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Abstract: Grading tea leaves efficiently in a natural environment is a crucial technological foundation
for the automation of tea-picking robots. In this study, to solve the problems of dense distribution,
limited feature-extraction ability, and false detection in the field of tea grading recognition, an
improved YOLOv8n model for tea grading and counting recognition was proposed. Firstly, the
SPD-Conv module was embedded into the backbone of the network model to enhance the deep
feature-extraction ability of the target. Secondly, the Super-Token Vision Transformer was integrated
to reduce the model’s attention to redundant information, thus improving its perception ability for tea.
Subsequently, the loss function was improved to MPDIoU, which accelerated the convergence speed
and optimized the performance. Finally, a classification-positioning counting function was added to
achieve the purpose of classification counting. The experimental results showed that, compared to
the original model, the precision, recall and average precision improved by 17.6%, 19.3%, and 18.7%,
respectively. The average precision of single bud, one bud with one leaf, and one bud with two leaves
were 88.5%, 89.5% and 89.1%. In this study, the improved model demonstrated strong robustness
and proved suitable for tea grading and edge-picking equipment, laying a solid foundation for the
mechanization of the tea industry.

Keywords: tea grading; counting statistics; Super-Token Vision Transformer; MPDIoU

1. Introduction

Modern agriculture has evolved towards automation and mechanization [1], lead-
ing to an increased demand for intelligent equipment [2]. China is the world’s largest
producer and consumer of tea (https://www.thepaper.cn/newsDetail_forward_26661265,
accessed on 13 March 2024). It has established a modern tea industry system with coordi-
nated development of a tea culture, tea industry, tea technology, and tea ecology. Yunnan
Province, with its rich national tea culture resources and famous mountain ancient tree
resources [3], has maintained a steady and increasing trend in planting area, making tea
its “golden signboard” [4]. Currently, tea harvesting in Yunnan Province relies on manual
labor, resulting in low efficiency and high labor cost [5]. At present, most of the existing
tea-picking machines are hand-held, suitable for small-area tea gardens. However, the
freshly picked are often mixed, making subsequent processing difficult and compromising
the production and processing of high-quality tea. This compromises the integrity and
availability of tea, causing economic losses, to a certain extent [6]. Therefore, developing a
tea grading algorithm that considers both detection accuracy and speed for edge-device
target detection is particularly important.

A traditional target-detection algorithm [7] could only extract shallow features based
on color, texture, etc., and its generalization ability and robustness were poor, limiting their
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application [8]. With the rise of artificial intelligence, object-detection algorithms based on
deep learning [9] have gradually entered the field. These algorithms can achieve automatic
selection and extraction of features, effectively improving the quality and efficiency of
features. At present, the YOLO (You Only Look Once) series with better performance
has been widely used in agriculture. Camacho et al. [10] compared the R-CNN network
and the YOLOv8 model to identify and detect tomatoes with different maturity in the
same data set, and the results showed that the YOLOv8 model had better performance;
Shuang et al. [11] combined deformable convolution, attention mechanism and improved
spatial pyramid pooling into the YOLOv8 model to detect the tea bud target, which
enhanced the ability of the model to learn the invariance of complex targets. The improved
model’s mAP reached 88.27%; Trinh et al. [12] proposed an improved YOLOv8 to improve
the performance of the rice leaf disease detection system, and its accuracy rate was as high
as 89.9%; Li et al. [13] integrated the designed Transformer architecture into the YOLOv7
model, and the improved average recognition precision value for one bud with one leaf of
tea reached 90%.

