

training process and improves model convergence.

Although the raw data is provided in the original folder, I programmatically re-split this
dataset into 80% for training and 20% for testing to ensure a balanced distribution of fruit
classes in both groups. This helps prevent the model from overfitting and ensures recognition

accuracy for test images.
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3.4 YOLO Model Selection and Justification

In the system model selection, the YOLOV5 model was selected as the core object detection
framework for fruit recognition. The reason for choosing YOLOVS5 is that YOLOV5 has

excellent speed, which it is particularly match for real-time used in agricultural environments.

Compared with earlier versions such as YOLOv3(Redmon & Farhadi, 2018) and YOLOv4
(Bochkovskiy et al., 2020), YOLOV5 introduces a number of improvements, including
PyTorch-based implementation, automatic mixed precision training, faster training time, and
smaller model, which is particularly important for dependent on inspection equipment or
devices commonly used in smart agriculture. In addition, YOLOV5 also has multiple model
variants, including OLOv5s, YOLOv5m, YOLOV5I, and YOLOvV5x. Users can choose a

specific model according to their needs and seek a balance point between speed and precision.

Compared with two difference stage detectors such as R-CNN, YOLOV5 performs detection
in a single forward pass, ensuring low latency and high throughput. This feature is critical
for tasks such as automatic fruit detection and counting that require high frame rates and

responsiveness.

It is also an advanced target detection algorithm known for its excellent precision and
performance. YOLOV5 is a single-stage detector that directly outputs the location and
category of the target when the image is input. YOLOV5 is widely used in intelligent
detection and intelligent driving of automobiles (Zang et al., 2022). The structure of
YOLOVS is mainly consist by three modules: Backbone, Neck and Head. Each module has
different responsibilities in the target detection task. The figure 4 illustrate structure of
YOLOVS.
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Figure 4 Network structure of YOLOV5s algorithm.

Backbone is a feature extraction module, which includes Focus, convolutional layers, and
improved C3 modules, and can efficiently extract multi-level semantic information of
images. Among them, the Focus module compresses the spatial dimension by slicing and
channel rearrangement to enhance the efficiency of characters extraction; the C3 module
introduces some residual connections to enhance the characters expression ability while
decrease amount of parameters; and the spatial pyramid pooling uses number of scale
pooling operations to enhance the perception of targets of different sizes. The Neck part is
used to fuse feature maps from different scales, and with the help of upsampling and feature
splicing operations, it effectively integrates semantic information and spatial details, thereby
improving detection performance. Finally, the Head module outputs the fused feature map
in three branches, corresponding to small, medium, and large scale target detection, and the
output feature map sizes are 7676, 38>38, and 19x%19. Each part outputs 255 channels
through two-dimensional convolution, representing the three anchor boxes of grid prediction.
Each anchor box contains 80 types of target bounding boxes, confidence and category
information, which is suitable for multi-type target detection assign for example COCO
datasets. The overall architecture design takes into account both speed and accuracy, and has

good application prospects (Zang et al., 2022).
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In addition, YOLOV5 supports scale predictions, which is well used for classify fruits of
different sizes under different lighting conditions and natural environments. Its easy
customization and compatibility with transfer learning further enhance its suitability for this

study, allowing for effective fine-tuning on custom fruit datasets.

Taking all factors into consideration, YOLOV5 has excellent performance, high efficiency

and scalability, which is better than other models..

3.5 Training Configuration

Table 1 shows the key training hyperparameter configurations used in this study. The model
adjusts the parameter batch size to 16, the total number of training epochs of 200, with the
the learning rate was initialized at 0.01. At the same time, a warm-up strategy is apply to
improve stability in the early stages of training. The optimizer is selected as SGD by default,
and momentum and weight decay are introduced to accelerate convergence and suppress
overfitting. YOLOV5 already includes a basic learning rate adjustment mechanism, and the
overall parameter settings have achieved a good balance between accuracy and training

efficiency.

Table 1 Hyperparameters for system training.

Parameter Category Parameter settings
Batch size 16

Epochs 200

Learning rate 0.01

Optimizer

Momentum 0.937

Weight Decay 0.0005

Table 2 lists the multi-task combination loss function configuration used in YOLOV5.
During the training process, CloU (Complete loU) loss is adopt for bounding box regression
to improve positioning accuracy; Binary Cross Entropy is adopt to measure existence of the
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target in the target confidence part; and standard Cross Entropy loss is apply for category
accuracy. This multi-branch loss structure can provide stronger supervision signals in

different detection dimensions, thereby improving the overall detection performance.

Table 2 Loss function configuration.

