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ABSTRACT

Tomatoes (Solanum lycopersicum) are not only a staple in cuisines worldwide but also a subject of scientific
interest due to their health benefits and distinct ripening process. Recognizing the ripest and most flavorful
tomatoes has led to innovative research combining technology and agriculture. In this context, image
processing emerges as a promising tool to discern the quality of tomatoes, particularly through color analysis.
This study explores the effectiveness of a region-based image processing system in identifying red, ripe
tomatoes. Currently, this process is done by hand, which takes time and can lead to mistakes-developed a
machine learning-based device that utilizes computer vision and image processing techniques to detect ripe
tomatoes with high accuracy. By employing algorithms that analyze color, texture, and shape, our technology
can identify the optimal harvest time, making the process faster, more efficient, and more cost-effective.
Automating tomato harvesting is crucial to addressing the labor crisis and enhancing the effectiveness of the
present harvesting process. The actualization of automated harvesting depends on the ability to precisely
recognize fruits. Fruit that is harvested at its peak maturity has the maximum levels of taste, vitamins, and sale
value, which optimizes financial gains. There is now an inadequate rate of identification and failure to identify
because of the blockage of specific fruits by vegetation and unwanted fruits, as well as the color change
brought on by light. In order to identify tomato fruits in difficult circumstances, this research suggests a tomato
identification system using the enhanced YOLOvS8 framework. According to the model's test evaluation, the
YOLOv8-Tomato model's mAPO0.5 was 86.9%, its recall rate was 98%, and its accuracy and precision were
94% and 90%, respectively.
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INTRODUCTION

Automation and computer vision technologies have shown a great deal of promise in agriculture in
recent decades for savings in costs and increased efficiency. By accurately determining the ripeness of fruits
and vegetables, these technologies maximize the harvesting period and guarantee higher-quality produce
(Moya et al., 2025). Furthermore, early detection and diagnosis of plant diseases by computer vision, which
helps retrieve data from pictures (Mishra et al., 2022), enables prompt interventions that reduce crop losses
while lowering labor costs and boosting productivity in operations. These developments support more
economic and environmentally friendly farming practices by improving harvesting and disease control
effectiveness. Although tomatoes are admired for their profitability on a worldwide level, their restricted
hereditary variation, that is, the range of inherited characteristics within the tomato species, presents serious
difficulties. Despite their outward distinctions, the majority of mass-produced tomato varieties are derived from
a limited hereditary resource, making them more vulnerable to illnesses, pests, and environmental stress
(Delices et al., 2019).

Tomatoes (Solanum lycopersicum) are a significant commercial crop that is grown all over the world
because of their distinct flavor, plenty of nutrients, and high tolerance for the environment (Bac et al., 2014).
However, the majority of tomato harvesting still involves hand picking, and issues including poor harvesting
productivity, significant human involvement, high labor intensity, and inadequate harvest performance cannot
be assured (Fu et al., 2020). Thus, the key to encouraging the expansion of the tomato planting industry is
investigating more effective orchard harvesting, where precise fruit recognition via technology serves as a
crucial assurance for timely, injury-free, and effective harvesting in addition to realizing the crucial premise of
smart harvesting (Goldenberg et al., 2018; Qing et al., 2023). An essential component of the robotic plucking
procedure is accurately identifying when a tomato fruit is mature.

The fruit guarantees the best possible nutritional composition and selling price only when it is at the
ideal age for harvesting. The primary indicator of tomato ripeness is the fruit's surface appearance; ripe
tomatoes often have a consistent reddish or orange hue (environmental factors during shipping might cause
orange tomatoes to mature). However, autonomous harvesting robots have numerous difficulties in
determining ripeness in real-world scenarios. One of these is that the accuracy of the color values in the
photograph is impacted by the fact that tomato color also varies greatly due to various light circumstances
brought on by the climate. The fruit surface color may show in the image with varying brightness and hues due
to varying light concentrations and angles, making recognition more difficult. Furthermore, the desired fruit
may get partially obscured by nearby leaves, branches, and other unwanted items, making detection much
more challenging (Zheng et al., 2024). Modern computational imaging and machine vision methods are
required for tackling these obstacles and increasing the precision and identification rate of mature tomatoes.