In summary, in order to effectively solve the problems of dense distribution, limited
feature extraction ability, missed detection, and false detection in the field of tea grading
recognition, based on the YOLOv8n model, this study successfully realized a high precision
and strong robustness for tea grading and the counting detection model. (1) Firstly, the
SPD-Conv module [14] was used to replace the convolution module of the original model’s
backbone network, so as to improve detection performance of the model when the image
resolution was low or the detection object was small. (2) Secondly, the Super-Token
Vision Transformer [15] was introduced to strengthen the model‘s ability to extract key
information in the feature map, thereby further improving its precision. (3) Subsequently,
the CIoU in the loss function was replaced with a more suitable MPDIoU [16] to improve
the regression effect of the detection bounding box and accelerate the model’s convergence
speed. (4) Finally, the improved YOLOv8n added an automatic counting function to enable
the quality grading statistics of tea, providing a new approach for estimating tea yield.
This study proposed a high-precision, lightweight YOLOv8n algorithm, laying a solid
foundation for the further deployment of tea-picking robots.

2. Materials and Methods
2.1. Data Collection

In this study, tea grading was divided into three categories: single bud, one bud with
one leaf, and one bud with two leaves. The image data were collected from Hekai Base of
Yuecheng Technology Co., Ltd., located in Menghai County, Xishuangbanna Prefecture,
Yunnan Province. The specific location is shown in Figure 1.
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During the image capture process, the photographers simulated the positioning rela-
tionship between the tea-picking robot and the tea tree. The distance between them was
set to be 55–85 cm, with the camera positioned 20–30 cm from the tender shoots of the
tea tree, and approximately 120 cm above the ground. The SONY-α6400 camera (Origin,
Saitama, Japan) was used to collect data from multiple angles. During the image acquisition
stage, data were collected under different lighting conditions, at various times of the day,
and in different weather conditions. This ensured the richness and comprehensiveness
of the dataset, provided a more realistic tea garden environment for model training, and
contributed to improving the robustness of the model. In this study, a total of 1915 images
of single bud, one bud with one leaf, and one bud with two leaves of Yunnan large-leaf
tea trees were collected. In order to improve the quality of the data set, 826 images were
selected as the original data set after strict screening. As shown in Figure 2, to address the
issue of model performance degradation due to sample imbalance, this study applied data
augmentation methods such as flipping, contrast enhancement, and rotation to expand the
fresh tea-leaf images. Finally, a total of 3612 datasets were obtained, effectively preventing
the phenomenon of overfitting during training and enhancing the generalization ability of
the training model.
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Labeling was used for manual annotation [17]. The tag box was positioned as centrally
as possible in the image, and the tag file were created in both txt and xml formats. The
dataset was randomly divided into training set (2168 images), validation set (722 images)
and test set (722 images) in a 6:2:2 ratio. The specific data information for the training
set is shown in Figure 3, including the number of classifications, the size and quantity
distribution of the bounding box, the position of the center points relative to the whole
image, and the aspect ratio of the target relative to the whole image. In the figure, A
represents a single bud, B represents one bud with one leaf, and C represents one bud with
two leaves.
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2.2. Model Improvements

In this study, an improved YOLOv8n model was proposed to address the problems of
dense distribution, limited feature-extraction ability, missed detection and false detection in
tea grading recognition. The specific improvements are as follows: (1) The SPD-Conv module
replaced the convolution layer of the backbone network part, enhancing the model’s feature
extraction ability for tea. (2) The Super-Token Vision Transformer was integrated to improve the
model’s perception of small targets, effectively enhancing model performance. (3) The original
loss function was optimized to MPDIoU, reducing loss and accelerating model convergence.
(4) An automatic counting function was added, enabling the model to automatically calculate
the number of single buds, one bud with one leaf, and one bud with two leaves in the recognition
image. The specific network structure is shown in Figure 4.
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2.2.1. Introduction of YOLOv8

