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Abstract: In complex scenes, factors such as tree branches and leaves occlusion, dense distribution
of tomato fruits, and similarity of fruit color to the background color make it difficult to correctly
identify the ripeness of the tomato fruits when harvesting them. Therefore, in this study, an improved
YOLOVS algorithm is proposed to address the problem of tomato fruit ripeness detection in complex
scenarios, which is difficult to carry out accurately. The algorithm employs several technical means
to improve detection accuracy and efficiency. First, Swin Transformer is used to replace the third
C2f in the backbone part. The modeling of global and local information is realized through the
self-attention mechanism, which improves the generalization ability and feature extraction ability
of the model, thereby bringing higher detection accuracy. Secondly, the C2f convolution in the neck
section is replaced with Distribution Shifting Convolution, so that the model can better process spatial
information and further improve the object detection accuracy. In addition, by replacing the original
CIOU loss function with the Focal-EIOU loss function, the problem of sample imbalance is solved
and the detection performance of the model in complex scenarios is improved. After improvement,
the mAP of the model increased by 2.3%, and the Recall increased by 6.8% on the basis of YOLOvSs,
and the final mAP and Recall reached 86.9% and 82.0%, respectively. The detection speed of the
improved model reaches 190.34 FPS, which meets the demand of real-time detection. The results
show that the improved YOLOvV8 algorithm proposed in this study exhibits excellent performance
in the task of tomato ripeness detection in complex scenarios, providing important experience and
guidance for tomato ripeness detection.
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1. Introduction

The tomato is not only one of the world’s leading vegetables, but also it can be eaten
raw as a fruit. It is loved for its rich nutrition and good taste. It is not only rich in fiber
but also in powerful antioxidant vitamins A and C. Consumption of tomatoes helps to
reduce the possibility of developing osteoporosis, cardiovascular problems, and certain
types of cancer [1]. Tomatoes are now widely used as food additives and pharmaceutical
ingredients, such as tomato juice and tomato salsa. Various tomato products have specific
requirements for their ripening level. Therefore, it is particularly critical to know the level
of ripening of tomatoes in each use [2]. The fruit color of tomatoes will change during
the ripening process. This change reflects the physiological and biochemical reactions of
tomatoes affected by external environmental conditions during their growth. A central
element in determining tomato quality is its degree of ripeness. The harvest time of
tomatoes is closely related to their ripeness. If tomatoes are harvested too early, they
may not reach the desired level of ripeness, thus compromising the maximization of their
economic benefits. Conversely, if harvested too late, tomatoes may become overripe and
perishable during distribution. Therefore, to ensure the quality of tomatoes during food
processing, long-distance transportation, or storage, their ripeness and timing of harvest
must be accurately evaluated.
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Traditionally, most tomato picking is performed manually. Workers assess the ripeness
of tomatoes mainly on the basis of various characteristics such as color, smell, and sensation,
which often results in human error due to the limited ability of human perception and
judgment. And by the light conditions, background interference, and other environmental
factors, the traditional method is very easy to misjudge. Manual detection of tomato
ripening degree has a large error, which not only reduces the efficiency of work but also
causes a waste of resources. Especially when the ripening degree of tomatoes is quite
close, the misjudgment is more common [3,4]. With continuous development in electronic
and computer technology, machine inspection has increasingly replaced manual methods,
especially in labor-intensive tasks such as fruit and vegetable inspection and harvesting.
This shift is seen as a key step in modernizing agriculture and improving the Precision
and efficiency of agricultural production. It also marks the successful implementation of
automated and intelligent inspection systems for fruits and vegetables [5]. In addition, fruit
and vegetable maturity monitoring provides solid theoretical and technological support
for the collection of data on their growing environment and real-time access to ecological
planting information [6,7].

A method that can accurately and quickly detect the maturity of tomatoes is crucial for
harvesting tomato fruits. It can not only help farmers determine the best harvest time and
prevent immature or over-mature fruits from entering the market, thereby maximizing the
quality and market value of the fruit. In addition, the application of technologies such as
maturity detection can promote the automation and intelligence of agricultural production,
thereby improving the accuracy and efficiency of detection and reducing the need for
manual operation. In addition, by accurately detecting and managing maturity, resource
waste can be reduced, which is conducive to environmental protection and sustainable
development. At present, scholars at home and abroad have done a lot of work on tomato
ripeness recognition and achieved some achievements. However, due to the influence of
light, occlusion, background color, and other factors, the model still has some deficiencies
in detection accuracy and speed. Therefore, the motivation of this paper is to study an
improved YOLOvVS algorithm to reduce the influence of factors such as occlusion and
similarity of fruit and background colors, thereby improving the accuracy and speed of
tomato maturity detection. The following are this paper’s main contributions:

(1) By replacing the original CIOU with Focal-EIOU, the model makes full use of Focal
Loss’s ability to resolve class imbalance and EIOU’s superior bounding box regression,
allowing the model to focus more on small objects and subtle changes in complex environ-
ments, and thus improving the performance of recognizing tomatoes at different stages
of ripening.

(2) The model’s ability to model global and local information in tomato images is
enhanced by introducing Swin Transformer in the backbone, which enables the model
to better capture the fine-grained features in tomato images, thus enhancing the model’s
ability to extract features.

(3) The Distribution Shifting Convolution fusion at the neck increases the “interaction’
information between the feature maps by performing convolution operations at different
locations, which allows the model to adapt to the changes in image features of tomatoes
with different ripeness levels and obtain more diversified feature information in different
regions of the image, thus improving the accuracy of tomato ripeness detection.

This paper is organized as follows: Section 2 reviews existing work related to tomato
ripening detection and discusses the strengths and weaknesses of current methods.
Section 3 describes the experimental datasets, experimental configurations, proposed
methods, and evaluation metrics used in this paper. Section 4 shows the results of the
experiments and compares the performance of the different methods. Section 5 provides an
in-depth discussion of the experimental results and analyzes the findings and challenges of
the study. Finally, Section 6 summarizes the main contributions of this paper.
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2. Related Work

With the rapid development of artificial intelligence, image processing and computer
vision systems have been widely applied in the recognition, classification, grading, and
quality evaluation of agriculture. In recent years, many studies have been conducted
on fruit ripeness detection using computer vision, and certain achievements have been
made. But many methods are still in the research stage and cannot be applied in practical
applications [8]. Therefore, further exploration is needed in terms of maturity detection.

In 2015, El Bendary et al. [9] developed an automated method based on color features
to assess the ripeness of tomatoes. They achieved automated classification of tomatoes at
different ripeness levels by transforming the images into color space and then combining
support vector machines (SVMs), linear discriminant analysis (LDA), and principal compo-
nent analysis (PCA) for feature extraction and classification. The method demonstrated the
accuracy of maturity assessment using image data. However, due to the limitations of the
dataset, the method has some limitations in practical application and is difficult to be widely
disseminated. The accuracy of maturity assessment using image data was demonstrated.