Currently, the division of images, image attribute removal, color division, and other visual machine
learning-based traditional object recognition methods have drawbacks such as inaccurate results, inadequate
reliability, and a laborious process in unorganized expanding surroundings where the object being detected is
obstructed by noise, illumination, and obstructions (Sun et al., 2019; Lu et al., 2018; Hayashi et al., 2014). It is
difficult to satisfy real-time requirements. To construct a robust classifier for identifying red, ripe tomato fruits
through learning, a color-independent tomato fruit identification method based on AdaBoost was adopted. This
approach trains multiple weak classifiers obtained through threshold-based judgment of Haar-like features,
which are then combined to form a strong classifier (Zhao et al., 2016).

When there are severe fruit occlusions and insufficient illumination, this method's detection rate for ripe
tomato fruits is low. Agriculture has also made substantial use of deep learning approaches for recognizing
objects in recent years, which have successfully addressed the issues with conventional target recognition
techniques. Most of these techniques rely on Convolutional Neural Networks (Fukushima, 1980; Lecun et al.,
1998). Processing-wise, deep learning is frequently separated into two groups: one-stage detection and two-
stage detection.

Two-phase recognition is best exemplified by the R-CNN algorithm series (Girshick et al., 2014; Girshick,
2015; Ren et al., 2016; He et al., 2017). A model for apple recognition during the fruit reduction phase that can
be applied to recognizing small objects in near-scene color was created based on YOLOvV7 (Long et al., 2023).
When compared to the initial model, the mAPOQ.5 value, precision, and recall increased by 2.3%, 0.9%, and
1.3%, respectively. By using the Depthwise Separable Convolution (DSConv) technique, the conventional
convolution procedure is replaced based on the YOLOv8s model (Yang et al. 2023). This was accomplished
by designing a Dual Path Attention Gate (DPAG) module and introducing the Feature Enhancement Module
(FEM), which successfully increased the model's detection success rate to 93.4% in challenging
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circumstances. The present research improves the YOLOv8n model in several ways while concentrating on
the recognition and maturity recognition requirements and difficulties of cherry tomatoes in environmental
conditions.

To satisfy the demands of the detection task while preserving detection accuracy, the model’s parameter
count and processing resource requirements are reduced. The efficiency of cherry tomato recognition and the
identification effectiveness of fully developed cherry tomatoes in the environment of nature were assessed
through tests and experiments, which offered a useful guide for the sensible distribution of work and precise
targeting in the automated fruit harvesting process (Liang et al., 2025). The hypothesis of the study is that
integrating advanced image processing with an enhanced YOLOv8 framework will significantly improve the
accuracy, precision, and recall of tomato ripeness detection under challenging field conditions, thereby
enabling efficient harvesting automation and maximizing both quality and economic returns.

MATERIALS AND METHODS
Ripeness tomato detection

The ripeness tomato detection required a Raspberry Pi 4 Model B board, a Webcam (resolution: 480x640),
and other necessary hardware components to capture, process, and analyze the image frames of ripeness
tomatoes, as shown in Fig. 1(a). The process flow chart for detecting ripe tomatoes is shown in Fig. 1(b).

Logitech Webcam
Raspberry Pi (Developed ripe tomato

detection algorithm using Python in IDE)

Captured

Raspbian Operating

Micro SD card System

(a) System components

Code to detect ripe tomatoes was coded in the IDE
algorithm of object detection in an image frame

A 4

The coded algorithmic program to analyze the tomato was
uploaded to the Raspberry Pi 4

¥

Raspberry Pi 4 Model B, with the help of a webcam,
captures the frames of the ripe tomatoes

4

The captured frames analyzed the ripe tomato in that
frame and sent a signal to the Raspberry Pi Model B

(b) Operational flowchart

Fig. 1 - System components and operational workflow of the vision-based ripe tomato detection system
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Dataset preparation

A database was created from images captured on the campus of Dr. Rajendra Prasad Central
Agricultural University. During preprocessing, the background and image size were reduced to remove
background noise, enabling the network to focus on learning relevant features.

In addition, the large image size and substantial memory requirements of images acquired by the
smartphone made model training difficult. The dataset preparation procedure is illustrated in the following
figures. First, each image was scaled to a fixed resolution. After scaling, the images were further processed to
remove the background, leaving only the pixels of interest, as shown in Fig. 2(a) and Fig. 2(b). The background
removal was performed using an open-source web application.