YOLO is a one-stage target-detection algorithm. Its core idea is to divide the image
by region and to predict [18]. Compared with other models, its significant feature is
fast and efficient training [19]. With the continuous evolution of the YOLO model, the
performance is also improving [20]. The input feature map size of the YOLOv8 model is
640 × 640, and its backbone feature-extraction network is composed of the CBS module, C2f
module and SPPF (Serial Parallel Pooling Fusion) module [21]. The C2f module integrates
the design concepts of the C3 module and the Efficient Lightweight Attention Network
(ELAN), consisting of Conv, Split and BottleNeck components [22]. This design enables
the module to capture rich gradient-flow information while maintaining the model’s light
weight, significantly enhancing feature fusion capabilities, accelerating inference speed,
and achieving model lightweightness. In order to further enhance model performance,
the SPPF module is introduced, which is designed based on the concept of SPP (Spatial
Pyramid Pooling) [23]. Serving as a spatial pyramid pooling module, the SPPF module
boasts lower parameter count and computational load. When incorporated into the C2f
module, it facilitates feature map pooling on various scales, effectively expanding the
model’s receptive field. This enables extraction of richer feature information without
adding computational burden, thereby enhancing model recognition precision. The Head
layer adopts a decoupled head design, replacing the traditional coupled head. Each scale
is equipped with an independent detector, comprised of a set of convolutional and fully
connected layers. This configuration enables the capturing of target information on different
scales [24]. It effectively improves target detection precision and mitigates issues such as
inaccurate positioning and classification errors in complex scenes.

The research and application scenarios of traditional visual recognition models are
too limited to cope with the detection requirements in complex and diverse backgrounds,
while the YOLOv8 model exhibits poor performance in detection precision. To enhance
model recognition precision and meet real-time detection requirements, this study made
improvements based on YOLOv8n, incorporating the SPD-Conv module, the Super-Token
Vision Transformer, changing the loss function to MPDIoU, and the addition of classification
recognition and counting functions.

2.2.2. SPD-Conv Module

The traditional neural network model exhibits poor generalization ability when ex-
tracting low-resolution and small targets [25]. This is primarily due to the continuous down-
sampling of the feature map as the model deepens through the network hierarchy, resulting
from calculations in the convolutional and pooling layers. As a consequence, fine-grained
information becomes challenging to capture effectively during feature extraction, leading to
diminished detection accuracy and robustness. In YOLOv8, the feature-extraction module
Conv employs a step-size convolutional layer, which poses challenges in tasks involving
low image resolution or small detection objects, often resulting in detection performance
degradation. In order to overcome this challenge, this study introduced a combination of
space-to-depth layer and non-strided convolution layer, replacing the step convolution
layer in the original model’s backbone network. This improvement enhanced the model’s
performance in processing low-resolution images and complex small targets, allowing for
more effective expression of image features, particularly in tea leaf recognition, and thereby
improving the model’s robustness.

The space-to-depth layer in the SPD-Conv module [26] partitions the input feature
map into subgraph sets in a parameter-scale factor-controlled manner. The subsequent
non-straddle convolution layer is designed to maximize the preservation of these subgraph
sets, effectively reducing information loss and improving the detection precision of small
target areas.

The space-to-depth layer transforms the original feature into an intermediate feature
map containing feature identification information. Considering the intermediate feature
mapping of any size S×S×C1, the sub-feature maps are obtained by sampling in the x and
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y dimensions, according to the set step-size scale. The sequence of sub-feature mappings is
then sliced, and the principle formula for the calculation process is as follows (1):

f0,0 = X[0 : M : S, 0 : M : S], . . . f0,s−1 = X[0 : M : S, S − 1 : M : S]
f0,1 = X[1 : M : S, 0 : M : S], . . . f1,s−1 = X[1 : M : S, S − 1 : M : S]
f1,0 = X[1 : M : S, 0 : M : S], . . . f1,s−1 = X[1 : M : S, S − 1 : M : S]

fs−1,0 = X[S − 1 : M : S, 0 : M : S], . . . fs−1,s−1 = X[S − 1 : M : S, S − 1 : M : S]

(1)

When the scale factor is set to 2, the width and height of the output feature map will
be halved compared to the input, indicating that the sub-images are obtained by downsam-
pling the input feature map twice. The four sub-images are denoted as f0,0, f0,1, f1,0, and f 1,1.
The principle formula for the calculation process is as follows (2):

f0,0 = f [0 : S : scale, 0 : S : scale]
f0,1 = f [0 : S : scale, 1 : S : scale]
f1,0 = f [1 : S : scale, 0 : S : scale]
f1,1 = f [1 : S : scale, 1 : S : scale]