To solve the interference of light changes and overlapping objects, Zhao et al. [10]
developed a tomato detection algorithm based on multi-feature image fusion. The method
consists of extracting two key feature images: an a* component image from the Lab* color
space and an I component image from the YIQ color space. They use wavelet transform
to fuse the feature information of the two images and then use the adaptive thresholding
technique to segment the tomato from the background and use the morphological operation
pass to eliminate a small amount of noise. To further address the effects of illumination
and occlusion, Liu et al. [11] proposed a fruit detection algorithm based on multi-feature
combination that uses color images and employs HOG descriptors and SVM classifiers
for tomato detection. The detection accuracy is improved by a coarse-to-fine scanning
framework and a false positive removal (FCR) method. Their method achieved better results
with the majority of tomatoes being detected, but the method has limited applicability as
the data used in the experiments were near-red tomatoes that were already ripe.

With the rapid development of artificial intelligence technology, deep learning has
been widely used and has made significant breakthroughs in fruit detection. Deep learning
algorithms are capable of automatically learning and extracting complex features in images,
which makes them particularly suitable for tasks such as fruit identification and ripeness
estimation. For example, Kim et al. proposed a deep neural network-based tomato ripeness
estimation method that uses cross-entropy loss and mean—variance loss to train a model
to accurately estimate the ripeness of tomatoes [12]. The continuous innovation of deep
learning methods has led to a growing variety of fruit detection algorithms, of which the
two most common categories are two-stage detection algorithms and single-stage detec-
tion algorithms. Two-stage algorithms, such as FasterR-CNN [13] and maskR-CNN [14],
provide high accuracy by first generating candidate regions and then performing fine
processing, while single-stage algorithms, such as the YOLO series [15-20], provide faster
detection speed through end-to-end processing, which is suitable for real-time detection
requirements. The application of these technologies is driving the continuous development
of fruit inspection technology towards higher accuracy and efficiency.

For example, Polder et al. applied the MaskR-CNN algorithm to tomato detection
in greenhouses [21]. Huang et al. proposed a method that uses fuzzy c-means combined
with Hough transform to detect tomato ripeness [22]. In 2021, Zu et al. used Mask R-CNN
with a RestNet50-FPN backbone network to detect and segment green tomatoes in the
greenhouse [23]. The algorithm uses ROIAlign bilinear interpolation to calculate the target
area generated by the training feature map and achieves the detection and segmentation
of ripe green tomatoes through the parallel actions of the ROI target category, bounding
box regression, and mask. Because they only conducted experiments on green tomatoes,
the model is still limited. Kuang WenHsieh et al. used a binocular vision camera based
on the R-CNN algorithm [24] to obtain the position of mature tomatoes and estimate their
size by combining an object detection network with a depth camera. Minagawa et al. used
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MaskR-CNN to detect tomato strings [25] and then used the detected clustering images
to predict the harvest time of tomatoes. Due to the fact that the images of its test data
were captured during the day, changes in ambient lighting affect the detection of maturity.
References [26-28] apply Faster R-CNN to tomato ripeness detection. In 2022, Wang et al.
proposed an improved FasterR-CNN algorithm, MatDet, and used it for multi-target tomato
ripeness detection in complex scenes [29]. The algorithm uses ResNet-50 as the backbone
and RolAlign to obtain more accurate bounding boxes. In addition, the model also uses
Path Aggregation Network (PANet) to solve the difficulty of detecting tomato maturity in
complex scenes.

In 2020, Liu [30] and others proposed an improved tomato detection model based on
YOLOV3 [17]. This model incorporates dense architecture [31] into YOLOvV3, making it
easier for the model to reuse features and learn richer tomato feature representation. They
also used C-Bbox instead of traditional R-Bbox to obtain more accurate IoU. The proposed
model has significant improvements in the impact of lighting, but the occlusion problem
is not well solved, and the accuracy is expected to be improved. In 2022, Su et al. [32]
proposed an improved real-time tomato ripeness detection model based on YOLOv3. To
improve the detection accuracy and speed, they used the K-means clustering algorithm [33]
and the squeezing and incentive attention mechanism module [34], and their proposed
model outperforms the traditional YOLOv3 and YOLOVS5 in terms of detection speed and
has a high detection accuracy. However, their approach does not address the problem of
small tomato targets and the similarity of the fruit color to the background color, resulting in
low detection accuracy. Li et al. [35] investigated a tomato ripeness detection method based
on the YOLOvV5s tomato model. They improved the performance of small target detection
using a data augmentation method, and their method has a significant improvement in
terms of improved model size and detection speed. However, the images used for their
training were all from the same greenhouse, so further research is needed for tomato
ripeness detection in complex environments. In 2023, Li et al. [36] proposed an automated
ripening grading and counting model that improves the backbone network of YOLOvS8
and enhances the network’s ability to extract diverse features. The method provides good
technical support for accurate grading, picking, and counting of tomato fruit. However,
the model focuses mainly on the detection of large tomatoes and does not consider the
detection of small target tomatoes, so the model still has limitations.

Although many researchers have studied tomato maturity detection methods, there
are still some research gaps and areas to be explored. For example, different types of
data (such as images, spectra, temperature, and humidity) can be fused to improve the
accuracy of maturity detection. Currently, most studies focus on a single data source,
and multimodal data fusion can provide more comprehensive information. In addition,
although deep learning performs well in image recognition, it consumes a lot of computing
resources. Therefore, it is also an important direction to study lightweight tomato maturity
detection models to adapt to mobile devices while maintaining high accuracy and meeting
real-time detection.

Overall, although existing methods for tomato ripeness detection have made signifi-
cant progress in terms of accuracy and effectiveness, many researchers and engineers have
successfully applied various deep learning techniques and image processing algorithms to
improve the accuracy of detection. However, these methods still face some challenges in
practical applications, especially in terms of real-time performance, computational resource
consumption, and adaptation to complex environments. For example, in highly dynamic
agricultural environments, factors such as climate change, differences in lighting conditions,
and background clutter can affect the performance of the detection system. In addition,
most of the existing methods have a high demand for computational resources, a problem
that is particularly prominent in mobile devices or edge computing environments, limiting
the widespread application of these techniques. To address these challenges, this study
proposes a new detection method by introducing Distribution Shifting Convolution [37]
and the Swin Transformer module. The main advantage of using Distribution Shifting
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Convolution is its ability to effectively reduce the computational complexity, thus allowing
the model to be deployed on resource-constrained devices more easily. Meanwhile, the
hierarchical self-attention mechanism introduced by the Swin Transformer module enables
the model to better capture the global information in the image, which is important for
improving the accuracy of detection. This combination not only improves the efficiency
of detection but also enhances the adaptability of the model in variable and complex
environments, showing good application prospects.