Parameter Category Setting parameters
Classification Loss Cross Entropy
Objectness Loss Binary Cross Entropy
Bounding Box Loss CloU

Table 3 summarizes the image preprocessing methods and computing environment
configuration used for model training. The input images are uniformly scaled to 640>640
pixels, which helps standardize the model structure while maintaining detection accuracy.
The training task is completed on GPU, and the operating platform is YOLOv5 framework

based on PyTorch, which ensures the efficiency and stability of the training process.

Table 3 Image processing and training environment.

Parameter Category Setting parameters

Input Size 640 x 640

Data Augmentation Mosaic, Flip, HSV, Scale, Translate

Device NVIDIA GeForce RTX 3060 / Intel i7-
12700H

Framework PyTorch + YOLOvV5
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3.6 Experimental Setup

Table 4 summarizes the hardware environment, model parameter settings, and data set
division used in the training and testing process of this system, providing basic support for

the subsequent analysis of experimental results.

Table 4 Experimental environment setup.

Parameter Category Configuration Details

Dataset Split 240 training images, 60 test images
Model Version YOLOvV5s

Training Device NVIDIA RTX 3060, 12GB GPU, 16GB RAM
Operating system Windows 11

Image Size 640 x 640

Batch Size 16

Learning Rate 0.01

Number of Epochs 200

Pretrained Weights Yes

3.7 Evaluation Metrics

For the purpose of analyzing the performance and stability of the YOLO-based fruit
recognition model. The experiment took precision, recall, F1 score and precision-recall (P-
R) curve as evaluation indicators (Yacouby & Axman, 2020). These indicators offer a
comprehensive view of how the model performs in both classification accuracy and

detection coverage.

Accuracy represents the percentage of correctly tested samples among all pre-test samples
and can reflect the evaluation of the pre-test system. High accuracy means that most of the
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detected fruits, flavors, and oranges are reliable, which is important in more advanced

recognition applications.

TP+TN
TP+TN+ FP +FN

Accuracy = B3-1)

Recall represents true positive rate identified with respect to the complete set of actual
positive instances. A high recall means the model misses very few relevant objects,
effectively reducing false negatives. In our experiments, recall values for all classes are

consistently close to 1.0, indicating excellent object coverage.

U= —1F (3-2)
recat = TP Y FN

The F1 metric merges both precision and recall by computing their harmonic mean. It's
especially advantageous in cases with class imbalance or where managing false positives

and negatives is crucial.

Precision X Recall
F1=2x — 3-3)
recision + Recall

Finally, the definition of precision can help predict the proportion of correctly predicted

positive examples among all positive examples.

Precision = —— 3-4)
recision = TP + FP

3.8 Results and Analysis

The results will appearance performance of the training model in experiment, including the
indicators used and the detection results are clearly presented through image examples and
charts. The model will also be compared with other methods and finally the error analysis

will be explained.
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3.8.1 F1 Score Variation with Confidence Threshold

As shown in Figure 5, the F1 confidence curve peaks at F1 = 1.00 when the confidence
threshold is arrive 0.888, It reflects the system’s capability to optimally equilibrium

precision and recall in particular context.

10 F1-Confidence Curve

—— apple
banana
—— orange
—— mixed
= 3|l classes 1.00 at 0.888

0.8 1

0.6 1

F1

0.4 4

0.2 1

0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Confidence

Figure 5 F1 Score Variation with Confidence Threshold.

3.8.2 Model Performance in Terms of Precision and Recall

We plotted the precision-recall (P-R) curve in Figure 6. This range under the P-R curve
reached 0.995, which confirms that the model can maintain high precision even with

increased recall. This is a strong Parameter of the detection quality of the model across all

classes.
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Precision-Recall Curve
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Figure 6 Model Performance in Terms of Precision and Recall.

3.8.3 Precision-confidence Curve

To demonstrate the YOLO model’s strong reliability in producing accurate positive
predictions, we visualized the Precision-Confidence curve to help explore how prediction
confidence affects model precision. As shown in Figure 7, the return of the image show that
within a wider range of confidence thresholds, the accuracy remains high, and the predicted

results are very reliable even at lower confidence levels.
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Precision-Confidence Curve
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Figure 7 Precision-confidence Curve.

3.8.4 Recall-confidence Curve

As shown in this curve in Figure 8, the recall rate also remains near 1.0 in most confidence
ranges. This means that the fruit recognition system based on the YOLO algorithm we
developed can detect almost all relevant graphics with different confidence levels, which

reflects the strong sensitivity and robustness of the system detection.
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Recall-Confidence Curve
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Figure 8 Recall-confidence Curve.

