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Abstract: Accurately identifying cherry-tomato picking points and obtaining their coordinate lo-
cations is critical to the success of cherry-tomato picking robots. However, previous methods for
semantic segmentation alone or combining object detection with traditional image processing have
struggled to accurately determine the cherry-tomato picking point due to challenges such as leaves as
well as targets that are too small. In this study, we propose a YOLOv8n-DDA-SAM model that adds a
semantic segmentation branch to target detection to achieve the desired detection and compute the
picking point. To be specific, YOLOv8n is used as the initial model, and a dynamic snake convolu-
tional layer (DySnakeConv) that is more suitable for the detection of the stems of cherry-tomato is
used in neck of the model. In addition, the dynamic large convolutional kernel attention mechanism
adopted in backbone and the use of ADown convolution resulted in a better fusion of the stem fea-
tures with the neck features and a certain decrease in the number of model parameters without loss
of accuracy. Combined with semantic branch SAM, the mask of picking points is effectively obtained
and then the accurate picking point is obtained by simple shape-centering calculation. As suggested
by the experimental results, the proposed YOLOv8n-DDA-SAM model is significantly improved
from previous models not only in detecting stems but also in obtaining stem’s masks. In the mAP@0.5
and F1-score, the YOLOv8n-DDA-SAM achieved 85.90% and 86.13% respectively. Compared with
the original YOLOv8n, YOLOv7, RT-DETR-l and YOLOv9c, the mAP@0.5 has improved by 24.7%,
21.85%, 19.76%, 15.99% respectively. F1-score has increased by 16.34%, 12.11%, 10.09%, 8.07% respec-
tively, and the number of parameters is only 6.37M. In the semantic segmentation branch, not only
does it not need to produce relevant datasets, but also improved its mIOU by 11.43%, 6.94%, 5.53%,
4.22% and mAP@0.5 by 12.33%, 7.49%, 6.4%, 5.99% compared to Deeplabv3+, Mask2former, DDRNet
and SAN respectively. In summary, the model can well satisfy the requirements of high-precision
detection and provides a strategy for the detection system of the cherry-tomato.

Keywords: cherry-tomato; cutting point; DSConv; SAM; DLKA; YOLOv8n

1. Introduction

Cherry-tomato, is a fruit and vegetable with a fresh taste and rich nutrition [1,2]. As a
very important fruit food, cherry-tomato is one of the main vegetables for people in most
parts of the world, and China is the largest producer and consumer of cherry-tomato in
the world [3]. From the process of planting and ripening to harvesting and transportation
for delivery, the link that most affects the development of the huckleberry industry is the
harvesting link [4]. Cherry-tomato harvesting is a labor-intensive task, mainly relying on
manual picking and transportation, due to the small size of the fruit, usually only 1–2 cm,
the distribution of the fruit in bunches, and the thin skin of the fruit, so the picking efficiency
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is low, the breakage rate is high, and the labor cost is high, which restricts the development
of the cherry-tomato industry [5,6]. To realize machine harvesting, the most critical link
is the identification and localization of the point of cutting of cherry-tomato, and only by
obtaining the location of the point of picking of cherry-tomato can subsequent steps such
as automatic harvesting be realized.

With the development of artificial intelligence technology, fruit identification and
localization techniques have become more and more increasingly important in the fruit
harvesting process. Traditional image detection methods have been the main method
for early detection of fruits [7]. Khoshroo et al. [8] developed an algorithm based on
image processing techniques for detecting red cherry-tomato on plants in a greenhouse
and guiding a robot to pick ripe red cherry-tomato. The image background is removed
by subtractive operations (R-G and R-B) and then the noise is eliminated using the open
operation algorithm to ensure that only the front facing cherry-tomato are selected and
the red cherry-tomato are detected using the watershed algorithm and the region growing
algorithm. However, the extraction of red cherry-tomato from the image was not effective
under insufficient lighting. Furthermore, there may be limitations in the performance of
the algorithm under different environmental conditions. Additionally, failure to separate
overlapping cherry-tomato may affect the detection accuracy. Omidi-Arjenaki et al. [9]
developed a machine vision-based cherry-tomato sorting system that first converts cherry-
tomato images into HSI space (hue, saturation, and luminance), and separates cherry-
tomato from the background by filtering out colors outside the specified HSI range. The
average of the color components is then used as a benchmark for identifying the state of
ripe cherry-tomato in the algorithm, and the shape index of the cherry-tomato is calculated
using the eccentricity, which can be regarded as a measure of the degree of deviation from
circularity of a 2-D object (cross-section). The shape of a cherry-tomato is determined by
its curvature, which categorises the shape as either circular or elliptical. However, the
identification of different types of cherry-tomato or specific defects may require further
optimisation of the algorithm and parameter settings to improve the applicability and
generalisation of the system.

Traditional image processing algorithms possess their own limitations, such as a single
recognition mode, inability to apply to complex environments, and low accuracy. The utili-
sation of machine vision algorithms is becoming increasingly prevalent among researchers
engaged in the recognition and localisation of the cherry-tomato. These algorithms are
capable of simultaneously extracting multiple features, including color, texture, shape, and
so forth, which enables a more comprehensive characterisation of the cherry-tomato and
enhances the accuracy of recognition [10,11]. Furthermore, machine vision algorithms are
able to adapt to varying lighting conditions, angles, and backgrounds, and are capable of
effective recognition even when the fruit is partially obscured or deformed [12–15].

