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TRD-Net: an ef� cient tomato
ripeness detection network
based on improved YOLO v8
for selective harvesting
Xiangpeng Fan1,2 and Xiujuan Chai1,2*

1Agricultural Information Institute, Chinese Academy of Agricultural Sciences, Beijing, China, 2Key
Laboratory of Agricultural Big Data, Ministry of Agriculture and Rural Affairs, Beijing, China
Fruit recognition and ripeness detection are crucial steps in selective harvesting.
To better address the dif� culties of fruit recognition and ripeness detection
techniques in complex facility environments, a novel lightweight tomato ripeness
detection network model based on an improved YOLO v8s is proposed (called
TRD-Net). Here, a tomato dataset including 3,330 images from real scenarios
was constructed, and an accurate lightweight tomato ripeness detection model
trained on the captured images was developed. The TRD-Net model achieves
ef� cient detection of tomatoes affected by overlapping occlusions, lighting
variations, and capture angles, offering swifter detection speeds and lower
computational demands. Speci� cally, the feature extraction module of YOLO
v8s was refactored by employing spatial and channel reconstruction convolution
(SCRConv) and adding the SimAM attention mechanism. The CIoU loss function
was replaced by the MPDIoU loss function. The performance of the novel TRD-
Net was comprehensively investigated. The proposed TRD-Net achieved an
mAP@0.5 of 0.9581 with an improvement of 4.32 percentage points, and the
model size decreased from 22.5 M to 17.6 M with an inference time of 8.7 ms per
image. The number of model parameters and � oating-point operations per
second (FLOPs) decreased by 19.69% and 22.03%, respectively. Compared with
state-of-the-art models, the proposed TRD-Net is notably promising for real-
time tomato recognition and maturity detection. The study contributes to the
establishment of a machine vision sensing system for a selective harvesting robot
in a complex gardening environment.
KEYWORDS
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1 Introduction

Tomatoes have extremely high nutritional value and unique
edible health effects, and they are the second most consumed
vegetable in the world (Xu et al., 2022). According to FAO
statistics (https://faostat.fao.org), China has become the world’s
largest tomato producer. Harvesting is a vital part of tomato
production, and manual selection harvesting is labor-intensive,
costly, and inef�cient. Labor costs account for 35%–45% of the
total cost of tomato production (Liu et al., 2020). In addition, labor
shortages are severe (Liu et al., 2022) with the development of
urbanization and aging of society. These problems restrict the high-
quality and ef�cient development of the gardening industry (Rong
Q. et al., 2023), which hinders the increasing requirements of
consumers for high-standard tomatoes. Therefore, there is an
urgent need for automated harvesting of tomatoes for
industrialized tomato cultivation (Hou et al., 2021). The
automated detection and assessment of tomato fruit maturity not
only prevents incorrect harvesting and reduces costs (Kumar and
Mohan, 2023; Zheng et al., 2024), but also enhances resource
utilization (Li et al., 2024). The machine vision system of the
tomato harvesting robot plays a crucial role because tomato
detection and ripeness discrimination are prerequisite steps. Thus,
developing a robust fruit visual detection algorithm and realizing
real-time online detection of tomato ripeness are of great
economic signi�cance.