3. Materials and Methods
3.1. Material
3.1.1. Dataset Acquisition and Processing

In this study, we used the Laboro-Tomato dataset [38] provided by Laboro. It is a very
valuable dataset. And multiple researchers have used this dataset for experimental research.
Asim Khan et al. [39] conducted comparative experiments on tomato maturity classification
using this dataset and their newly introduced tomato dataset. This dataset covers two
subsets of tomato images of different sizes. There are a total of 804 images of tomato fruits,
including 442 images of large tomatoes and 362 images of small tomatoes. This image
dataset presents tomatoes at various stages of ripeness, which can be categorized into three
types based on their degree of ripeness: unripe, semi-ripe, and fully ripe. The skin of
immature tomato fruit is almost completely green, or relatively less red, filled with 30%
red. Semi-ripe tomatoes are lighter in color, about 30-89% red, and it takes some time to
fully mature. When the tomato fruit is 90% or more red, the tomato fruit is fully mature. At
this point, it is ready to harvest. Figure 1 shows the 6 maturity categories of the dataset
we used.

(e) _half ripened (f) 1_fully ripened

Figure 1. Tomato ripeness categories. (a) Immature normal sized tomatoes. (b) Semi mature normal
sized tomatoes. (c) Fully ripe normal sized tomatoes. (d) Immature little tomatoes. (e) Semi ripe little
tomatoes. (f) Fully ripe little tomatoes.
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3.1.2. Image Preprocessing and Dataset Partitioning

After obtaining the dataset, we need to label the detection targets in the dataset.
Labellmg was used to label tomato images in this study. Labellmg is a lightweight open
source image annotation tool that is very simple and direct to use, and it can run efficiently
on various systems. It is more suitable for our dataset than other annotation software, so
we use it to annotate this experimental dataset. Three categories—unripe (green), semi-ripe
(half_ripened), and fully ripe (fully_ripened)—were used to label large (normal size) and
little (cherry tomato) tomatoes. And the dataset is divided into a training set, a validation
set, and a test set in the ratio of 7:2:1. Table 1 shows the number of categories in the dataset.
There are 6702 targets in the training set, 2032 targets in the validation set, and 1043 targets
in the test set. The specific number of targets for each category is shown in Table 1.

Table 1. Number of experimental categories.

Categories Train Set Val Set Test Set
total 6702 2032 1043
b_green 1275 396 183
b_half ripened 442 122 72
b_fully ripened 281 98 41
1_green 3166 915 515
1_half ripened 693 215 112
1_fully ripened 845 286 120

3.2. Training Platform and Parameter Settings

This study was conducted on Ubuntu 22.04 operating system using PyTorch2.1.0
framework for developing deep learning models and trained on NVIDIA V100 GPUs.
The detailed configuration of the experimental environment is shown in Table 2, and the
parameter settings for the training phase are shown in Table 3. During the training process,
we used the SGD optimizer and set the size of the input images uniformly to 640 x 640.
To improve the model’s ability to detect targets of different sizes, the image enhancement
operation consists of randomly scaling the image within a range of 50%, i.e., the image is
scaled between 50% and 150% of the original size. The training period (epoch) is set to
400, and the batch size is set to 16. In addition, the initial learning rate is set to 0.01, and
warm_epochs is set to 3 so that the learning rate is gradually increased in the first 3 epochs
to ensure stability and convergence of the training.

Table 2. Experimental environment configuration.

Category Configuration
GPU NVIDIA V100
System environment ubuntu22.04
Framework Pytorch2.1.0
Programming voice Python 3.10.13

Table 3. Parameter Settings for model training.

Parameter Value
Image-size 640 x 640
Epochs 400
Batch-size 16
Ir 0.01
warmup_epochs 3

Optimizer SGD
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3.3. YOLOwv8 Model

YOLOVS [40] is a highly efficient deep learning model in the field of target detection,
which inherits the tradition of YOLO series algorithms and is capable of achieving high
accuracy and high-speed target detection. YOLOVS is based on the CSP (Cross-Stage
Partial) structure of YOLOVS [41] in the backbone network, but with optimization of the
module design. YOLOVS has replaced the C3 module in YOLOv5 with the C2f module to
further reduce the model size and improve computational efficiency. YOLOVS replaces
the C3 module in YOLOvVS5 with the C2f module to further reduce the model size and
improve computational efficiency. Meanwhile, it adopts the improved Path Aggregation
Network (PANet) as the feature fusion module and introduces the CloU loss function,
which effectively improves the accuracy of target frame regression. In addition, YOLOvVS8
has also optimized the data enhancement and training strategy, which makes the model’s
performance more stable under different scales and backgrounds. The model structure of
YOLOVS is shown in Figure 2.

Figure 2. The model structure of YOLOVS.

The network structure of YOLOVS can be divided into several important parts: the
backbone, the Feature Pyramid, and finally the head. First, YOLOv8's backbone network
uses an efficient structure (CSPDarkNet) to extract features from images. This network ar-
chitecture is optimized to extract richer image features while ensuring lower computational
complexity, providing more accurate information for subsequent detection tasks. Next is
the Feature Pyramid, or neck part, where YOLOvVS8 adopts a more advanced feature fusion
approach. In the target detection task, targets of different scales can produce features of
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different sizes in the image, and the Feature Pyramid Network (FPN) can effectively deal
with this problem. The combination of FPN and PANet (Path Aggregation Network) is
used in YOLOVS to further enhance the fusion of multi-scale features. With this design,
YOLOVS is able to better handle both small and large targets and maintain good detection
accuracy in both multi-scale images. Finally, there is the head network of YOLOvS, which
is responsible for the final target classification and bounding box regression. YOLOVS8
uses the Adaptive Feature Layer and the new detection head for both classification and
localization tasks, making the network not only able to handle more complex scenarios
effectively but also ensuring efficient computational performance.

However, although YOLOVS performs well in most application scenarios, there are still
some performance bottlenecks in some specific cases. For example, in terms of small target
detection and robustness in complex backgrounds, YOLOv8 may suffer from leakage and
false detection problems. This is mainly due to the limited ability of its feature extraction
network to capture fine-grained small targets, and it may be difficult to effectively differ-
entiate between targets and interferences in complex backgrounds. Therefore, this study
proposes further improvements based on YOLOVS, aiming to enhance the performance of
small target detection, improve the robustness of the model in complex backgrounds, and
optimize the computational efficiency to adapt to a wider range of practical applications.

3.4. Improved YOLOv8 Model

In the complex growth environment, due to the influence of many factors, such as
similar background color, mutual occlusion between branches and fruit, or different fruit
size, it is difficult to detect the target accurately, or the detection accuracy is not high by
using the traditional detection method in the process of detecting tomato maturity. In
order to more accurately locate tomato fruits and identify tomato maturity categories, we
propose an improved YOLOv8s method. This method can improve the detection accuracy
and efficiency of tomato ripeness.