Pavithra et al. [16] proposed a color-based ripeness estimation algorithm utilising the
concept of change in external color at different ripening stages. Furthermore, a novel color
segmentation algorithm based on euclidean distance was developed for extracting the sur-
face of cherry-tomato from the background and leaves. Finally, the extracted features were
fed into a K-nearest neighbour support vector machine-based (SVM) classifier to classify the
ripe fruits into three categories. The use of machine vision techniques enables the rapid and
precise scoring and categorisation of the cherry-tomato. However, the reliability of the sys-
tem may be influenced by external factors, such as light and environmental conditions, and
requires further optimisation and improvement. Liu et al. [17] utilizes histogram gradient
orientation (HOG) descriptors to train support vector machine classifiers while combining
coarse-to-fine scanning methods, false color removal (FCR), and non-maximal suppression
(NMS) for accurate cherry-tomato detection. However, the accuracy of the algorithm for
occluded and overlapped cherry-tomato detection is not satisfactory, particularly when the
occluded region is more than 50%.

Deep learning algorithms represent an advanced technique in the field of machine
vision. They are able to automatically learn complex feature representations from large
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amounts of data without the need for manually designing feature extractors, in contrast
to the above vision algorithms [18–22]. This enables the algorithm to better understand
and recognise patterns and structures in images. Furthermore, deep learning algorithms
demonstrate strong generalisation capabilities and can show good generalisation on un-
seen data, i.e., they can maintain a high recognition accuracy in new scenarios [23–25].
Concurrently, deep learning algorithms are capable of addressing more intricate visual
tasks, such as object recognition in variable lighting conditions, diverse viewing angles,
and complex backgrounds [26–28]. Consequently, the research and application of deep
learning algorithms has seen significant growth in recent years, becoming a key area in
artificial intelligence.

Yuan et al. [29] developed a robust cherry-tomato detection algorithm using deep
learning techniques in a greenhouse scenario using a modified SSD algorithm based on
the Inception V2 network for recognition of cherry-tomato. The capacity to accurately
identify cherry-tomato was markedly enhanced and exhibited greater generalizability than
traditional methodologies. Chen et al. [30] used a dual-path network as a feature extraction
network to extract richer small target features, and used an improved K-means clustering
algorithm to compute the anchor box size. The capacity to accurately identify cherry-
tomato was markedly enhanced and exhibited greater generalizability than conventional
methodologies. Fuentes-Peñailillo et al. [31] presents a novel approach for automating
seedling counts in greenhouse environments using computer vision and AI. By leveraging
a combination of image processing techniques and a SSD MobileNet object detection model,
the system achieves high accuracy in counting seedlings across various crops and tray
types, reducing manual labor and improving efficiency in the horticulture industry. Kim
et al. [32] presents an autonomous harvesting robot system for tomatoes using a deep
learning network called Deep-ToMaToS, which classifies tomato maturity and estimates the
6D poses of fruits and side-stems simultaneously. The system employs a Peck-and-Pull har-
vesting method and achieves an 84.5% success rate in a smart farm environment. However,
the accuracy of the approach remains suboptimal for laterally growing cherry-tomato. The
harvesting method for cherry-tomato, which are soft fruit and fruit bunches with longer
fruit, differs from that of similar fruits such as apples. Accurate judgement of the location of
the picking is essential to ensure that the automated equipment can separate the fruit and
fruit branches [33–35]. Nowadays, the hottest deep learning algorithms in the field of target
detection and recognition are the YOLO series, which started from the initial YOLOv1,
YOLOv2 to today’s YOLOv8, etc. The algorithms of the YOLO series are constantly evolv-
ing and improving, and the detection accuracy and speed of the models are constantly
increasing, which is making a big splash in various visual recognition applications. In [36],
a new method for detecting small target tomatoes in a large tomato production field is pre-
sented. Traditional fruit detection methods have low robustness and are time consuming,
so deep learning techniques are used to improve the accuracy and robustness of detection.
The authors proposed an improved YOLOv8 network called RSR-YOLO, which uses partial
swarm convolution and an innovative FasterNet module for better feature extraction.The
Gather and Distribute mechanism is combined with a redesigned feature fusion to extract
and fuse different levels of tomato features. In addition, Repulsion Loss is used to check the
effect of fruit overlap and leaf occlusion on the detection results. RSR-YOLO achieves high
precision in recall, F1 score and average precision, which outperforms the original YOLOv8
network. In [37], the YOLOv8 deep learning model was used to optimise tomato plant
phenotype detection, a novel data balancing method was proposed, and a Squeeze-and-
Excitation (SE) attention module was integrated into the YOLOv8 architecture to improve
the detection performance. The results show that the data balancing approach significantly
improves model performance, especially when pre-training weights are balanced on the
data. Yan et al. [38] proposed a Si-YOLO-based deep learning algorithm for identifying
and locating cherry-tomato picking points in unstructured environments. The method
enhances the dataset by combining a target detection algorithm and an attention mech-
anism, and uses both GAN and traditional image data enhancement methods to locate
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the picking points of cherry-tomato more accurately and to improve the generalisation
of the model. However, there is still room for improvement in the precision and recall
of the model, and further research is still needed on how to fuse the depth information
and color features of the image to obtain accurate coordinates of the picking point. Yang
et al. [39] improved YOLOv8s to achieve a 2% increase in accuracy and a 28% decrease in
the number of parameters to meet the requirements of a maidenhair fruit picking robot.
Zhang et al. [40] proposed a multi-class detection method using an improved YOLOv4-
Tiny model to categorize cherry-tomato images into four classes based on the occlusion of
cherry-tomato, and finally achieved a high average accuracy.