B

£ Y -
(a) - Actual tomato image (b) - Processed image after background removal

Fig. 2 - Visual comparison of the tomato image across image processing stages

The processed image was labelled using the LABELING tool for model training. The tool's primary
purpose is to provide a unique name and generate a bounding box around the target area in the image. The
LABELING window is shown in Fig. 3.
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Fig. 3 - LABELIMG window

Each processed image was manually labelled, and then the file was saved. Using several photos of
tomatoes in various stages of maturation, a specially customized database for various plant targets was
created, and from there, the Python programming language, deep learning, and machine learning were used
to produce an image processing system for important plant targets. The finished file contained two objects: the
image and its associated tagged file in XML format, as shown in Fig. 4. The class of the object, label name,
bounding box size, and file location were stated in the XML file.
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Fig. 4 - View of the image containing and associated labels

The labelled dataset was further fragmented into two sections, namely the train and test sections. The
number of images in each section is shown in Table 1. The block diagram for tomato detection is shown in Fig.
5.

Table 1
Dataset for tomato detection
Class Total Number of Images
Train 1864
Test 466

Pre-Processing 44 YOLO V8 Model

Training

A
Trained Model

Fig. 5 - Block diagram for real-time tomato detection

Build a convolutional neural network for ripeness detection in tomato

Creating a virtual environment was necessary because it isolated all of the many Python libraries and
dependencies that the object identification model required. Hence, a separate virtual environment was built for
this purpose, and all the object detection components were installed inside of it. This also made sure that all
the major dependencies and libraries that had previously been installed within Python were not in conflict.
Using the import command, incorporating library bundles of code added additional instructions to enhance
Python’s functionality in its applications.
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Creating folders and subfolders

For simple comprehension and access construction after the virtual environment is created and
activated. The basic folder remained subfolders like the virtual environment folder and the training folder with
Python code. Another set of four subfolders was made in the training folder. The object detection models of
Ultralytics YOLOvV8 were installed and located in the model's folder. YOLO scripts are located in the scripts
folder. These are required to produce YOLOV8 records for model training and the effective installation of the
Object identification API. There were four subfolders in the workspace folder. The main folder where the training
results were kept was called the workspace folder. The. pb file, test, and train record file is all located in the
annotation folder. The class label name and unique ID are contained in the pb file. The neural network is trained
using the train and test record files. Test and Train folders are located inside the images folder. Images with
appropriate labels are stored in these folders. The trained model is loaded for real-time detection using
checkpoints that are stored in the trained model's folder.

Installation of object detection API and download pre-trained model
The YOLOV8 object detection API was installed on the local machine after the folder structure was
configured. The pre-trained model was downloaded into the workspace directory.

Training of the model

Immediately following the successful installation of the object detection API, a label map (.pbtxt) file was
generated and saved in the annotations folder. The .pbtxt file contains the class labels and unique IDs for each
class. Subsequently, YOLO records were created separately for the training and testing images and saved as
train record and test record files in the annotations folder. At the next stage, the pipeline configuration was
adjusted. The paths to the train record, test record, and label map (.pbtxt) files were specified in the pipeline
settings. The configuration also included the number of classes and image augmentation parameters to resize
the images to match the input shape of the pre-trained model. The pipeline configuration file was stored in the
model folder within the workspace subfolder. The model subfolder also contained additional folders, including
train, test, eval, and export. After completing these steps, the pre-trained model was trained iteratively, and the
training results were stored in the same folder as the model checkpoints. Following successful training, the
model was evaluated to determine training and evaluation losses. Finally, the trained model was converted
into a weight file and saved as best_version-name.pt in the model folder.

Starting training for 136 epochs...

Epoch GPU_mem  box_loss cls_loss dfl_loss Instances size

1/130 3.366 1.368 3.009 1.616 115 736: 1ce%| NI | o/o [00:e6<00:00, 1.38it/s]

Class TImages Instances Box (P R marse  mAPse-95): 100% | [l M 2/2 [ee:01<e0:00, 1.11it/s) all 36 193
Epoch GPU_mem  box_loss cls_loss dfl_loss Instances size
2/130 3.286 1.319 2.7 1.432 93 736: 1c0%| NI o/o [c0:02<c0:00, 4.21it/s]