3.8.5 Training and Validation Analysis

Finally, for the purpose of observe the status of the model during training, monitored the
evolution of training and validation losses, including evaluation indicators such as Precision,
Recall, and mAP. According to Figure 9, the top line shows the training loss, Comprise
bounding box regression, classification and distribution focus loss. These losses have shown
a clear downward trend and steadily converged during the training handle, indicating that
YOLO model is effectively learning from the set. The second row shows the corresponding
validation loss. The results of the validation loss show that the model we trained has good

generalization and is not affected by overfitting.
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Figure 9 YOLOVS5 training and validation results including losses and key performance

indicators across epochs.

3.9 Summary

This chapter introduces the algorithm design and experimental results analysis of the fruit
automatic recognition system built on YOLOV5. First, the system flow is explained to give
a comprehensive overview of the entire system process. Then, the selection of the dataset
used for the entire model training and the composition of the dataset are described. Then,
the reasons for choosing the YOLO model and the training environment settings are
described. Finally, founded on the results, the accuracy, recall rate, F1 value and mAP are
analyzed, demonstrating of the model has great performance and can see the needs of the

model.
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4 System Design and Implementation

The chapter explains this system structure and technical components, mainly introducing the
system’'s Web user interface and the front-end and back-end interactions. Then, it explains
the interaction transform between the system with user and the interaction between the front

and back end of the platform, and finally explains the challenges that the system faces.

4.1 System architecture and technology stack

This system is mainly developed based on Python. Python (Sanner, 1999) is a high-level
programming language with concise and easy-to-read syntax and rich scientific computing
libraries. It is wide range apply in the fields of artificial intelligence and computer. In this
process developing the fruit recognition system based on the Yolo algorithm, multiple
powerful databases and frameworks were used to help realize model training, model
processing and result display functions. The tools and instructions used are described in
Table 5.

Table 5 Development framework and tools used.

Frame Functional Description

PyTorch  Used to build and train the YOLOvV5 model, including operations such

as model weight loading, forward reasoning, and gradient update

OpenCV  Used for image reading, preprocessing, and visualization of target

detection results

YOLOvV5  The official implementation of YOLOV5, providing complete training,

verification and inference scripts

NumPy Used for image channel transformation and data format conversion

In the model testing phase, the fruit recognition system based on the YOLO algorithm is
mainly based on the scripts provided by the YOLOV5 official for reasoning. The official
scripts can configure the model weight file path, input image path, confidence threshold, and
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loU threshold key parameters by modifying the command line parameters to achieve the
detection task of a single or batch image. In addition, for the subsequent web interface
visualization integration, the project modularized the detection module of YOLOV5. The
module loading and image processing key functions are encapsulated and can be flexibly
called in the backend service. This not only improves the maintainability and code reuse rate
of the system, but also establishes a solid groundwork for future image stream detection and

other application scenarios.

4.2 Backend interface design

In an effort to realize the interactive apply between the system front and back ends, the
system back end designed and deployed API interfaces based on the Flask framework, which

are used for image uploading and target detection tasks respectively.

The /upload interface is mainly responsible for accepting images uploaded by users on the

web page and temporarily saving them in the specified directory of the server as the input

source for subsequent detection. The /detect interface is responsible for reading the uploaded

images and calling the encapsulated YOLOvV5 model for target detection. After the reasoning
is completed, the system uses OpenCV to annotate the initial image with save image with a
detection box as the new file. Finally, the server back the detection results to the front end

in form of an image and displays them to the user.

4.3 System Interaction Flow

This section will introduce the interaction flow of the fruit recognition system based on the
YOLO algorithm in detail. It will describe how users comminicate with the system's web
interface and how this system's front-end and back-end work together to use the YOLO

algorithm to perform fruit detection.
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4.3.1 User operation flow

Users can access the system interface through a browser. After opening the system interface,
users can upload images and use the camera for real-time monitoring to capture fruit images.
Users only need to click the "Detect" button and the image will be uploaded to the backend
of the server. The backend server will use the YOLO detection model to process the image,
and finally the processed image with the bounding box will be returned to the frontend and

displayed to the user. Figure 10 shows the user's operation process.

Frontend sends
User uploads image POST request to
fupload

i ser

Flask backemnd
recelves and saves
image

Frontend displays Backend retums YOLOWS model
result to user annotated image parforms detection

Figure 10 User operation flow chart.