In this study, we made several key improvements to the YOLOv8 model to further
enhance its performance in tomato ripeness detection. The structure of the improved
model is shown in Figure 3. First, we introduced the Swin Transformer module in the
backbone network part of YOLOvS8. The core idea of this improvement is to enhance
the global modeling capability of features with the help of the transformer mechanism.
Especially when dealing with long-range dependencies, the self-attention mechanism
of Swin Transformer can capture fine-grained contextual information more effectively.
This feature is particularly important in the tomato ripeness detection task, as ripeness
judgments are often based on subtle color variations and texture differences on the surface
of tomato fruits, and Swin Transformer is able to improve the ability to discriminate between
small and similar targets (e.g., tomatoes at different ripeness stages) in the presence of
complex light variations and background noise, thus significantly improving the accuracy
of ripeness detection.

Second, in the neck section, we make an important adjustment to the convolution
structure in C2f by using Distribution Shifting Convolution instead of the original standard
convolution. Distribution Shifting Convolution enhances feature diversity and invariance
through shifting operations, which is particularly effective in multi-scale tomato detection.
Especially in the case of tomato fruits with irregular shapes and large size differences,
the Distribution Shifting Convolution can better capture the local features at different
scales, which improves the robustness and adaptability of the model, and makes it more
discriminative when dealing with tomatoes at different stages of ripeness.

Finally, for the loss function, we replace the original CIOU loss function with the
Focal-EIOU loss function. This new loss function combines the weighting mechanism of
Focal Loss with the accuracy-enhancing property of EIOU, which is more effective in facing
the category imbalance problem. In the tomato ripeness detection task, there is a category
imbalance between unripe and overripe tomatoes and the traditional loss function often
finds it difficult to accurately distinguish between these categories.The Focal-EIOU loss
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function is able to dynamically adjust the weights of the difficult-to-classify samples, paying
special attention to those tomatoes that are at the boundary of the ripeness judgment, which
significantly improves the model’s detection accuracy on the complex dataset. Compared
with traditional CIOU, Focal-EIOU can more accurately optimize target localization and
classification when dealing with small and distant targets, which further improves the
accuracy of tomato ripeness determination.
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Figure 3. The model structure of improved YOLOVS.

3.4.1. Swin Transformer

In object detection tasks, targets in images often have different scales, and this scale
difference may be due to the distance of the object in the image, mutual occlusion between
objects, or the size difference of the object itself. Due to the different scale sizes of targets,
effective object detection becomes more challenging. Therefore, we introduced the Swin
Transformer module in the backbone part of the network to enhance the network’s ability
to extract features of objects of different scales.

Swin Transformer [42] is a novel visual transformer architecture that solves the com-
putational and memory bottleneck problems of traditional transformers in high-resolution
image processing by introducing a local window self-attention mechanism and a shift oper-
ation. It divides the image into multiple fixed-size windows and computes self-attention
within each window to reduce computational complexity, while shifting the windows
allows features between different windows to communicate with each other, effectively
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modeling long-range dependencies. Swin Transformer also adopts a hierarchical design
to gradually reduce the resolution of the feature map and capture features at different
scales, and this design can improve both computational efficiency and memory bottleneck
in traditional transformers. This design improves computational efficiency and retains the
ability to model global information, which is widely used in image classification, target
detection, semantic segmentation, and other visual tasks, and shows excellent performance
and efficiency. The structure of Swin Transformer is shown in Figure 4a.

Input
l |
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{b) Two successive Swin

(a) Swin Transformer Transf Blocks

Architecture

Figure 4. (a) The architecture of a Swin Transformer (Swin-T) [42]; (b) two successive Swin. W-MSA
and SW-MSA are multi-head self attention modules with regular and shifted windowing configura-
tions, respectively, in Transformer Blocks.

It is divided into four stages. Before entering Stage 1, the input image is split into
non-overlapping, equal-sized patches by Patch Partition, and each patch is regarded as
a “token”, and then a feature sequence is obtained. This feature sequence is then sent to
the linear embedding layer for projection to obtain a new feature dimension, and after
two Swin Transformer blocks for self-attention computation, it enters Stage 2. In Stage 2,
the feature dimension is first reduced by patch fusion, and then the feature is transferred
to a deeper layer after two Swin Transformer Blocks to compute the attention. Then go
to Stage 3 and Stage 4 sequentially to get the final features. In the latter two stages, the
features are fused by patch fusion, and then the Swin Transformer Block calculates the
self-attention to transform the features to deeper layers. The difference is that in Stage
3, six Swin Transformer Blocks (two of them in a group) are passed through. Each stage
changes the dimensionality of the sequence, resulting in a hierarchical representation.

Through this hierarchical multi-scale feature representation, Swin Transformer is able
to effectively capture the information at different scales in the image and improve the
performance of the model.

The C2f module in YOLOVS excels in local feature extraction but lacks in capturing
global context information and is less effective when dealing with complex backgrounds
or lighting changes. The Swin Transformer module has hierarchical feature extraction
capabilities and can effectively extract and integrate information on multiple scales, which is
particularly important for processing tomatoes at various maturity stages. Moreover, Swin
Transformer shows good stability and robustness when handling complex backgrounds
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or lighting conditions. Therefore, this study introduces a Swin Transformer module in the
high-level feature processing stage of the backbone section and retains the C2f module
in the low-level feature extraction stage. Adopting this hierarchical feature extraction
strategy can not only improve the global context understanding of the model and improve
the accuracy of the model in detecting tomato maturity but also effectively control the
consumption of computing resources of the model.

3.4.2. C2f DSConv Module

Conventional C2f modules usually consist of ordinary convolutional layers that are
fixed to certain spatial position relationships when processing images, and the fixed convo-
lutional kernel may miss some subtle local changes or texture information when applied
to different regions of the image. In this study, we propose an improved C2f module, the
C2f_DSConv module (shown in Figure 5), to improve the performance of the model in
the tomato ripeness detection task. The core innovation of this module is to improve the
perception of subtle differences in tomato ripeness by adjusting the spatial properties of
the convolution operation so that the model can better capture local and global features
in the image. The design concept of the C2f_DSConv module is to introduce Distributed
Shift Convolution (DSConv) [37] on top of the original C2f module in order to improve
the response of the convolutional layer to local variations during the feature extraction
process while avoiding the loss or insufficiency of information that standard convolution
can introduce when processing complex images. In the tomato ripeness detection task,
changes in the appearance of tomatoes are typically gradual and locally dependent, with
subtle changes in ripeness including gradual changes in color, textural details of the skin,
and small differences in morphology. These changes are often difficult to adequately
capture with conventional convolution, and therefore a feature extraction method that
can accommodate these detailed changes needs to be developed. By adjusting the con-
volutional structure in the C2f module, the C2f_DSConv module is able to improve the
perception of spatial relationships between different regions in the image while retaining
the advantages of the original convolutional operation. This improvement does not rely
solely on a simple transformation of the convolution kernel, but by improving the convolu-
tion path, the convolution operation allows for a more flexible and accurate perception of
spatial relationships.
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Figure 5. The structure of C2f_DSConv.
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3.4.3. Loss Function