(2)

As illustrated in Figure 5, following the SPD feature conversion layer, a non-strided
convolution is added to preserve all discriminant feature information to the fullest extent.
The four sub-feature maps are then concatenated to form a feature size of S

2 × S
2 × C2,

where each sub-image has the same number of channels as the input feature map. The
resultant sub-feature images are combined via standard convolution [27] to ensure efficient
information extraction during the downsampling process, thus achieving the objective of
enhancing detection precision.
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2.2.3. The Super-Token Vision Transformer (SViT)

Attention mechanism [28] is a resource allocation scheme. In the case of limited
computing power, it is preferentially assigned to more important tasks to effectively solve
the problem of information overload. In neural network learning, the attention mechanism
is introduced to make the model focus on the more critical information of the current task
among many types of input information, reduce the attention to other information, and
even filter out redundant information, so as to solve the problem of information overload
and improve the efficiency and accuracy of task processing. The attention mechanism
is widely used in deep learning algorithms. In order to bolster the YOLOv8 model’s
hierarchical detection capabilities for tea targets and prioritize key targets amidst a complex
tea-garden background, the scalability and robustness of the model are improved. This
study introduced a Super-Token Vision Transformer, whose structure is shown in Figure 6.
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In the study, a visual hierarchical hybrid structure incorporating convolutional layers
is devised to capture the constraints of comprehensive features through convolutional layer
compensation. The Super-Token Vision Transformer comprises a convolution module, an
STT Block module, an average pooling layer and classifier, facilitating efficient learning,
enhancing the model’s feature-extraction capabilities and then improving the detection
accuracy of the model, thereby boosting detection precision. The Super-Token Vision
Transformer’s hierarchical visual converter comprises three key modules: convolutional
position embedding (CPE), Super-Token Sampling (STA) and the convolutional feedforward
network (Conv FFN). The formulations for each component are as follows:

X = CPE(Xin) + Xin (3)

Y = STA(LN(X)) + X (4)

Z = ConvFFN(BN(Y)) + Y (5)

As shown in Figure 6 above, Depth-wise Separable Convolution plays a crucial role
in the CPE module and is particularly suited for lightweight detection models. The CPE
structure is shown in Figure 7. It comprises Depth-wise Conv [29] and Pointwise Conv [30],
with its structure illustrated in Figure 6, below. Unlike traditional convolution, Depth-wise
Conv operates uniquely by independently convoluting each channel of the input layer, with
each convolution kernel responsible for a single channel. Upon completion, the number of
feature maps remains identical to the number of channels in the input layer, with the con-
volution operation of each channel executed in parallel. In the subsequent Pointwise Conv
stage, a 1 × 1 convolution kernel is utilized to convolve the output of deep convolution,
integrating and interacting with the feature-map information generated independently by
each channel. This process yields a new feature map as output, aimed at enhancing the
model’s learning ability concerning the correlation between different channels.

The STA module is adept at learning global information, with its specific structure
depicted in Figure 6 above. A fast sampling method was used to anticipate the Super-
Token Vision Transformer by discerning the sparse relationship between labels and super
labels. Subsequently, multi-headed self-attention operations are performed within the
Super-Token Vision Transformer space to capture the dependencies among Super-Token
Vision Transformer for modeling purposes. Ultimately, the information from the Super-
Token Vision Transformer is re-mapped back to the original label space through an up-
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sampling algorithm, effectively minimizing redundant features. The formulas are presented
in (6) and (7), as follows:

Ω(STA) = Ω(STS) + Ω(MHSA) + Ω(TU) (6)

STA(X) = Q(A(S)(Q̂T)Wv) =
∼
A(X)V(X) (7)

where
∼
A(X) = QA(S)Q̂T is the corresponding attention map of the input label.
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As a common and critical deep learning model, the structure of Conv FFN (Convo-
lutional Feedforward Neural Network) is shown in Figure 6 above, and the expression is
given in Equation (8):

FFN(x) = f
(

x·WT
1

)
·W2 (8)

It has excellent representation learning capabilities and has been widely used in
various fields [31]. First, each input channel is weighted and summed by the convolution
kernel to adjust the feature dimensions. Second, in order to enhance the representativeness
of local features, independent convolution operations are performed on each input channel.
Finally, a 1 × 1 convolution operation is performed again to further adjust the dimensions
and combination of the features.