In addition, although many scholars have used YOLO, an efficient target detection
algorithm, to identify and localize the picking point of cherry-tomato, the accuracy of small
target object detection is still lacking due to the defects of YOLO itself, so many scholars
have proposed to obtain the localization of the cherry-tomato by instance segmentation.
In [41], a method for detecting and segmenting ripe green tomatoes using Mask R-CNN
networks and automatic image acquisition via a mobile robot in a greenhouse environ-
ment. The authors compared their method with previous studies using traditional machine
learning techniques and deep learning convolutional neural networks for fruit detection
and yield estimation, and the proposed method possessed higher accuracy. Fawzia Rahim
et al. [42] describes the use of deep instance segmentation, data synthesis and color analysis
to accurately identify and count tomatoes at different growth stages. By training a Mask
R-CNN neural network using a synthetic dataset, the researchers were able to efficiently seg-
ment tomato instances in an image and determine their growth stages through color-based
thresholding. The synthetic data generation preserved the physical structure of the objects
and provided realistic growing scenarios for training the model. The method demonstrated
high accuracy in tomato segmentation and counting with an average precision of 92.1%
and a recall of 91.4%. However, the performance of the Mask R-CNN network used by
the authors on the real dataset was slightly degraded compared to the synthetic dataset,
indicating that there are still some challenges in real agricultural environments. In addition,
the research on the effects of factors such as illumination and angle is relatively lacking,
and there is not enough detailed discussion on how to deal with overlapping and occlusion,
as well as strategies for dealing with anomalies. Yoshida et al. [43] presents a method for
detecting tomato peduncles using 3D point clouds, enabling harvesting robots to identify
the optimal cutting points for tomato harvesting. The proposed approach utilizes voxeliza-
tion, classification, clustering, maturity estimation, and an energy function to accurately
identify peduncles and determine cutting points, even for short peduncles.

In order to solve the above problems, we proposed a network model YOLOv8n-
DDA-SAM to accurately obtain the cutting points of the cherry-tomato in this research.
Taking the YOLOv8n model as a benchmark, our method introduced appropriate dynamic
snake convolution and large kernel convolutional attention mechanism with specific data
enhancement for the features of the stem of the cherry-tomato. A semantic segmentation
branch is added to obtain the stem mask more accurately for the accuracy and simplicity
of the subsequent localisation information computation. This branch not only saves the
trouble of creating datasets, but also achieves excellent performance in segmenting the
information of stem. The contributions of this study are summarized as follows:

• The YOLOv8n-DDA-SAM model is proposed based on the introduction of a large
model branch SAM, which can accurately obtain the semantically segmented image of
the cherry-tomato stem part and accurately compute it with the cutting point.

• DySnakeConv, which is sensitive to elongated topology, is introduced based on the
original YOLOv8n, which greatly improving the accuracy of cherry-tomato
stem detection.

• In order to better fuse the features obtained from the main stem at the neck, DLKA,
a deformable large kernel attention mechanism, is introduced, which plays a crucial
role in the detection of the stems of the cherry-tomato.
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• The introduced branch not only avoids the creation of semantic segmentation datasets
but also significantly improves the accuracy of semantic segmentation.

2. Materials and Methods
2.1. Dataset
2.1.1. Data Acquisition

The image dataset of the cherry-tomato used in this study was collected from the
Litchi Culture Expo Park, Conghua District, Guangzhou City, Guangdong Province, China
(Longitude 23◦59′ E, Latitude 113◦62′ N). The greenhouse of this cherry-tomato greenhouse
adopts a standardized planting mode and management mode. The images used were taken
on 25 April 2024 from 1–3 p.m. The equipment used for the acquisition was a cell phone
(with a 64 megapixel rear camera using 720 p resolution) and the shooting distance was
about 10–60 cm. We collected 2000 original images of cherry-tomato with a resolution of
640 × 480 pixels and saved them in “.jpg” format. In order to increase the diversity of the
model training samples and reduce the risk of model overfitting, this dataset consists of
images taken from different angles, growth positions and different occlusion situations.
Figure 1 illustrates the different situations captured, including (a) single cluster; (b) multiple
clusters; (c) occlusion, where the stem is mainly lightly shaded by leaves; and (d) overlap.
The acquired images were subjected to data screening in order to remove poor quality
images such as transition exposures, blurring, and heavily occluded images. A final set of
1624 initial images was produced.

Figure 1. The main environments of cherry-tomato greenhouse, including: (a) Single cluster.
(b) Multiple clusters. (c) Cover. (d) Overlap.

2.1.2. Data Augmentation

In order to be able to improve the robustness of the model to some extent, this
research adopts data augmentation for the original images. The diversity of the data
can help the model to improve its robustness and generalization [44]. In this research,
we use a variety of data enhancement methods, including horizontal flipping, panning,
luminance adjustment, notching, noise addition, and barrel distortion. We randomly
selected 600 images for random enhancement. Each enhancement is a random combination
of the above methods and each method has a probability of 10%. As a result, 600 new
samples were generated, expanding the total number of samples in the cherry-tomato
dataset to 2224. As demonstrated in Figure 2, for the various data enhancement methods in
a randomized combination of strategies presented in the cherry-tomato dataset.