To address these challenges, many researchers have conducted
extensive studies on fruit recognition and ripeness detection in
recent years. In the early days, researchers detected fruits using
conventional image processing (CIP) methods by extracting the
color (Zhao et al., 2016a), shape, and texture features of the fruit
(Gongal et al., 2015). CIP techniques based on manual feature
extraction have limitations, including low accuracy, poor real-time
performance, and poor anti-interference ability in complex
environments (Zhao et al., 2016b). As intelligent algorithms in
the development, deep learning (DL) models have signi�cant
advantages over conventional methods (Wang et al., 2022). With
the rapid development of convolutional neural networks (CNNs) in
DL, the end-to-end detection process and the advantage of
automatic extraction of depth features have reduced many
complex operational steps in CIP methods (LeCun et al., 2015).
Various CNN have been successfully used for fruit target
recognition (Vasconez et al., 2020) and have shown promising
results. The detection performance of CNN usually improves with
an increase in the amount of training sample data (Liu et al., 2020;
Vasconez et al., 2020). The detection algorithms of CNN can be
categorized broadly into two-stage and single-stage detectors
(Diwan et al., 2023). Two-stage detection methods, such as Faster
R-CNN (Gao et al., 2020) and Mask R-CNN (Jia et al., 2020), �rst
enumerate the candidate boxes and then classify the objects. These
methods exhibit high precision with low error rates but require long
runtimes. Single-stage detection methods, including SSD (Yuan
et al., 2020) and YOLO serial models (Lawal, 2021; Wang and
He, 2021), have faster recognition speeds while maintaining the
same level of precision as two-stage models. They are well-suited for
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real-time applications and have enjoyed great popularity for generic
object detection. Koirala et al. established an ef�cient Mango YOLO
model with an F1 value of 0.89 on the test set (Koirala et al., 2019).
Their research proved that a single detector is faster than a two-
stage detector with a similar accuracy. Liu et al. proposed a tomato
detection model using an improved YOLOv3 (Liu et al., 2020). The
total number of images was 966, and the highest precision reached
94.75%. Li et al. established the YOLO v5s-CQE model using the
CARAFE module structure, which increased by 2.4 percentages
compared with the original YOLO v5s (Li et al., 2023). The
limitation was that small or blocked tomatoes may have been
missed in detection, and the strong light spot on the tomato
surface would cause incorrect recognition. Rong et al. also applied
YOLO v5 to identify and localize tomato clusters; however, they
only detected a mixture of all tomato clusters (Rong J. et al., 2023).
Tomato maturity classi�cation is a daunting challenge. To improve
the accuracy and robustness of the ground-planted strawberry
target detection algorithm, Du et al. selected YOLO v7 and
modi�ed it into the DSW-YOLO model with an SA attention
mechanism and DCN-ELAN structure (Du et al., 2023). They
also proposed a multitask YOLO-MCNN based on YOLO v5s to
accomplish the tasks of fruit location, pose detection, and obstacle
semantic segmentation with an inference speed of 19.9 ms (Du
et al., 2024). As the occlusion became heavier, the underdetection
rate increased from 4.8% to 21.8%. These studies indicate that the
extreme environment of fruit growing has a profound in�uence on
the robustness of the detection model. Hou et al. investigated a
tomato cluster detection method using an improved YOLO v7 for
cherry tomatoes (Hou et al., 2023), which indicated that the
attention mechanism module and lightweight convolutional
kernel can focus on critical information (Chen et al., 2024a). Xu
et al. improved Mask R-CNN to analyze the spatial constraints and
size differences of the fruit and stem of cherry tomatoes, and the
class pixel accuracy of fruit segmentation achieved 93.76% (Xu et al.,
2022). However, the large size and weak real-time performance of
the Mask R-CNN model limit its application in mobile embedded
devices. Zhang et al. adopted the YOLOX network model to detect
tomato �owers and fruits, which outperformed the SSD model and
Faster R-CNN models in dealing with the overlapping occlusion
problem (Zhang et al., 2023). The ef�ciency and hardware cost
requirements of visual perception algorithms signi�cantly affect the
overall performance of picking robots (Zhao et al., 2016b; Liu and
Liu, 2023).

These results show that deep learning technology has been
closely integrated with computer vision, and research in the �eld of
fruit ripeness detection has gradually deepened. However, in terms
of fruit detection in gardening environments, tomatoes are clustered
and densely distributed. The natural environment is complex owing
to the large difference in tomato growth form or orientation, serious
collision and overlapping, and change in light intensity. The
accuracy, robustness, and applicability of the prevailing methods
still have problems with missing detection and low con�dence when
detecting distant and occluded targets. However, challenges remain
in the accurate and real-time detection of tomatoes in complex
horticultural environments. In addition, the volume and
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computational complexity of the current deep learning model are
very large networks that perform multiple tasks simultaneously to
reduce computational costs, which is crucial in robotic systems with
long operation times, as arti�cial intelligence is still in its infancy in
the �eld of agriculture. Owing to the performance limitations of
edge equipment in �eldwork, it is dif�cult to ensure the real-time
operation requirements of automatic tomato harvesting when
deploying a model on these devices. Thus, there is still signi�cant
potential for balancing detection speed, accuracy, and model
computational complexity for tomato detection in current
research. Building on the aforementioned context, this study aims
to establish a high-performance visual perception system for
tomato-harvesting robots. Images of tomatoes were captured in a
real scenario for data support. The advanced YOLO v8s model was
selected as the base network architecture, and then it was refactored
by three key improvements, denoted as “TRD-Net.” This study is
expected to provide ef�cient and robust visual perception technical
support for tomato-harvesting robots. The main contributions of
this study are as follows:
Fron
(1) To align with the characteristics of the tomato ripening
period, a medium-sized meticulously crafted tomato image
dataset was constructed for fruit recognition and ripeness
detection, which involved 3,330 tomato images under three
different maturities.

(2) The TRD-Net model was built by introducing the SCRConv
and SimAM modules to YOLO v8s to reduce redundant
calculations and improve the learning effects of the
representative characteristics of tomatoes in complex scenarios.