Class Images Instances Box(P R mapse  maPse-95): 1e0% | MM 2/2 [ee:ce<ee:00, 5.25it/s) all 36 193

epoch GPU_mem  box_loss cls_loss dfl_loss Instances size

3/130 3.236 1.298 2.372 1.425 105 726: 1c0%| NI | o/o [co0:01<c0:00, 4.50it/s]

class Images Instances Box(P R MAPS® MAP50-95): 100%| | 2/2 [@0:00<00:00, 5.55it/s] all 36 193

epoch GPU_mem  box_loss cls_loss dfl_loss Instances size
1/130 3.246 1.319 2.015 1.451 110 736: 100%| || o/o [eo0:e1<e0:00, 5.14it/s]
Class Images Instances Box (P R mapse  maPse-95): 100%| (MMM 2/2 [co:ce<e0:e0, 5.50it/s] all 36 193

epoch GPU_mem  box_loss cls_loss dfl_loss Instances size

5/130 3.276 1.372 1.653 1.456 152 736: 1c0%| NI | o/o [00:01<c0:00, 4.88it/s]

class Images Instances Box(P R MAPSO® MAP50-95): 100%| | 2/2 [00:00<00:00, 5.29it/s] all 36 193

Epoch GPU_mem  box_loss «cls_loss dfl_loss Instances size
6/130 3.286 1.363 1.474 1.48 117 736: 100%| || o/o [eo0:e1<e0:00, 4.76it/s]
Class Images Instances Box (P R mapse  maPse-95): 100%| (MMM 2/2 [co:ce<e0:e0, 5.62it/s] all 26 193

Fig. 6 - Execution of 130 epochs

Transfer to Raspberry Pi

The weight file from the final training step was transferred to a folder in the Raspberry Pi operating
system. A labels.txt file and a Python script containing the object detection code were also placed in the same
folder. The labels.txt file lists the class names corresponding to the target objects. The program code for tomato
ripeness detection was developed and executed using the Geany IDE. Essential libraries and packages were
employed, including OpenCV for image processing tasks, math and NumPy for mathematical operations and
array manipulation, TensorFlow for implementing machine learning models, and YOLO for object detection.
These tools were integrated to create a system capable of accurately identifying ripe tomatoes based on the
trained model.
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Experimental setup for vision-based ripe tomato detection

The vision-based ripe tomato detection system was integrated for ripe tomato recognition. The circuit
diagram of the ripe tomato detection system is shown in Fig. 7. Testing was conducted on the combined test
set (466 images) to evaluate robustness. The trained model was deployed on the developed hardware, with
inference optimized to ensure real-time ripe tomato detection performance. The detection unit consists of a
webcam and its associated electronic circuitry for ripe tomato detection. The developed closed-loop circuit
receives a feedback signal from the ripe tomato detection unit.

Fig. 7 - Electronic circuit diagram of the vision-based ripe tomato detection

Evaluation metrics computation

Evaluation is a critical stage, as it determines the effectiveness and reliability of the trained model in
real-world scenarios. After model training was completed, the system was assessed using a separate test
dataset that was not involved in either training or validation, ensuring objective performance evaluation. The
evaluation of ripe tomato detection involved a comprehensive assessment of model performance. This process
included loading the saved model, plotting validation metrics, and computing multiple evaluation indicators.
For evaluation, the trained model was loaded from the specified file path using Python commands, and the
same validation dataset used during training was employed to ensure consistency. Key performance metrics
included precision, recall, and F1-score. Precision represents the proportion of correctly identified ripe
tomatoes among all detected tomatoes, while recall measures the proportion of actual ripe tomatoes that were
successfully detected. The F1-score provides a balanced measure of precision and recall. In addition to
quantitative metrics, system robustness was evaluated through real-time testing. These tests involved
capturing live video or image feeds and assessing the system’s ability to detect ripe tomatoes. System
response time, detection success rate, and false positive and false negative rates were also recorded.

Accuracy

Model accuracy, also referred to as test accuracy, is defined as the accuracy achieved on a separate
test dataset that was not used during training. Accuracy represents the percentage of correctly classified
instances, including both true positives and true negatives, relative to the total number of samples. In the
context of tomato ripeness detection, accuracy reflects the proportion of tomatoes correctly classified as ripe
or unripe.

TP+TN

Accuracy = ——
Y T TPYTN+FP+FN

(Sun X. 2024) (1)

where: True Positive (TP): The number of predictions that are correctly forecasted as a specific class.

True Negative (TN): The number of predictions that are correctly forecasted as not belonging to a specific
class.

False Positive (FP): The number of predictions that are incorrectly forecasted as a specific class.