2.1.3. Dataset Details

In this research, we use LabelImg software (https://github.com/HumanSignal/
labelImg, acceesed on 20 June 2024) to label 2224 images and generate corresponding
“.txt” documents, including classification information and coordinate information. There
is only one class of objects, namely the stems of the cherry-tomato (labelled stem). The
situation after augmenting the dataset is shown in Table 1. The dataset is divided into
a training set, validation set and a test set, whose numbers are 1556, 445 and 223 sheets
respectively, according to the ratio of 7:2:1. For semantic segmentation, LabelImg software
is also used for the dataset to generate the corresponding masked images.

https://github.com/HumanSignal/labelImg
https://github.com/HumanSignal/labelImg
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Figure 2. Effect of using different data augmentation methods on cherry-tomato images. (a) Original
image. (b) Flip and noise-addition. (c) Shift and brightness darkening. (d) Cutout. (e) Shift. (f) Flip
and cutout. (g) Shift, brightness darkening and cutout. (h) Flip, shift, brightness darkening and
cutout. (i) Barrel distortion.

Table 1. Details dataset for the classification information of the training samples. The “stems”
represent the cut points.

Number of Images Number of the Picking Point (Stems)

Train 1556 6176
Validation 445 2173

Test 223 1286

2.2. Methodology
2.2.1. System Overview

We have established a system framework for accurately sensing the cutting point
of the cherry-tomato based on the proposed YOLOv8n-DDA-SAM model. As shown
in Figure 3, the framework can be regarded as two parts: the visual perception module
YOLOv8n-DDA-SAM and the post-detection processing module. The visual perception
module can acquire the prompt of a specific object (the stem of cherry-tomato) and obtain
the corresponding mask for the post-processing module to obtain the accurate spatial
location of the cherry-tomato cutting point.
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Figure 3. Framework of the proposed accurate cutting point detection.

2.2.2. YOLOv8n-DDA-SAM Algorithm Model

In our study, cherry-tomato stems are taken as the object, and the YOLOv8n-DDA-
SAM network is proposed to address the characteristics of cherry-tomato stems that are
slender and not easy to be detected, the difficulty of making semantic segmentation datasets,
and the poor effect of semantic segmentation. To ensure that the model has a good per-
formance, the YOLOv8n is chosen as the baseline network in this work. YOLOv8n, an
anchorless frame model proposed by Jocher et al. [45] in 2023, is a lightweight parametric
structure known for its fast detection speed and high accuracy [46,47]. However, the detec-
tion accuracy is not as expected for the elongated and relatively small size of the stem of the
cherry-tomato. Therefore, the dynamic snake convolution was incorporated into the neck
to form Bottleneck_DySnakeConv and eventually C2f_DSConv, making the network more
focused on the slender and continuous features of the tubular structure. At the same time,
deformable large kernel convolution (DLKA) was introduced in backbone in order to focus
more on small targets, extend the sensory field and improve the adaptability of the model
to target shape and size. Finally, we introduce the downsampling operation ADown [48] in
backbone, which not only improves the detection accuracy, but also reduces the number of
parameters by hundreds of thousands. As shown in Figure 4, the YOLOv8n-DDA-SAM
model proposed in this research is demonstrated.

Figure 4. Overall structure of YOLOv8n-DDA-SAM. The CBS module consists of a 2D Convolution,
a 2D BatchNorm and an SiLU activation function. ADown is a downsampling module. DLKA
represents the variable large kernel attention mechanism.
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2.2.3. Deformable Large Kernel Attention Mechanism

The Deformable Large Kernel Attention module (DLKA) is a streamlined attention
mechanism that employs a large convolutional kernel to fully understand the volumetric
context [49], and can flexibly distort the sampling grid, enabling the model to appro-
priately use different data patterns, as shown in Figure 5. It specializes in capturing
far-reaching context and global context information. It combines a large convolutional
kernel with deformable convolution by employing a large convolutional kernel to model a
self-attention-like feeling field while avoiding the high computational cost of traditional
self-attention mechanisms.

The large convolution kernel is a mechanism for capturing rich contextual information
in images [50]. It imitates the sensory field of the self-attention mechanism. The large
convolution kernel can be constructed efficiently by using depth-separable convolution
(DW Conv) and depth-separable convolution with dilation (DW-D Conv). This allows the
network to learn features within a large receptive field, while reducing the number of pa-
rameters to decrease the computational complexity. On this basis, deformable convolution
is also introduced, which allows the sampling position to be adaptively adjusted according
to different target scales, thus capturing features more accurately on objects of different
scales [51].

Figure 5. Architecture of the DLKA module. Deform-DW denotes depth divisible convolution and
Deform-DW-D denotes depth divisible convolution with dilation.