(3) The MDPIoU loss function was adopted to replace the
CIoU loss function, optimize the network training process,
and enhance positioning accuracy by avoiding distortion or
omission of the detection frame caused by fruit overlap.

(4) In contrast to state-of-the-art (SOTA) models, the
proposed TRD-Net achieved the highest accuracy and
fastest detection speed, achieving the best balance of
tiers in Plant Science 03
accuracy and computation cost for visual guidance during
selective harvesting.
2 Materials and methods

2.1 Image data collection

The medium-sized tomato dataset used in this study was
collected during the tomato ripening period (May and June) in
the smart cultivation garden of the Beijing Agricultural Vocational
and Technical College in the Fangshan District of Beijing. The
shooting process is illustrated in Figure 1A. Considering that the
actual picking task requires �nding ripe tomatoes at long distances
and different angles, a variety of image shooting modes, such as
long-distance, close-range, �at, overhead, and upward shooting,
were designed. According to the natural environmental
characteristics of the facility gardening, tomato images were
captured under different shade levels, such as smooth light,
backlight, and different shade degrees. After manually screening
the different ripeness levels of tomatoes, a dataset containing 3,330
images was constructed. Examples of tomato images are shown in
Figure 1B. From the example images, it can be observed that the
texture color of the unripe tomatoes is very similar to that of the
branches and leaves in the background, and different shooting
angles lead to different surface brightness and occlusion degrees.
The mutual shading of tomatoes and the shading of branches or
leaves greatly affected identi�cation.
2.2 Dataset construction and augmentation

The LabelImg annotation tool was used for the annotation
process of the collected RGB image data. According to the “Industry
Standard for Supply and Marketing Cooperation of the People’s
Republic of China—Tomato GH/T 1193–2021,” the criteria for
FIGURE 1

Image data collection and image samples. (A) Shooting process. (B) Sample images of tomato.
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judging the ripeness of tomatoes can be simpli�ed as unripe tomato,
half-ripe tomato and ripe tomato. Thus, the labels included ripe,
half-ripe, and unripe tomatoes, meeting the requirements of
simultaneously supporting target recognition and maturity
discrimination tasks for selective harvesting. The format of the
saved dataset was PASCAL VOC2017, and the format of the
annotation �le was.xml �le. The surface of unripe tomatoes is
green or white-green. The surface of half-ripe tomatoes is orange-
red, and the red side of the fruit is no more than 40%. The surface of
the ripe tomato fruit had a red color of more than 40%. For
supervised training, the open-source annotation tool LabelImg
was used to manually annotate the captured tomato images, and
the annotation results were saved in the PASCAL VOC format. The
generated *.xml format �les are saved in the pre-set folder. When
the annotation process was completed, the annotation �les were
converted to the YOLO dataset format. After statistics, the number
of ripe tomato instances was 13,922, the number of semi-ripe
tomato instances was 9,473, and the number of unripe tomato
instances was 12,549.

The dataset was then divided into training, validation, and test
sets at a ratio of 7:2:1 for model training and testing. These datasets
will be used for training the model and optimizing the parameters
and will be compared with the predicted results to evaluate the
model performance. To simulate and enhance different growth
scenarios of tomatoes, such as light changes, the Mosaic data
augmentation method was adopted during model training to
improve the practical application effect of the training. Mosaic
data augmentation involves stitching four target images into a new
image according to random proportions and positions. During the
training process, randomly selected image combinations simulated
the diversity of complex scenes in a real scenario while retaining
their respective features, making the detection model more �exible
and adaptable. The results of the mosaic data augmentation are
Frontiers in Plant Science 04
shown in Figure 2. This method can improve the ef�ciency of
network training, reduce memory consumption, and boost
model generalization.
2.3 TRD-Net model for tomato ripeness
detection

2.3.1 YOLO v8 and improvement
YOLO is a real-time object detection framework designed for

fast object detection and classi�cation. It simpli�es the detection
task into a regression problem by converting image pixels directly
into bounding box coordinates and class probabilities. YOLO v8 is a
brand-new SOTA model launched by Ultralytics in January 2023
(Terven and Cordova-Esparza, 2023). It inherits the advantages of
the YOLO series model but adds new features and improvements.
The anchor-free mechanism (Ge et al., 2021) and lightweight
framework (Zeng et al., 2023) of the YOLO serial model reduced
the model operation and CPU load and accelerated the network
inference. Through a comparison of the current YOLO series
algorithms, it was found that the detection speed and accuracy of
the YOLO v8 algorithm are superior to those of other mainstream
object detection algorithms (Reis et al., 2023; Terven and Cordova-
Esparza, 2023). As shown in Figure 3, the whole model of YOLO v8
is mainly divided into four parts: Input, Backbone, Neck and Head.
The Input mainly includes mosaic data enhancement, adaptive
anchor frame calculation, and adaptive grayscale �lling. The
Backbone network includes Conv, C2f, and spatial pyramid
pooling fusion (SPPF) structures. Among them, the C2f module is
the main module for learning the residual characteristics. This
module is connected through multiple branches and cross-layers.
The Neck network adopts a path aggregation network (PAN)
structure, which can strengthen the feature fusion ability of the
FIGURE 2