False Negative (FN): The number of predictions that are incorrectly forecasted as not belonging to a
specific class.

Precision

Precision, also known as Positive Predictive Value, measures the proportion of true positive
predictions among all positive predictions made by the model. It indicates how many tomatoes predicted as a
specific class (ripe or unripe) actually belong to that class, reflecting the accuracy of the model’s positive
predictions.

Precision = (Yang Z. et al., 2024) (2)

TP+FP
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Recall

Recall measures the proportion of true positive instances correctly identified by the model. It indicates
how many actual instances of a specific class (ripe or unripe) are successfully detected, reflecting the model’s
ability to identify all positive instances of that class.

Recall = —=— (Zheng S. et al., 2024) 3)
TP+FN

F1 Score
The F1 Score is calculated as the harmonic mean of precision and recall. It provides a single metric
that balances false positives and false negatives, making it particularly useful when the dataset is imbalanced,

such as when one class significantly outnumbers the other. In such cases, accuracy may be misleading,
whereas the F'I Score offers a more impartial performance assessment.

2XPrecisionXRecall

F; Score = (Sun X. 2024) (4)

Precision+Recall

Training and validation losses
Box Loss
Box loss measures the difference between the predicted and actual bounding box positions of the
detected object. Box loss was calculated using Eq. (5) (Maurya et al., 2025).
Box Loss = Y.I-,(L1 or IoU loss between predicted and actual box positions) (5)
where:

L1 loss (Mean Absolute error) measures the difference between the predicted bounding box
coordinates and the actual (ground truth) bounding box coordinates.

IoU Loss (Intersection over Union) measures the overlap between the predicted bounding box
and the ground truth bounding box.

Classification loss (Cls Loss)
This loss measures the error in predicting the correct class (ripe vs. unripe). Classification Loss was
calculated using Eq. (6) (Maurya et al., 2025).

Classification Loss = % Z:;lyi log(y1) (6)
where:
/s the ground truth class label (ripe or unripe)
Vi is the predicted probability of the class.

Mean average precision (mAP)
Mean average precision (mAP) combines precision and recall across different loU thresholds to
measure overall detection performance and was calculated using Eq. (7) (Maurya et al., 2025).

mMAP50 = % n AP 7)
where:
n is the number of detection classes;
AP is the Average Precision, calculated as the area under the precision-recall curve.

The metric mAP50-95 accounts for loU thresholds ranging from 50% to 95%, providing a more
comprehensive assessment of model performance across varying levels of detection overlap.

RESULTS
Image preprocessing

During the image preprocessing stage, the collected dataset was resized from its original resolution of
1920%1920 pixels to a standardized dimension of 224x224 pixels, as shown in Fig. 8.
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Class Original images Resized Images Background-Removed
(1920 * 1920) (224 * 224) Images

Ripe

Unripe

- D
T \ - 6

Fig. 8 - Image Preprocessing

The transformation was necessary to align with the input requirements of the YOLOv8 Convolutional
Neural Network (CNN) model used for tomato ripeness. The resizing operation was carried out using OpenCYV,
which provided an effective and reliable method for converting images to the required dimensions.
Standardizing the image size ensured consistency across the dataset, which was vital for maintaining stable
model training and achieving accurate classification results. Background removal was carried out to isolate the
tomatoes from distracting or inconsistent backgrounds, aiming to improve the model’s ability to focus on
essential features. The process was implemented using OpenCV. The preprocessing contributed to clearer
object boundaries, which helped enhance the accuracy of the YOLOv8 model during training.

RGB distributions

The ripe color frequency of the image is presented in three histograms in Fig. 9. The red channel (left)
on the x-axis represents the pixel values, ranging from 0 to 255. The y-axis represents the frequency of
occurrence of each pixel value. The graph shows a high concentration of pixel values in the higher range
(around 200-255), indicating a strong presence of red color in the image. This is expected for ripe tomatoes,
which are predominantly red.

Similar to the red channel, the green channel (middle) of the x-axis represents pixel values, and the y-
axis represents frequency. The graph shows a broader distribution of pixel values compared to the red channel,
with a peak around 100-150. This indicates a moderate presence of green color in the image, likely due to the
green areas of the tomato or reflections.

The blue channel (right) of the x-axis and y-axis represent pixel values and their frequencies,
respectively. The graph shows a relatively low frequency of pixel values across the entire range, with a slight
peak around 50-100. This indicates a low presence of blue color in the ripe tomato image, as expected.