In tomato ripeness detection tasks, accurate localization and classification are key to
model performance, especially when dealing with tomato images with different ripeness
levels. To improve the performance of the model in such tasks, we have improved the
loss function of the original YOLOv8 model. The CIOU loss function originally used in
the model, as a commonly used target image regression loss, is able to take into account
geometric relationships between target images, including factors such as position, size,
and relative angle, during the training process. However, the performance of CIOU is not
always ideal when dealing with targets with highly imbalanced category distributions
and hard-to-detect targets, especially in cases where objects have large scale differences
or are occluded. To address this problem, we introduce the Focal-EIOU Loss, which
combines the idea of Focal Loss and the optimization of EIOU and is able to further
improve the accuracy of small and hard-to-detect objects. The Focal-EIOU Loss firstly
mitigates the effect of the background region by adding an adjustment factor to reduce
the dominance of the easy-to-detect objects on the loss, which allows the model to pay
more attention to the harder-to-detect and smaller tomato targets. At the same time, the
EIOU loss incorporates more geometric information into the calculation process, not only
considering the degree of overlap between the target frames but also enhancing the shape
and orientation of the target frames and other factors, which makes the regression accuracy
more refined, especially when dealing with tomatoes with different morphologies, and can
effectively improve the fit of the frames. With this improvement, Focal-EIOU is able to
guide the model to focus more on the actual location and shape of the tomatoes during the
optimization process, rather than being distracted by a large number of background and
easily identifiable regions.

In object detection, the target in the image is predicted by the regression of the bound-
ing box. A common metric for assessing the degree of overlap between the predicted
bounding box and the true bounding box is the Intersection over Union (IOU). It measures
the degree of overlap by calculating the ratio of the area of the intersection region of the
predicted and real boxes to the area of their concatenated region. It can be calculated by
Formula (1), where A, B C S € R" represent any two boxes.

IoU = |ANB|/|AN B (1)

The Focal-EIOU loss function consists of two parts: one is Focal loss, and the other is
EIOU loss. The formula for Focal loss is

FL(pt) = —at(1 — pt)7log(p:) 2)

where p; is the model’s predicted probability for the target category. The 7 is an adjustment
factor that is mainly used to adjust the weights between easy and hard-to-categorize
samples. It can usually be adjusted by observing the performance of the model during
training. Typically, the value of 7 is set between [0,5]. a; is the weight of the category,
usually used to adjust for category imbalances.

The EIOU loss function consists of three parts. They are IOU loss(Ljoy;), distance
loss(Lyjs), and aspect 1oss(Lgsp). The EIOU loss function is defined as Formula (3):

Lerou = Liou + Lais + Lasp
p2(b,b8)  pAwwst) | p?(hhsh) (3)
(we)? + (he)? (we)? (he)?

=1-10U+

where b and b8! represent the center points of the anchor box and the real box, respectively.
w and w8’ represent the width of the anchor box and the real box, respectively. h and
h8! represent the height of the anchor box and the real box, respectively. w® and h¢ are
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the width and height of the smallest box covering the anchor box and the real box. The
Focal-EIOU loss function is expressed as Equation (4):

Lrocar-erou = a¢(1 —IOU)"Lgjou (4)

where IOU is Formula (1). The 7 is an adjustment factor that is mainly used to adjust
the weights between easy and hard-to-categorize samples. It can usually be adjusted by
observing the performance of the model during training. In this experiment, it is set to the
default value of 2 recommended by Focal loss, as it can already give better results.

Therefore, in this experiment, we use the Focal-EIOU loss function [43] to replace
the CIOU loss function in the original model to improve the convergence speed and
positioning accuracy of the model and solve the problem of imbalance between difficult
and easy samples. By introducing the focus mechanism (Focal) and the improved bounding
box overlap evaluation index (EIOU), the Focal-EIOU loss function can better handle
samples with different difficulty levels, thereby improving the performance and robustness
of the model.

3.5. Establishment and Evaluation Indicators of Model

Object detection is an important task in the field of computer vision, and evaluation
indicators play a vital role in object detection. It provides an objective and quantitative
evaluation of the performance of the model, which can help researchers understand the
performance of the model in identifying and locating targets. Through the analysis of eval-
uation indicators, problems and deficiencies in the model can be identified, and guidance
can be provided for further improvement of the model. This study focuses on the detection
accuracy and detection speed of tomato ripeness. After the model is built, use several
commonly used evaluation indicators for object detection, such as Precision, Recall, mAP,
and other indicators to evaluate the performance of the model. These evaluation indicators
are calculated as shown in Formulas (5)-(9) [36]:

TP

Precision = TP EP 100% (5)
TP
Recall = m (6)

Precision measures the proportion of boxes that are actually correct among all the boxes
predicted to be positive. Recall measures the proportion of true positive boxes that the
model can correctly predict, where TP (True Positive) indicates the correctly predicted
target box, FP (False Positive) indicates the incorrectly predicted target box, and FN (False
Negative) indicates the missed target box.

1

AP = /0 P(R)dR %
1 C

mAP = c C; AP, (8)

AP is an indicator for a comprehensive evaluation of Precision and Recall. It is obtained by
calculating the area of the Precision—Recall curve. Generally speaking, the higher the AP,
the better. AP is generally calculated for each category. mAP is the average of APs of all
categories. It is the most common evaluation criterion in object detection tasks, especially
in multi-category detection tasks. For each category, its AP is first calculated, and then the
average of APs of all categories is calculated. The higher the mAP, the better the overall
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performance of the model, where P(R) is the Precision at Recall R. C represents the number
of categories, and AP, is the average Precision of category C.

Num

FPS =
Time

©)

FPS (Frames Per Second) is also an important evaluation metric. where Num indicates
the number of frames and Time indicates the time.

In addition to the above evaluation metrics, the confusion matrix is also a common
metric for evaluating the performance of target detection models.

It can realistically present the relationship between real categories and predicted
categories. In the multi-classification problem, the confusion matrix is a matrix of N x N,
whose structure is shown in Figure 6. Each row represents a true category, and each column
represents a predicted category. Values on the diagonal represent the number of correctly
categorized samples, and values on the off-diagonal represent the number of incorrectly
categorized samples.

Predicted category

Category | Category Category
1 ) N
Catego
O @D | P2 | FP(1,N)
-’ Catego
o 2g o@D | @2 FP(2,N)
Cat
SV RPOND | FP(N.2) . TPOLN)

Figure 6. The structure of the confusion matrix.