2.2.4. Dynamic Snake Convolution

DySnakeConv [52] was first proposed in 2023, which is mainly applied to the segmen-
tation and recognition of elongated blood vessels in the medical field; for the adaptability
of non-rigid object shapes, deformable convolution kernels have higher feature extraction
ability and better adaptability than traditional convolution kernels. In this research, for the
research object of cherry-tomato, it’s stem and blood vessels have similar characteristics
both functionally and structurally, in function blood vessels and fruit stem are used to
transport various substances; in structure blood vessels and fruit peduncle have the role
of supporting structure. Therefore, we have added DySnakeConv to the deep learning
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network for recognizing and predicting cherry-tomato in this research to extract the local
features of cherry-tomato stems.

For the flexibility of the convolutional kernel to learn the complex geometric features
of the target, DySnakeConv borrows the idea of DCN to introduce constrained offsets as
learning parameters to let the model adaptively choose the appropriate feature extraction
location for each target to be processed, so that it is not be detached from the detection area
due to large deformation offsets. The structure of the specific DySnakeConv convolutional
kernel is shown in Figure 6.

Figure 6. Structure of the Dynamic Serpentine Convolution. Top: The DSConv learns deformations
based on the input feature mappings, and adaptively focuses on local features of slender bends.
Bottom: The receptive field of the DSConv.

The setup of a typical two-dimensional 3 × 3 convolution kernel K can be extended by
Equation (1), where the centroid coordinates are Ki = (xi, yi) and the expansion coefficient
is 1.

K = {(x − 1, y − 1), (x − 1, y), ..., (x + 1, y + 1)} (1)

The standard convolution kernel x and y directions are elongated by
Equations (2) and (3), thus realizing a form of deformed convolution.
In x-direction:

Ki±c =

(xi+c, yi+c) =
(

xi + c, yi + ∑i+c
i ∆y

)
(xi−c, yi−c) =

(
xi − c, yi + ∑i

i−c ∆y
) (2)

In y-direction:

Kj±c =

(xi+c, yi+c) =
(

xj + ∑
j+c
j ∆x, yi + c

)
(xi−c, yi−c) =

(
xj − ∑

j
j−c ∆x, yi − c

) (3)

where c denotes the range 0, 1, 2, 3, 4, representing the distance from the horizontal or
vertical position away from the center position of the convolution kernel; ∆ denotes the
offset each mesh selected position is a cumulative process. Compared to Ki, K(i+1) increases
the offset ∆ = {β | β ϵ (−1, 1)}, and the offset summation ensures a linear morphological
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structure of the convolution kernel. Since the offsets may be fractional, the convolution
kernel is fitted by bilinear interpolation, implemented as follows.

K = ∑
K′

B(K′, K) · K′

B(K′, K) = b(Kx, K′
x) · b(Ky, K′

y)
(4)

where K is the fractional order position of Equations (2) and (3), K′ enumerates all integral space
positions, and B is a bilinear interpolation kernel divided into two one-dimensional kernels.

The shape of the convolutional kernel is modified by deep learning of its offsets
to make it more suitable for slender tubular structures, leading to better perception of
key features of the fruit stem. It was introduced into YOLOv8n as a convolutional layer
responsible for capturing deeper features and able to adaptively focus on the features of
slender and curved structures. Finally, a new C2f layer is formed, called C2f_DSConv in
this research, as shown in Figure 7.

Figure 7. Structure of C2f_DSConv. (Left) C2f_DSConv. (Right) Bottleneck_DySnakeConv.

2.3. Segment Branch SAM

The SAM big model was released by Meta’s FAIR lab in 2023, and has received much
attention in various fields since its release [53]. The SAM big model belongs to the basic
model, which has been trained on millions of images and more than one billion mask
(SA-1B) datasets in the early stage, and can be generalized to segment all common objects,
focusing on the fast completion of the segmentation task. As shown in Figure 8, the
structure of SAM has three components, namely: image encoder, prompt decoder, mask
decoder, each of which has its own role, in which the image encoder is to map the image
to be segmented into the image feature space; the prompt encoder maps the user input
prompts into the feature space of the prompts; and the mask encoder is responsible for
integrating the image encoder and the prompt encoder into the feature map and finally
decoding the masks. SAM is pre-trained through a large amount of data, fusion and
then use the model to label the dataset, so that the iterative cycle of pattern training can
make the model has a strong generalization performance, but because SAM belongs to
the pre-training AI model, so the model will not be targeted at intelligent segmentation
of the cherry-tomato stem, so this research for the research object of cherry-tomato stem,
target detection network prediction layer information into the SAM model prompt as a hint
information to let SAM complete the segmentation for the cherry-tomato stem information.
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Figure 8. Structure of SAM.

2.4. Acquire Cutting Points Based on Accurate Semantic Segmentation

In the case of the stem of the cherry-tomato, its shape is not ideally strictly perpen-
dicular to the ground. Due to the nature of the growing environment and the influence of
variable factors such as light, temperature, and water, the stem of cherry-tomato may show
a certain degree of curvature. Therefore, in this subsection, the shape center of the stem
is calculated based on the stem mask as the cutting point, which effectively improves the
accuracy of the cutting point.

The shape center is a geometric concept that refers to the center of mass or the center
of a planar image; for a planar figure, the shape center is the average position of all points
within the figure. In the previous process, a high-quality mask of the fruit stem is obtained,
which provides a reliable basis for obtaining the optimal cutting point later. The area of the
stalk mask is calculated using Opencv technology, and the following formula is used to
obtain the position of the center of the shape:

Xc =
∑n

i−1 xi

n
(5)

Yc =
∑n

i−1 yi

n
(6)

The coordinates of the shaped center are (Xc, Yc), n is the number of points on the
contour, and (Xi, Yi) are the coordinates on the contour of the stem. The shape center of the
stem is obtained using its position as the cutting point as shown in Figure 9.