1e6 Ripe Tomatoes - Red Channel 1e6 Ripe Tomatoes - Green Channel 1e6 Ripe Tomatoes - Blue Channel

=== Max Frequency: 7157014 === Max Frequency: 7301739 === Max Frequency: 9223526

Frequency
Frequency
Frequency

b
0 50 100 150 200 250 0 50 100 150 200 250 o 50 100 150 200 250
Pixel Value Pixel Value Pixel Value

Fig. 9 - Color frequency histograms for ripe tomatoes
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The unripe color frequency of the image presents three histograms in Fig. 10.

Lo le8 Unripe Tomatoes - Red Channel Lo.e8 Unripe Tomatoes - Green Channel Lo let Unripe Tomatoes - Blue Channel

0.8 08 0.8

)
)
)
)
)
@

=== Max Frequency: 95313262

Frequency
frequency
Frequency

o
s
o
Y
°
ks

0.2 0.2 0.2

-=-= Max Frequency: 95805911 === Max Frequency: 95609290

0.0 0.0 0.0
1] 50 100 150 200 250 1] 50 100 150 200 250 0 50 100 150 200 250

Pixel Value Pixel Value Pixel Value

Fig. 10 - Color frequency histograms for unripe tomatoes

The red channel (Left) of the x-axis represents the pixel value (intensity) ranging from 0 to 255. The y-
axis represents the frequency (number of pixels) with that particular intensity value. The red line shows a high
frequency of pixels concentrated around the lower intensity values, indicating that unripe tomatoes have a
lower red component.

Similar to the red channel, the green channel (Middle) of the x-axis represents pixel intensity, and the
y-axis represents frequency. The green line shows a higher frequency of pixels around the middle range of
intensity values, suggesting that unripe tomatoes have a more prominent green component compared to red.
The blue Channel (Right) of the x-axis and y-axis represent pixel intensity and frequency, respectively. The
blue line shows a similar pattern to the red channel, with a high frequency of pixels at lower intensity values,
indicating a lower blue component in unripe tomatoes.

The edge detection of the picture shows a comparison of different image processing techniques
applied to five images of tomatoes in Fig. 11. Adaptive thresholding displays the result of applying adaptive
thresholding, which converts the image to black and white based on local pixel intensities, highlighting edges
and details.

The Laplacian edge detection algorithm is used in the column, emphasizing edges and sharp
transitions in the image. The canny edge of this column shows the output of the Canny edge detector, a more
sophisticated edge detection algorithm that produces thinner and more accurate edges. The Sobel edge
detection algorithm is applied in this column, highlighting edges and intensity gradients in the image. The
thresholded edge column presents the final output after applying a thresholding operation to the edge-detected
images, resulting in binary images that retain only edges and relevant features.

holding Laplacian Edge canny £dge
r . .

Sobel Edge
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Fig. 11 - Edge detection

Figure 12 presents a histogram comparing the edge density of four edge detection methods: adaptive
threshold, Laplacian, Canny, and Sobel. The adaptive threshold and Laplacian methods produced similar
results, with most images exhibiting low edge densities in the range of 0-25. The Canny method shows a more
evenly distributed range of edge densities, with a slight peak around 10-15. The Sobel method generated the
highest edge densities, with most images falling within the ranges of 180-200 and 210-220.

Edge Density Comparison
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Fig. 12 - Edge density comparison

Model training

The model training process was conducted over 130 epochs, allowing the YOLOv8 convolutional neural
network to iteratively learn from the dataset. This extended training phase enabled the model to progressively
improve its ability to distinguish different maturity stages of tomatoes. The entire training cycle was completed
in 0.108 h, demonstrating the efficiency of the optimized training pipeline and hardware resources. The
reported processing speeds indicate the time required by the YOLOv8 model for tomato ripeness detection to
preprocess input data, perform inference, and generate outputs. An inference time of 3.0 ms indicates rapid
ripe tomato recognition, while a preprocessing time of 0.2 ms reflects efficient data preparation. The learning
rate was set to 0.01, and the batch size was 16. During each epoch, model weights were updated based on
the computed error, resulting in a gradual improvement in classification accuracy. This efficient training
configuration was essential for achieving high-performance, real-time detection in agricultural applications.
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Table 2
Model performance
Training steps Total loss mAP
20 0.45 0.40
50 0.42 0.50
100 0.38 0.39
130 0.36 0.41

The above table provides insight into the model’s performance during the training process. As the
number of training steps increases, the total loss decreases, indicating that the model is learning and
improving, as lower total loss values generally correspond to better performance.