4. Results and Analysis
4.1. Training Results of the Proposed Model

During the training process of the proposed model, the loss curve and accuracy curve
reveal the key dynamics of training, as shown in Figure 7. First, at the beginning of training
(i.e., the first few epochs), the loss curve decreases rapidly, indicating that the model is
effectively learning from the training data and gradually improving the fit. As training
progresses, the training and validation losses gradually level off, showing that the model
has fitted the training data better. In terms of Precision, Recall, and mAP, the correlation
curves show a similar upward trend and eventually stabilize at a higher level, further
validating the effectiveness of the model. This series of performances indicates that the
proposed tomato ripeness detection model has not been overfitted during the training
process, the indexes have maintained good stability, and the model has demonstrated ideal
convergence. The smoothness of the loss curve reflects that the model has effectively fitted
the training data, while the continuous improvement of the validation metrics indicates
that the model’s performance on the validation set has also been significantly improved.



Appl. Sci. 2024, 14, 11111

15 of 24

Therefore, it can be inferred that the model exhibits good generalization ability and stability
in both the training and validation phases.

train/box_loss train/cls_loss train/dfl_loss metrics/precision(B) metrics/recall(B)
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Figure 7. Training and validation process curves for the proposed model. The horizontal coordinate
is the training Epoch.
4.2. Improvement of YOLOV8 Ablation Experiment
Ablation experiments are a scientific experimental methodology designed to assess
the contribution of specific components of a system to the overall functioning of the system
by gradually removing or altering those components. Through the ablation experiment,
we can understand the working mechanism of the model more deeply, find the advantages
and disadvantages of the model, and provide guidance for the further optimization of the
model. To evaluate the effectiveness of the improved model, this study conducted five sets
of ablation experiments on the same dataset and equipment. These five experiments include
the original YOLOvV8s model, the addition of the Swin transformer module to YOLOvSs,
the replacement of the original convolution with the DSConv module in YOLOvSs, the use
of the Focal-EIOU loss function in YOLOVSs, and our proposed method of synthesizing
the three modules. The results of the ablation experiments are shown in Table 4. The bold
numbers in the table represent the optimal value.
Table 4. Results of Ablation experiment. Bold values indicate the optimal values in the results. A
checkmark indicates that the module is used.
Method +EloU +Swin Transformer +DSConv  Recall mAP50 mAP50-95 Inference Time (ms) Params (M)
YOLOv8s 0.752 0.846 0.713 4.0 11.13
Method 1 v 0.759 0.851 0.721 4.1 11.13
Method 2 v 0.783 0.863 0.732 44 11.00
Method 3 v 0.786 0.866 0.728 41 10.31
Proposed Method v v v 0.820 0.869 0.727 4.4 10.18

Method 1 in Table 4 uses the Focal-EIOU loss function alone to replace the CIOU
loss function used in the original model YOLOv8s. Method 2 refers to the introduction
of the Swin Transformer module separately in YOLOv8s. Method 3 refers to replacing
the convolution DSConv module separately in the original model. In the case of using
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YOLOVSs for maturity detection without any improvement. The Recall rate of the model,
mAP50, mAP50-95, inference time, and the number of parameters are 75.2%, 84.6%, 71.3%,
4.0 ms, and 11.13 M, respectively. In Method 1, after using Focal-EIOU to replace CIOU, the
Recall of the model, mAP50, and mAP50-90 increased by 0.7%, 0.5%, and 0.8%, respectively.
This is because the Focal-EIOU loss function can effectively reduce the influence of the
background and make the model pay more attention to the target detection, thus improving
the detection accuracy of the model. For the inference time, the inference time of Method
1 is only 0.1 ms more than that of the original model YOLOvSs. It does not have much
impact on the overall performance of the model and can be ignored. In terms of the
number of parameters, the number of parameters of Method 1 does not change because the
loss function does not change the structure of the model. In general, it is effective to use
Focal-EIOU to improve the model.

Method 2, a model in which Swin Transformer alone was introduced into the original
YOLOVS, improved Recall, mAP50, and mAP50-95 by 3.1%, 1.7%, and 1.9%, respectively,
compared with the original YOLOv8 model. The main reason for the accuracy improvement
may be that the Swin Transformer is able to capture the subtle features of tomato fruit
at different ripening stages more effectively, improving the model’s detection accuracy
in complex environments. At the same time, the parameter volume of the model was
reduced by 0.13 M, which is due to the fact that Swin Transformer optimizes the number
of parameters of the model by reducing redundant calculations and adopting the local
window mechanism, which reduces the computational complexity, resulting in a reduction
in the number of parameters while improving the accuracy. However, the inference time
of the model increased by 0.4 ms compared with the original model, probably due to the
increase in the local receptive field. Despite the slight increase in inference time, the increase
in performance more than compensates for this change, so the model remains valid.

Comparing Method 3 with the original model, after using DSConv to replace the
original convolution, the Recall rate of the model, mAP50, and mAP50-95 increased by
3.4%, 2%, and 1.5%, respectively. The number of parameters decreased by 0.82 M. This is
because DSConv helps the model to learn richer and more accurate feature representation
in the image, thus improving the detection accuracy of the model. Moreover, compared
with the original convolution, DSConv reduces the number of parameters and computation
by quantization and distribution shift operations. Thus, the computational cost is saved.
Although the inference time is extended by 0.1 ms, this module still has an advantage on
the whole. Taken together, each of our improved modules has improved the performance
of the model. So every module we improve is effective.

In addition, comparing our model with the baseline model YOLOv8s, we can see that
our model has a significant improvement in Recall, mAP50, mAP50-90, and the number
of parameters. The Recall, mAP50, and mAP50-90 increased by 6.8%, 2.3%, and 1.4%,
respectively. The parameter is reduced by 0.95 M. The experimental results show that our
model not only improves the detection accuracy but also is more lightweight than YOLOvSs.
Although the inference time of the improved model needs more refined calculation, it is
negligible compared with the improved model. To sum up, our model shows obvious
effectiveness in the tomato maturity detection task.

4.3. Performance Comparison of Different Detection Algorithms

In this paper, several improvements are made to the original YOLOv8s model with
the aim of increasing the accuracy and efficiency of the tomato ripeness detection task.
The performance of the improved model was evaluated through a series of experiments
and compared and analyzed with several benchmark models such as YOLOv5n, YOLOv7-
tiny, YOLOv8n, and YOLOv8m. The experimental results are detailed in Table 5, which
shows the comparative performance of the improved model with the other models on
various metrics.
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Table 5. Results of Comparative experiment. Bold values indicate the optimal values in the results.