2.5. Evaluation Metrics

In order to evaluate the performance of the model, metrics such as precision (P), recall
(R), and mean accuracy (mAP@0.5) are used in target detection, and mean intersection
and merger ratio (mIOU) is also used in semantic segmentation. The above metrics are
calculated as follows:

P =
TP

TP + FP
(7)

R =
TP

TP + FN
(8)
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AP =
∫ 1

0
P(R)dR (9)

mAP =
∑n

i=1 APi

n
(10)

mIOU =
1

k + 1

k

∑
i=0

pii

∑k
i=0 pij + ∑k

i=0 pji − pii
(11)

where, TP is the number of positive samples predicted as positive categories, FP is the
number of negative samples predicted as positive categories, FN is the number of positive
samples predicted as negative categories, AP is the area under the PR curve, and mAP@0.5
is the average of the AP of each category. n denotes the number of categories detected
by the object. In semantic segmentation metrics, mIOU is the average of the ratio of the
intersection and concatenation ratio of all categories computed. pii is the prediction of i as i
that is true. pij is the prediction of i as j that is false-negative. pji is the prediction of j as i
that is false-positive. In this research, k = n = 1.

Figure 9. Calculation of cutting points for clusters of multiple bunches of cherry-tomato. The red
areas are masks for semantic segmentation, and the small green boxes are computed picking points.

2.6. Training Parameters and Experimental Environment

The experimental setup in this research is based on the deep learning framework
PyTorch, with the version of 1.12.1+cu116, Python3.8, and was conducted on a Windows
10 operating system. The processor used was Intel(R) Core(TM) i7-10700 CPU@2.90 GHz,
with 32 GB of memory. The graphics card model was NVIDIA GeForce RTX 3090Ti and
CUDA 11.6 and CUDNN 8.6.0 were used to accelerate GPU computation. The specific
configuration is organized in Table 2. The training parameters used in the experiments are
detailed in Table 3.
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Table 2. Experimental environment settings.

Parameter Configuration

Operating system Windows 10
Deep learning framework Torch1.12.1+cu116
Programming language Python3.8

GPU NVIDIA GeForce RTX 3090Ti
CPU Intel(R) Core(TM) i7-10700 @2.90 GHz

Table 3. The parameters in the training process.

Parameter Configuration

Epoch 200
Initial learning rate 0.01

Batch size 16
momentum 0.98 (YOLOv7 and YOLOv9c)/0.937 (others)

Weight decay 0.0005

3. Results
3.1. Comparison of Reception Fields and the Heat Map

In this subsection we will investigate whether the DKLA attention mechanism has
an effect on expanding the receptive field in the model, and whether the dynamic snake
convolution enables the model to pay more attention to the elongated stem part of the
cherry-tomato. As shown in Figure 10, the receptive fields and heat maps before and after
the improvement are demonstrated.

Figure 10. Receptive fields and heat maps before and after model improvement. (a) Receptive
field region before improvement. (b) Receptive field region after introduction of DLKA attention
mechanism. (c) Heat map before improvement (without more focus on stem area). (d) Heat map after
introduction of dynamic snake convolution (with more focus on peduncle area). The colors in (c,d)
represent the model paying more attention to this region, with redder representing more attention.

We can clearly see that the model receptive field is indeed improved after the introduc-
tion of the DKLA attention mechanism, according to [54], we datamined the receptive field
as shown in Table 4. The smoother the distribution of high contribution pixels after intro-
ducing it. From the heat map analysis, it can be seen that the dynamic snake convolution
makes the model pay more attention to the information of the slender fruit stems, focuses
the attention on the effective region, and accurately extracts the feature information so that
it can improve the detection efficiency of the model to a certain extent.
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Table 4. Quantitative analysis of receptive fields. Higher ratios indicate larger receptive fields.

t = 20% t = 30% t = 50% t = 99%

YOLOv8n 3.01% 4.99% 10.26% 63.25%
YOLOv8n-DLKA 3.94% 6.33% 13.48% 95.98%

3.2. Experiments Were Conducted to Evaluate the Performance of YOLOv8n-DDA-SAM

To illustrate the detection and semantic segmentation performance of the YOLOv8n-
DDA-SAM model, we perform a series of comparative experiments in this subsection.

3.2.1. Object Detection Branch

In the target detection branch, we compare several mainstream neural network models,
such as the original YOLOv8n, YOLOv7, RT-DETR-l, and YOLOv9c, and finally we will
compare their performance on metrics such as Precision, Recall, mAP@0.5, and F1-score.
The results are shown in Table 5.

Table 5. Comparison of different detection algorithms.