Model evaluation

The training and validation performance of the tomato ripeness detection model over 130 epochs shows
a notable improvement in detecting ripe tomatoes, as illustrated in Fig. 13. The loss metrics, including box
loss, classification loss, and distribution-focused loss, consistently decrease over time, indicating effective
learning across epochs. Box loss, which measures the error in estimating bounding boxes around tomatoes,
is a key indicator of object localization accuracy. As the model improves its ability to predict precise bounding
boxes, box loss decreases rapidly during the early epochs, as shown in the training curve (Fig. 13a) and
validation curve (Fig. 13b). By enabling the model to suppress irrelevant background information and focus on
salient features in the ripe tomato regions, attention mechanisms enhance convergence. The attention-
enhanced YOLOv8 model generalizes effectively to previously unseen images, as evidenced by the
consistently low box loss during the validation phase.

As shown in Fig. 13(c) and Fig. 13(d), classification loss reflects the model’s ability to correctly identify
whether a detected object corresponds to a ripe tomato. This capability is particularly important in agricultural
visual environments, where tomatoes may be partially occluded, unevenly illuminated, or deformed. By
improving feature extraction from complex visual patterns, attention mechanisms substantially reduce
classification loss during training. The consistently decreasing validation loss indicates reliable predictions and
reduced overfitting. Without attention mechanisms, the model may incorrectly classify surface defects or
background textures as ripe tomatoes, leading to an increased number of false positives.
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Fig. 13 - Graph of model evaluation performance

Dynamic focal loss is employed to enhance training by emphasizing difficult cases, including small, dimly
illuminated, or occluded tomatoes, as shown in Fig. 13(e) and Fig. 13(f). When attention mechanisms are
incorporated, the dynamic focal loss consistently decreases, indicating improved performance in detecting
challenging instances. In the deeper layers of the network, attention modules help preserve fine details, such
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as small protuberances on tomato surfaces, thereby reducing the impact of class imbalance and improving
loss convergence. The precision and recall curves shown in Fig. 13(g) and Fig. 13(h) further demonstrate the
effectiveness of the attention mechanism. A reduced false positive rate leads to a notable improvement in
precision during the initial epochs, resulting from the network’s enhanced ability to distinguish ripe tomatoes
from visually similar background elements. As recall gradually increases, the network exhibits greater
sensitivity in recognizing ripe tomatoes, including those that are partially occluded or located near image
boundaries. By strengthening the receptive field and enhancing edge-related feature extraction, attention
mechanisms improve recall while maintaining accuracy. The mean Average Precision (mAP) curves provide a
comprehensive evaluation of detection performance. Under a 50% loU threshold, Fig. 13(i) (mMAP@0.5) shows
a rapid increase followed by a plateau above 88%, indicating reliable localization and classification of ripe
tomatoes. Figure 13(j) (MAP@0.5-0.95) reports consistently high values across stricter loU thresholds,
demonstrating strong localization accuracy at varying overlap levels. Overall, the results highlight the
effectiveness of attention modules in improving both bounding box quality and classification accuracy. The
integration of attention mechanisms significantly enhances the performance of the YOLOv8-based ripe tomato
detection system, as evidenced by reduced loss values and increased precision, recall, and mAP across
training and validation phases.

Confusion matrix

The confusion matrix presents metrics including true positives, true negatives, false positives, and false
negatives. A higher concentration of values along the diagonal indicates better model performance, reflecting
accurate classification. The results show that the model performs effectively in identifying unripe and ripe
tomatoes, achieving accuracies of 94% and 86%, respectively. These results indicate that the features
extracted through the image processing approach are effective in distinguishing different tomato ripening
stages, as shown in Fig. 14.

Confusion Matrix Normalized

500 4

1000 -

Predicted

1250 4

1500 4

1750 4

background

2000 {

unripe ripe background

o 500 1000 1500 2000 2500

Fig. 14 - Confusion matrix

Evaluation matrix

In the context of detection tasks, the terms TP (True Positive), TN (True Negative), FP (False Positive),
and FN (False Negative) are used. They are computed by comparing the model's projected results with the
actual results (ground truth). The metrics give a comprehensive view of the model's ability to distinguish
between the "ripe" and "unripe" tomato classifications. True Negatives (TN) display accurate identifications of
tomatoes that do not belong to any particular class, whereas True Positives (TP) illustrate instances where the
model correctly classifies a tomato as belonging to a certain class. Predicted TP, TN, FP, and FN for each class
are given below in Table 3.