Mosaic data enhancement effects.
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network for objects with different scales. The Head network
decouples the classi�cation and detection process, mainly
including loss calculation, target detection box, and screening.
YOLO v8 is available in �ve scaled versions: YOLO v8n (nano
version), YOLO v8s (small version), YOLO v8m (medium version),
YOLO v8l (large version), and YOLO v8x (extra-large version),
where the width and depth of the convolution module vary
depending on the speci�c application and hardware requirements.
Although YOLO v8 has a much higher overall performance and
�exibility than YOLO v5, it has a more abundant gradient �ow,
which results in a signi�cant computational overhead while
extracting more features. The visual perception task of picking
robots is usually limited by equipment resources and mobile
devices. Thus, the lightweight and real-time performance of the
model while maintaining high accuracy is our investigation goal.

Considering the relatively fast detection speed and high accuracy,
YOLO v8s was used as the base network, which can be deployed on
low-cost devices such as embedded systems. After determining the
goals of the model, which were lightweight, low-latency, and high
precision, several improvements were made to the YOLO v8s model.
Speci�cally, 1) SCRConv was designed by combining the spatial
reconstruction convolution unit (SRCU) and channel reconstruction
convolution unit (CRCU) to boost the feature representation ef�ciency
and reduce the redundancy of the input feature map. 2) The SimAM
module was introduced to make the model focus more on the key
features of tomatoes in complex environments, which aims to enhance
feature representation and model learning ef�ciency. 3) The MPDIoU
loss function is utilized to replace the original CIoU loss function,
which could solve the distortion of the detection frame caused by fruit
overlap and effectively reduce the problem of missed detection of
tomato fruits. Based on the above improvements, the �nal TRD-Net
model structure was constructed, as shown in Figure 4.
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2.3.2 Spatial and channel reconstruction
convolution module

SCRConv was designed by integrating the SRCU and CRCU to
minimize the spatial and channel redundancy of features. SRCU
uses a separation and reconstruction method to suppress spatial
redundancy, whereas CRCU uses a split-transform-fusion strategy
to reduce channel redundancy. Speci�cally, the SCRConv principle
is to �rst obtain the spatially re�ned feature XW through the SRCU
and then obtain the channel re�nement feature Y through
the CRCU.

The spatial reconstruction convolution unit was constructed
as shown in Figure 5. For the input image features X�RN×C×H×W, it
is group-normalized to obtain the output feature �rst as shown in
Equation 1. Then, parameter g is introduced to measure the spatial
pixel variance change after batch processing, where g�RC.
The correlation weight Wg can be expressed as Equation 2, and
the calculation process for obtaining weight W is shown in
Equation 3.

Xout = GN(X) = g
X � m
�������������
s 2 + e

p + b (1)

Wg = wif g =
gi

oC
j�1gi

, i, j = 1, 2, �, C (2)

W = Gate(Sigmoid(Wg (X)))) (3)

Where N represents the batch axis, C represents the channel,
and H and W are the spatial height and width of the input feature
image, respectively. Here, m and s are the mean and standard
deviation of feature X, respectively, where e is a small normal
number added to ensure that the denominator is not equal to zero. g
FIGURE 3

The YOLO v8s model structure.
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and b are de�ned as the af�ne transformation parameters of
training. The two weighted features XW

1 and XW
2 are obtained by

Multiplying the input feature X and the weights W1 and W2

respectively. Features XW
1 contains rich information, and XW

2 only
has few or almost no valid features. To reduce the model
computational pressure caused by spatial redundancy, a cross-
reconstruction operation is performed to generate information
with rich features and remove redundant information. The cross-
refactoring process can be represented as Equation 4:
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XW
1 = W1 � X,

XW
2 = W2 � X,

Xw
11 � Xw

22 = Xw1

Xw
21 � Xw

22 = Xw2

Xw1 � Xw2 = Xw

8
>>>>>>>><

>>>>>>>>:

(4)

After the spatial reconstruction operation of the intermediate
input feature X, the important information features can be
FIGURE 4

The TRD-Net model structure.
FIGURE 5

The architecture of SRCU.
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