Model Precision Recall mAP@0.5 F1-Score Processing Time
per Photo (ms) Param (M)

YOLOv7 76.30% 63.92% 61.43% 69.56% 36.0 37.20
YOLOv8n 80.43% 68.17% 64.28% 73.79% 20.00 3.01
RT-DETR-l 82.42% 70.18% 66.37% 75.81% 44.0 31.99
YOLOv9c 84.09% 72.43% 70.14% 77.83% 51.5 50.70

YOLOv8n-DDA 90.64% 81.64% 86.13% 85.90% 35.17 6.37

As shown in Table 5, the YOLOv8n-DDA-SAM proposed in this research demonstrates
its excellent performance in the target detection when compared to several more mainstream
network models. In terms of accuracy, YOLOv8n-DDA improves by 14.34%, 10.21%, 8.22%,
and 6.55%, respectively. Compared to YOLOv7, YOLOv8n, RT-DETR-l, and YOLOv9c network
models. In terms of checking completeness, it was improved by 17.72%, 13.47%, 11.46%, and
9.21%, respectively. In terms of average precision, it improved by 24.7%, 21.85%, 19.76, and
15.99%, respectively. In terms of F1 score, there is an improvement of 16.34%, 12.11%, 10.09%,
and 8.07%, respectively. As shown in Figure 11, this research also gives the results of the
experiment with 200 epochs of training, including the mAP@0.5, inference time and F1-score
metrics. As shown in Figure 12, the results of YOLOv7, YOLOv8n, RT-DETR-l, YOLOv9c,
and YOLOv8n-DDA-SAM models for the same image are demonstrated.

Figure 11. F1-score, mAP@0.5 and inference time achieved by five models YOLOv7, YOLOv8n,
RT-DETR-l, YOLOv9c, and YOLOv8n-DDA-SAM model after 200 epochs training. (a) mAP@0.5 and
inference time graph. (b) F1-score graph.



Agriculture 2024, 14, 1011 15 of 20

Figure 12. Results of YOLOv7, YOLOv8n, RT-DETR-l, YOLOv9c, and YOLOv8n-DDA-SAM models
for the same image. (a) Ground truth. (b) YOLOv7. (c) YOLOv8n. (d) RT-DETR-l. (e) YOLOv9c.
(f) YOLOv8n-DDA-SAM.

3.2.2. Semantic Segmentation Branch

Similarly, in the semantic segmentation branch, the performance of the mainstream
algorithms Deeplabv3+, Mask2former, DDRNet, SAN in terms of P, R, mAP@0.5, and
mIOU metrics were compared. The results are presented in Table 6.

Table 6. Comparison of different segmentation algorithms.

Model Precision Recall mAP@0.5 mIOU Process per
Photo (s)

Deeplabv3+ 72.72% 61.65% 80.79% 74.92% 3.89
Mask2former 76.41% 71.34% 85.63% 79.41% 3.25

DDRNet 77.82% 73.11% 86.72% 80.82% 3.26
SAN 80.14% 75.37% 87.13% 82.13% 3.84
Ours 89.95% 86.30% 93.12% 86.35% 5.68

As shown in Table 6, the YOLOv8n-DDA-SAM proposed in this research demon-
strates its excellent performance in the semantic segmentation branch comparing several
more mainstream network models. In terms of accuracy, compared with Deeplabv3+,
Mask2former, DDRNet and SAN network models, it is improved by 17.23%, 13.54%, 12.13%
and 9.81% respectively. In terms of checking completeness, it is improved by 24.65%,
14.96%, 13.19% and 10.93% respectively. In average accuracy, it improved by 12.33%, 7.49%,
6.4% and 5.99% respectively. In mIOU, it was improved by 11.43%, 6.94%, 5.53% and
4.22% respectively. On processing each image, our semantic segmentation branches SAM,
Deeplabv3+, Mask2former, DDRNet and SAN are 5.68s, 3.89s, 3.25s, 3.26s and 3.84s re-
spectively. On this basis, we demonstrate its semantic segmentation effect on the stems of
cherry-tomato, as shown in Figure 13.
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Figure 13. Demonstration of the effect of Deeplabv3+, Mask2former, and SAM on semantic seg-
mentation. (a) Ground truth. (b) SAM. (c) Deeplabv3+. (d) Mask2fomer. (e) DDRNet. (f) SAN.

3.3. Ablation Experiments with YOLOv8n-DDA

To verify the effect of DLKA, DSConv, and Adown introduced in this research on
the model, the ablation test is performed by incremental setting for the standard original
YOLO. The effects are shown in Table 7.

Table 7. Ablation Study on DSConv, DLKA and ADown in YOLOv8n-DDA. Values represent the
percentage (%) of Precision, Recall, mAP@0.5, F1-Score and Param. YOLOv8D represents YOLOv8n
after the introduction of dynamic snake convolution, sequentially postfixed as DD’s represent the
former introducing the large kernel convolutional attention mechanism (DLKA).

Model Abbreviation Precision R mAP@0.5 F1-Score Param (M)

YOLOv8n 80.43% 68.17% 64.28% 73.79% 3.01
YOLOv8n-D 85.27% 72.19% 67.13% 78.19% 3.34

YOLOv8n-DD 88.51% 77.93% 71.62% 82.88% 6.65
YOLOv8n-DDA 90.64% 81.64% 86.13% 85.90% 6.37