Table 3
Evaluation matrix
Predicted (No) Predicted (Yes)
TN=0.94 FP=0.09 Actual (No)
FN=0.01 TP=0.86 Actual (Yes)
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Abar chart in Fig. 15 was plotted using NumPy and Matplotlib to visualize the True Positives (TP), True
Negatives (TN), False Positives (FP), and False Negatives (FN) for each class. This provided a clear
comparison of the classification performance across different categories.

Confusion Matrix Representation

1
Fig. 15 - Confusion matrix
Accuracy

Accuracy is defined as the ratio of correct predictions to the total number of predictions and is a key
indicator for evaluating model performance. Training accuracy reflects the model’s ability to learn patterns from
the training dataset and indicates how well the model fits the training data.

Validation accuracy provides insight into model performance on unseen data during the development
phase and is essential for model tuning and for preventing overfitting.

The most objective assessment of a model's performance is provided by its test accuracy, which reflects
how well the model generalizes to new, unseen data. Because it offers a realistic indication of expected real-
world performance, overall model accuracy is sometimes used interchangeably with test accuracy. Test accuracy
is critical for determining a model’s reliability and practical usefulness and is regarded as the gold standard for
evaluating a model’s generalization capability.

0.86+0.94

Accuracy =
ceuracy 0.86+0.94+0.09+0.01

=0.94 = 94% (Sun, X. 2024)

Precision and Recall

Precision evaluates the model’s ability to make accurate predictions, reflecting the proportion of correct
positive detections. Recall emphasizes the completeness of positive detections for a given ripening stage. The
precision curve remains stable at a high level, indicating that the model consistently identifies ripe tomatoes with
minimal false positives. Although the recall value exhibits slight fluctuations, it demonstrates effective detection of
actual ripe tomatoes with few false negatives.

As shown in Fig. 16, the curve begins with a precision value of 1.0 (perfect precision) when recall is zero. As
recall increases, precision decreases sharply. This steep decline indicates that as the model attempts to detect a
larger number of ripe tomatoes (higher recall), precision decreases due to an increase in false positives. This
behavior represents a typical trade-off observed in object detection models between precision and recall.
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Fig. 16 - Graphical representation of Precision-Recall Graph
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0.86

=0.90 =90% (Yang Z. et al., 2024)
0.86+0.09
986 - 0.98 = 98% (Zheng S. et al., 2024)

0.86+0.01

Precision =

Recall =

F1 score

The F1-score offers an impartial assessment of the model's performance. It considers both measures
together by taking the harmonic mean of precision and recall. A high F1 score indicates that the model does
an excellent task of detecting ripe tomatoes. Because of this, the F1-score is a useful indicator for confirming
if the model is accurate and efficient. Section 3.2.6.4 in Chapter Il contains the formula for calculating the F1

Score.
2%X0.90x0.98

0.90+0.98

F1 score = =0.93 =93%
CONCLUSIONS AND FUTURE WORK

The developed image-processing-based network is capable of detecting mature red tomato fruits on
plants. The proposed technique achieved an accuracy of approximately 94%, demonstrating the effectiveness
of image processing approaches in agricultural applications. The method can be readily applied to color-based
quality assessment of tomato crops, where accurate ripeness identification is essential for optimized harvesting
and marketing. Precise fruit production assessment plays a critical role in improving harvesting efficiency and
economic returns. The present study suggests that integrating characteristic pigment intensity with additional
features can further enhance the determination of tomato ripeness stages. To support this objective, a digital
imaging—based ripeness assessment system was developed for tomato image acquisition. Using machine
learning techniques, ripe tomatoes were successfully identified from the processed images.

For future work, research will focus on integrating the YOLOv8-based tomato detection model with depth
sensors and automated harvesting arms for deployment in commercial harvesting robots, enabling efficient
mechanized harvesting operations. Further improvements will involve expanding the dataset, incorporating
additional environmental and contextual parameters, and adapting the model to different tomato varieties to
advance precision agriculture applications. In addition, more advanced deep learning architectures and data
augmentation strategies will be explored to further enhance detection accuracy and predictive capability.
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