Model mAP50 mAP50-95 Inference Time (ms) FPS
YOLOvV5n 0.826 0.648 7.7 169.1
YOLOV7-tiny 0.845 0.643 17.1 156.2
YOLOv8n 0.824 0.681 2.6 288.05
YOLOVS8s 0.846 0.713 4.0 204.13
YOLOvV8m 0.848 0.721 6.6 134.25
Proposed Method 0.869 0.727 44 190.34

From the experimental results, the detection accuracy of the improved model is higher
than that of other models. The mAP50 of the improved model is 4.3%, 2.4%, 4.5%, 2.3%, and
2.1% higher than that of YOLOv5n, YOLOv7-tiny, YOLOv8n, YOLOvVS8s, and YOLOvS8m,
respectively. The mAP50-90 of the improved model is 7.9%, 8.4%, 4.6%, 1.4%, and 0.6%
higher than YOLOv5n, YOLOvV7-tiny, YOLOv8n, YOLOvS8s, and YOLOv8m, respectively.
From the point of view of FPS, although the improved model is not the fastest, it is second
only to YOLOv8n and YOLOvVSs and faster than YOLOv5n, YOLOv7-tiny, and YOLOv8m.
Because we use the Focal-EIOU loss function, more detailed calculations are needed when
focusing on targets that are difficult to predict and locate. And use Swin Transformer to
increase the local receptive field to help the network capture more image features. So more
inference time is needed. Although the inference speed of YOLOv8n and YOLOvSs is
relatively faster than our model’s, their accuracy is lower. This shows that the improved
model not only improves the detection accuracy but also maintains a relatively high
inference speed and has a good performance balance. Generally speaking, the improved
YOLOvV8s model has achieved good performance in the tomato maturity detection task,
and its mAP50 and mAP50-95 indexes are significantly better than those of other models
and maintain a high inference speed while maintaining a high accuracy. This shows that
the improved model has obvious advantages in improving the accuracy and efficiency of
tomato maturity detection.

In addition, Table 6 shows the Recall and detection accuracy of different models for
each category. It can be seen from the table that the Recall and accuracy of the improved
model detection b_half ripened, b_fully ripened, and 1_green are better than those of other
models. Category b_green also has higher Recall than other models, and its accuracy is
second only to YOLOv8m. Although the Recall and accuracy of categories 1_half ripened
and 1_fully ripened are not the highest, they are also improved compared with the baseline
model YOLOvVS8s. These results show that our improved model strengthens the ability
to extract important features in complex environments. Overall, the improved model
shows superior performance in most categories. Although the model still has room for
improvement in the detection of small targets, overall the improved model has improved
detection Precision and Recall compared with other benchmark models.

Table 6. Comparison of Recall rates and accuracy for each category of different models. Bold values
indicate the optimal values in the results.

Categorie b_Green b_Half Ripened b_Fully Ripened 1_Green 1_Half Ripened 1_Fully Ripened
Model R(%)  AP50(%)  R(%)  AP50(%) R(%)  AP50(%) R(%)  AP50(%) R(%)  AP50(%)  R(%)  AP50(%)

YOLOvV5n 759 88.2 77.8 87.5 82.9 79.5 72.6 82.8 67.3 76.0 73.0 81.8
YOLOvV7-tiny 77.8 87.5 84.7 88.6 80.5 81.6 73.6 844 77.7 82.0 70.8 82.7
YOLOvV8n 76.4 86.0 77.6 81.4 75.6 74.0 77.6 83.3 75.0 83.7 82.6 86.0
YOLOvV8m 81.5 91.3 77.0 81.9 80.5 79.5 77.2 86.3 73.2 83.9 80.0 85.9
YOLOv8s 78.7 87.3 81.9 86.3 75.6 81.5 72.2 86.0 73.2 79.0 69.5 87.5
Proposed method 82.0 89.8 86.1 90.1 89.0 84.6 80.2 87.2 75.1 83.1 79.9 86.4

To evaluate the detection performance of our improved model on the Laboro-Tomato
dataset, we also used the confusion matrix. This is shown in Figure 8. Through the confu-
sion matrix, we are able to get a comprehensive understanding of the model’s prediction
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accuracy on different categories and infer the overall performance of the model from it,
which provides an important reference for further improvements and optimizations, where
(a) is the confusion matrix for detection using YOLOVSs; (b) is the confusion matrix after
matrix (a) has been normalized in the column direction; (c) is the confusion matrix for
detection by our method; and (d) is the confusion matrix after (c) has been normalized
in the column direction. The rows of the matrix represent the predicted categories. The
columns of the matrix denote the true categories. The elements on the diagonal lines indi-
cate the number of correct predictions made by the model on the corresponding category,
while the elements on the off-diagonal lines indicate the misclassification of the model on a
certain category. It is clear from Figure 8 that there are two categories that have a lower
probability of being correctly recognized with our method than YOLOvS8s. One of these
categories is b_green. For this category, the probability of our method misrecognizing it as
both b_half ripened and background has decreased. But the probability of misrecognizing
itas1_green has increased. This may be due to the fact that some of the features of the large
green tomato in the picture are not obvious due to the shooting angle, distance, and other
factors. Thus causing the model to recognize more tomatoes of category b_green as I_green.
The other one is category b_half ripened. The probability of our method to recognize this
category correctly is slightly lower than that of YOLOvS8s, which may be due to the fact that
some of the features of the fruits with category b_half ripened are too similar to those of
b_green and b_fully ripened, which causes the model to fail to distinguish them correctly.
However, for the other four categories, the probability of correct recognition by our model
is greater than that of YOLOvSs. It can also be seen from the last row and column of the
confusion matrix that our model is able to better distinguish the target from the background
and reduce the probability of recognizing the target as the background or recognizing the
background as the target. This is due to the fact that our improved model is able to better
capture the feature information of the target and is able to perform finer target localization,
which improves the accuracy of the model detection.
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Figure 8. Confusion matrix of YOLOv8s and improved model. The left side of (a) is the confusion
matrix detected using YOLOVS8s, and the right side is its normalized confusion matrix. The left side
of (b) is the confusion matrix detected using the improved model, and the right side is its normalized
confusion matrix.

Display of Some Test Results

Some of the detection results are shown in Figure 9. In these images, the background
is very complex, and the fruits are obscured from each other, and the color of the fruits in
the green ripening stage is similar to the background color, which is not easy to distinguish.
In Figure 9, the left side shows the object labels of the input image, the middle image shows
the detection results using YOLOvVSs, and the right image shows the detection results
using an improved model. The red box in the picture represents category b_green, the
pink box represents category b_half_riped, the yellow box represents category 1_green, the
yellow—green box represents category I_half_riped, and the green box represents category
1_full_riped. At the same time, we use arrows to mark the parts that are false detections
and missed detections.

Comparing the top three images, we can see that the YOLOv8s model mistakenly
detects category b_green as b_half ripened, while the test results of the improved model
are all correct. From the six pictures of the second row and the third row, it is obvious that
the missed detection is caused by the occlusion of branches, and the color of tomato fruit
is similar to that of leaves. In the second row of the picture, YOLOv8s missed detecting a
fruit of category b_green. Our model correctly detects the types of tomato maturity. In the
third row of the picture, there are not only missed detections but also false detections of
YOLOvSs. It missed detecting a fruit with the category b_green at the bottom of the picture.
And it also incorrectly detected the leaves at the top of the picture as fruit. In addition,
YOLOVSs incorrectly detected one of the fruits with the category b_green as b_half_ripened.
Although our method also missed detecting a fruit with category b_green in this image, our
method’s detection results are still more accurate than YOLOvS8s. From the bottom three
images, we can observe that the tomato fruit in the picture is smaller and denser, resulting
in false detection in the YOLOv8s model. While the improved model can effectively avoid
missed detection and false detection. To sum up, although our model also has the problem
of inaccurate detection, our method is more accurate than YOLOvS8s. Therefore, our method
is more suitable to detect the maturity of tomatoes in a complex environment. Because our
improved model can more easily learn the characteristic information of tomato fruit from
the complex environment, so as to detect and locate tomato fruit more accurately.
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Figure 9. Partial test result. (a,d,g,j) are object labels of input image; (b,e,h k) are detection results of
YOLOVSs; (¢ f,i,1) are detection results of our method. We have marked false detection and missed
detection with arrows.