4.3.2 System internal process description

During the system's internal front-end-back-end collaboration, the front-end first transmits
a “POST” request to the endpoint containing selected image file, then the Flask back-end
receives the file and saves it to a temporary directory. The back-end forwards the saved
image to the YOLOvV5 detection module. The YOLO model performs inference and
generates an annotated image with bounding boxes and labels. The back-end sends the
resulting image back to the front-end as a response, and finally the front-end displays the

processed image in the user interface.
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4.4 Web interface implementation

In order to facilitate user use and user interaction, the system was developed and designed
to implement a Web-based graphical user interface that can help users achieve real-time
interaction by uploading pictures in the browser and monitoring the results in real time. The
system was also designed to integrate a camera application that can detect different types of
fruits through computer vision. The front-end and back-end interact with each other through

HTTP requests, realizing a simple and efficient target detection service.

Fruit Classification Detection

Choose File Detect

B Enable Live Detection

Figure 11 front-end page implement of the system.

The web page design adopts a concise and intuitive design and adds a description of each
function to ensure that users can easily complete image upload and detection operations and
intuitively view the recognition results. Figure 11 will show the front-end page implement

of the system.
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Fruit Classification Detection

Choose File Detect

Uploaded Image Detection Result

SR TS

W Enable Live Detection

Figure 12 Fruit Inspection System Operation.

The important function of the model is that users can upload local images through the
browser and click the detection button. The system can then send the image to the backend
through a POST request. The backend calls the YOLOvV5 model for image detection and
saves the processed image as a result image. Finally, the frontend receives the processed
result image returned by the backend and displays it on the page. Figure 12 shows the use of

the system and the detection results.

Fruit Classification Detection

Choose File .:=='

¥ Enable Live Detection

Live Fruit Detection

Figure 13 Calling camera detection results.
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The system integrates the role of real-time monitoring and calls the camera of one device to
help users conduct real-time monitoring and increase the interactivity between the system

and the user. Figure 13 shows how to use the camera for fruit recognition.

Fruit Classification Detection

Choose File -Detect

¥ Enable Live Detection

Live Fruit Detection

Figure 14 Mixed test results of bananas and oranges.

In order to demonstrate the system's powerful ability to identify fruits, the system can
recognize different fruit varieties in the same environment. For example, if we put bananas
and oranges in the same environment, the system can still demonstrate strong identification

capabilities. The details show at figure 14.

4.5 Challenges

There are still challenges in the process of system improvement and model training. First,
the samples for training the model are limited and unevenly distributed. Because of the
restricted of training device, the dataset we selected contains a small amount of images, with
only 240 photos in the training with there are obvious differences in the number distribution
of the three types of fruits, which may lead to overfitting or category recognition bias in

model training. Secondly, when embedding the YOLOvV5 model into the Web backend
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service, we encountered problems such as high model initialization overhead, slow response,

and repeated loading after the model was loaded, which affected the overall efficiency.
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5 Discussion and Conclusion

This thesis completes the implementation of the YOLO algorithm. The platform can perform
research and analysis by detector and uploading the collected images. The goal is to provide
a more classification rate and fast for the agricultural product field, and use a lightweight
and efficient model for detecting and labeling objects common fruits such as apples, bananas,
and oranges. To achieve this goal, we used a custom dataset from Kaggle as a resource for
training the system. The dataset is made up of annotated images, each with bounding boxes

around three fruit categories.

The fruit recognition system based on the YOLO algorithm chooses to use the YOLOv5s
model for training. The advantage of this model is that it provides the exchange between
detection precision and speed. Data enhancement technology and pre-trained COCO weights
are used to address the limitations of relatively small data sets and enhance the model's
generalization ability. And the system also has a web interface suitable for human-computer
interaction. The fruit recognition system can upload local images that have been collected or

use a camera to capture interaction with the system and receive real-time detection feedback.

Results of the experiment reveal the system’s excellent detection quality in terms of both
precision and stability. The model's precision, recall, and F1 score performance are very
good. The training process proceeds smoothly and consistently, the loss curve decreases
steadily, and the evaluation indicators are consistent. The system achieves an inference speed
of about 40 frames per second (FPS), more suitable for real time deployment. And this web
interface is intuitive and responsive, further supporting the applicability of the system in

world cases.

Despite the model's powerful performance and excellent stability, this fruit recognition
system still has some limitations. First, the dataset adopt to train the system is relatively
limited in size and diversity, which may affect its robustness in more complex or changing
environments. In addition, this system has not been tested in real-world scenarios or

deployed on mobile or embedded platforms.

Future work on the system will focus on expanding the dataset, providing more fruit

categories and more diverse scenes, including occlusion, different lighting, and different
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angles. More mobile and desktop devices should be adapted to make the system more widely
adaptable. In addition, integrating advanced techniques such as instance segmentation or

multi-target tracking can further improve performance in complex environments.

The fruit detection system based on the YOLO model exhibits the features of high precision,
high speed and versatility. It can be easily deployed on mobile devices and shows great

practical application potential in agriculture, food processing and smart retail environments.
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