From the above table, it can be seen that based on the YOLOv8n algorithm in which
dynamic serpentine convolution is introduced into the neck to form C2f_DSConv, and
the algorithm YOLOv8n-D is formed, compared with the initial YOLOv8n, the detection
of cherry-tomato stems improves by 4.84%, 4.02%, 2.85%, and 4.4% in the precision rate,
recall rate, average precision, and F1-score, respectively. This proves that the use of
dynamic serpentine convolution, which is sensitive to the elongated tubular topology,
instead of the convolutional layer of the model’s high-level feature extraction can more
accurately detect the stems of cherry-tomato. We also introduce the deformable large
kernel convolutional attention mechanism, which enables the model to perform feature
extraction with a larger sense field, and the experiments show that the introduction of this
mechanism can again improve the performance of the model, compared with YOLOv8n-D,
YOLOv8n-DD improves the precision, recall, average precision, and F1-score by 3.24%,
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5.74%, 4.49% and 4.69%, respectively. However, it can be clearly seen that the number
of parameters has doubled compared to the initial YOLOv8n, for which we introduced a
more efficient downsampling operation ADown, and finally formed the YOLOv8n-DDA
detection model branch, and its precision, recall, mAP@0.5, and F1-score reached 90.64%,
81.64%, 86.13%, and 85.90%. And the number of parameters is also reduced by 280,000
compared to YOLOv8n-DD. In summary, the performance of the YOLOv8n-DDA target
detection branch has been very obvious. As shown in Figure 14, the F1-score plot in the
ablation experiment is shown.

Figure 14. F1-score performance curve of YOLOv8n-DDA for each improvement point in the model.

4. Discussion

In this research, for the problems such as the slender and small volume of the stem
of the cherry-tomato, we introduce a large kernel convolutional attention mechanism
and dynamic snake convolution with a lightweight downsampling operation ADown. In
addition, we add a semantic segmentation branch on the YOLOv8n base network, fuse
the target detection branch, and finally form the network model YOLOv8n-DDA-SAM
network model. It is shown that our proposed YOLOv8n-DDA-SAM model can effectively
detect and segment the stems of cherry-tomato, and obtain the localization information
with simple shape centers under the premise of accuracy. This lays a solid foundation for
subsequently guiding the picking robot to perform picking maneuvers.

In order to verify the performance of the target detection branch, we compare it with
YOLOv7, YOLOv8n, RT-DETR-l, and YOLOv9c deep learning networks for target detection,
and the experimental results show that the model achieves a balance between precision
and speed with a significant improvement in detection precision and recall. In this, we
also compare the semantic segmentation branch with several mainstream networks, and in
terms of precision, compared with Deeplabv3+, Mask2former, DDRNet and SAN network
models, it improves by 17.23%, 13.54%, 12.13% and 9.81% respectively. In terms of checking
completeness, it is improved by 24.65%, 14.96%, 13.19% and 10.93% respectively. In average
accuracy, it improved by 12.33%, 7.49%, 6.4% and 5.99% respectively. In terms of mIOU, it
has been improved by 11.43%, 6.94%, 5.53% and 4.22% respectively. Most pleasingly, the
branch does not require the production of semantic segmentation dataset.

Despite some significant achievements, it must be recognized that our research has
some limitations. For example, the performance of semantic segmentation is very much
dependent on the effectiveness of target detection, and due to the picking environment,
our method may suffer from problems such as omissions. And our computation of lo-
calization information is also very much dependent on the performance of detection and
segmentation, for example, the recognition and segmentation of a fruit stalk may have
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misdetection, leading to the duplication of picking information and loss of picking time.
Therefore, in future work, the algorithm needs to be further optimized to be more compati-
ble with unstructured environments and to optimize its localization algorithm, especially
in dense environments.

5. Conclusions and Future Work

In this study, we propose a cherry-tomato stem detection method named YOLOv8n-
DDA-SAM, which has a target detection branch and a semantic segmentation branch,
aiming to accurately recognizing the stem of cherry-tomato and their masks and 3D loca-
tions. We employed various data enhancement techniques in the collected images including
horizontal flipping, panning, brightness adjustment, notching, noise addition and barrel
distortion. These enhancement methods contribute to the diversity of the dataset, which
improves the effectiveness of the learning process and the robustness of the model. Com-
pared to the original YOLOv8n, YOLOv7, RT-DETR-l, and YOLOv9c, YOLOv8n-DDA-SAM
improves the average accuracy by 24.7%, 21.85%, 19.76% and 15.99% respectively, and in
terms of the F1 scores, it is even better by 16.34%, 12.11%, 10.09% and 8.07% respectively.
The introduction of DLKA allows the model to perform feature extraction over a larger
receptive field, and the introduction of dynamic snake convolution allows the network to be
more sensitive to the slender stems of the cherry-tomato. The ablation experiments further
emphasize the impact of DLKA and dynamic snake convolution on the model, which
allows YOLOv8n-DDA-SAM to demonstrate its excellent performance on various metrics.
Then on this basis, our semantic segmentation branch also achieves ideal results, compared
with Deeplabv3+, Mask2former, DDRNet and SAN, its mIOU improves by 11.43%, 6.94%,
5.54%, 4.22%, mAP@0.5 improves by 12.33% and 7.49%, 6.4%, 5.99% respectively. For
the semantic segmentation branch, which does not need to produce a dataset and has
excellent segmentation performance, complemented by the simple algorithm of Opencv,
the three-dimensional localization information of the fruit stem of the cherry-tomato is
pretty accurate.

Future work will involve algorithm optimization for inference time and the production
of high quality datasets. More data sets will be collected and more segmentation networks
tested. In addition, robotic arms will be installed on mobile devices suitable for the cherry-
tomato growing environment and corresponding picking experiments conducted in real
orchard environments.
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