Therefore, the results of the above comparison indicate that our improved model can
better solve the problems of missed or false detections in complex backgrounds, objects
with similar background colors, and occlusion, thereby improving the accuracy of model
detection. This improvement is of great significance for tomato ripeness detection tasks, as
it can improve the reliability and stability of object detection and provide more effective
solutions for practical applications.
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5. Discussion

In this study, we propose an advanced deep learning model designed for tomato
ripening detection with significant improvements in accuracy and processing speed. Tradi-
tional image processing techniques (e.g., Liu et al. [11]) often struggle with computational
complexity and slow processing speed. In contrast, our model exploits the power of deep
learning to efficiently handle the tomato ripeness detection problem in a complex context.
Our approach is especially suitable for scenarios with tomatoes of different sizes, as it accu-
rately detects the ripeness of both large and small tomatoes. This is a key advantage over
existing models, which usually focus only on large tomatoes or are limited to controlled
environments such as greenhouses (e.g., Li Ping et al. [36]). By using a more diverse dataset
that includes tomatoes of various sizes, our model demonstrates high accuracy across
a range of targets, addressing an important gap in the current literature. Furthermore,
our model is designed for real-time performance, optimizing both detection accuracy and
processing speed. This ensures that it can be effectively used in real-world applications
that are time-sensitive.

As can be seen from the experimental results, our model significantly outperforms
traditional methods and existing deep learning models in several key areas. First, the
accuracy of ripeness classification reaches 86.9%, which is 2.3% higher than the baseline
method, indicating a significant improvement in classification accuracy. This result suggests
that the improved model is more effective in capturing subtle changes in tomato ripeness,
resulting in more accurate detection results. Second, our model is robust to occlusion
and background changes. In various test scenarios, including the case where the tomato
surface is occluded and the tomato color is similar to the background (e.g., Figure 9),
our model is still able to detect the ripeness of tomatoes more accurately. This indicates
that our model is less sensitive to occlusion and background interference and maintains
stable performance under different environmental conditions. In addition, our improved
model shows significant improvement in computational efficiency. Compared with the
previous method, our model has an inference speed of 4.4 ms per image, which is faster than
models such as YOLOv5n and YOLOv7-tiny (as shown in Table 5). These improvements
make our model more suitable for real-time surveillance applications and large-scale
production environments. By optimizing the network architecture and computational
algorithms, we have reduced the consumption of computational resources, and the number
of model parameters has been reduced from 11.13 M to 10.18 M, thus improving the overall
processing power and efficiency.

Overall, this study has made some progress in identifying tomato ripeness, but there
are still some challenges and limitations. For example, tomato ripeness is not only affected
by planting variety but is also closely related to environmental factors such as temperature
and humidity, and these changes may affect the stability and accuracy of the model.
Therefore, future research can further explore how to improve the adaptability of the model
to environmental changes, including improving the generalisability of the model under
different conditions through data enhancement and model optimization. By addressing
these issues, we expect to further improve the usefulness of the model and expand its
potential for application in agricultural automation, intelligent detection, and other fields.

6. Conclusions

In this study, an improved tomato ripeness detection method is proposed that signif-
icantly improves the detection accuracy and efficiency of the model by combining Swin
Transformer, Distributed Shift Convolution, and Focal-EIOU loss function in the YOLOvS8
architecture. The method uses the multi-scale feature extraction capability of Swin Trans-
former to improve the model’s ability to capture details in tomato images, especially the
small differences between tomatoes at different ripening stages. Meanwhile, the intro-
duction of distribution-shift convolution is used to efficiently handle feature extraction
under different location and scale variations of tomatoes in the image while reducing the
computational overhead. In addition, the Focal-EIOU loss function further improves the
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localization accuracy by focusing on difficult-to-detect tomato targets and optimizing the
bounding box regression. The experimental results show that the improved model outper-
forms the traditional method in several evaluation metrics, demonstrates strong practicality
and stability, and can better support the task of real-time tomato ripening monitoring in
automated agriculture.

The experimental results showed that the improved model achieved significant per-
formance improvement, with mAP50 and Recall reaching 86.9% and 82.0%, respectively.
Compared with the base YOLOv8s model, the improved model achieved a 2.3% improve-
ment in mAP50 and a 6.8% improvement in Recall, showing a substantial improvement
in the accuracy of our method in tomato ripeness detection. The improved model also
performed very well in detection speed, reaching 190.34 FPS, which can meet the demand
of real-time fast detection. Meanwhile, the number of parameters of the model is reduced
from 11.13 M to 10.18 M, which means that the model is not only more lightweight but
also effectively reduces the resource consumption while improving the computational effi-
ciency, providing more possibilities for practical deployment on mobile devices. Through
the validation of the ablation experiments, we demonstrate that the introduction of each
module plays a positive role in improving the model performance, further confirming the
effectiveness of each module in optimizing the model performance.

This experiment also found that the improved YOLOv8s model showed better perfor-
mance in tomato ripeness detection tasks by comparing it with the YOLOv5, YOLOv7-tiny,
YOLOV8n, and YOLOv8m models. Compared with other models, the improved YOLOv8s
model achieved significant advantages in both mAP50 and mAP50-95 metrics, showing
higher detection accuracy. Meanwhile, the improved model shows better-balanced perfor-
mance by maintaining higher inference speed while maintaining higher accuracy. These
results indicate that the improved YOLOv8s model has significant advantages in the tomato
ripening detection task and that the adopted improvement strategy plays an important role
in the model’s performance.

In summary, the improved YOLOVS algorithm proposed in this paper demonstrates
excellent performance in tomato ripeness detection tasks, especially in complex scenar-
ios. By optimizing the model structure and improving the detection accuracy, this study
provides an effective technical tool for the agricultural field and promotes the progress of
real-time tomato ripeness detection. These results not only provide a technical guarantee
for the precise management of tomato planting but also provide new ideas for improv-
ing the efficiency and quality of agricultural production, which has important practical
application value.
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Abbreviations

The following abbreviations are used in this manuscript:

YOLO You Only Look Once
DSConv  Distribution Shifting Convolution

ToU Intersection over Union
AP Average Precision

mAP mean Average Precision
FPS Frames Per Second

FP False Positive

TP True Positive

FN False Negative

TN True Negative
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