2.2.4. Improvement of Loss Function

The loss function of YOLOv8 is composed of location loss and classification loss [32].
Unlike previous models that include confidence loss calculation, YOLOv8 uses the Binary
Cross-Entropy (BCE) loss from YOLOv5 for classification loss. The location loss is composed
of DFL (Distribution Focal Loss) and CIoU (Complete IoU) [33], with the expression shown
in Equation (9). Among them, IoU (Intersection over Union) is a straightforward function
for calculating location loss by evaluating the overlap of two bounding boxes. In the
context of actual tea garden picking, the complex background often leads to occlusion
issues among fresh tea leaves. To address the problems of missed detection and false
detection in such settings, this enhancement accelerates the model’s convergence speed,
optimizes performance, and improves detection precision.

LOSSCIoU = 1 − IoU +
ρ2(b, bgt)

c2 + αv (9)

Here, b and bgt denote the prediction box and the true box, respectively; ρ2(b, bgt) rep-
resents the Euclidean distance between them, and is the diagonal distance of the minimum
enclosing region that can contain both the prediction box and the true box. V and α are
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the evaluation parameters and balance factors of the length–width ratio, respectively. The
formulas are shown in Formulas (10) and (11):

v =
4
x2 (arctan

wgt

hgt − arctan
w
h
)

2

(10)

α =
v

1 − IoU + v
(11)

CIoU only considers the intersection area of the bounding box, the distance from the
center point, and the aspect ratio of the bounding box [34]. In this study, the MPDIoU
loss function is used for the regression of overlapping and non-overlapping bounding
boxes [35]. It takes into account the distance from the center point and the deviation
of the width and height. MPDIoU uses the bounding-box similarity measure based on
the minimum point distance. The expressions are shown in Equations (12)–(15), and the
structure of the improved loss function is illustrated in Figure 8.

LMPDIoU = 1 − MPDIoU (12)

MPDIoU =
A ∩ B
A ∪ B

−
d2

1
w2 + h2 −

d2
2

w2 + h2 (13)

d2
1 =

(
xB

1 − xA
1

)2
+

(
yB

1 − yA
1

)2
(14)

d2
2 =

(
xB

2 − xA
2

)2
+

(
yB

2 − yA
2

)2
(15)

Here, A and B represent the prediction box and the real box, respectively.
(

xA
1 , yA

1
)

and
(

xA
2 , yA

2
)

represent the upper-left and lower-right corner coordinates of bounding box
A, respectively. Similarly,

(
xB

1 , yB
1
)

and
(

xB
2 , yB

2
)

represent the upper-left and lower-right
corner coordinates of bounding box B, respectively.
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2.3. Evaluation Index

In this study, precision, recall and mean average precision were selected as the evalua-
tion indexes for model performance [36]. Here, AP (Average Precision) represents the area
under the curve surrounded by precision and recall, and mAP is the mean of AP for each
target category. The specific formula is expressed as follows:

P =
TP

TP + FP
(16)

R =
TP

TP + FN
(17)

mAP =
∫ 1

0
P ∗ (R)dR (18)

TP (True Positives) represents the number of correctly identified samples; FP (False
Positives) represents the number of incorrectly identified samples; and FN (False Negatives)
represents the number of missed samples. The evaluation-index score ranges from 0 to 1,
with higher values indicating better model performance. For an in-depth discussion of
edge-computing performance comparisons across different models, the computational load
(measured in GFLOPs) and model size (measured in MB) are introduced as metrics.

2.4. Experimental Environment

The training model in this study operated on Windows 11, with an Intel (R) Core (TM)
i9-12900H processor running at 2.50 GHz, 16 GB of memory, and an NVIDIA GeForce RTX
3060 graphics card. PyTorch served as the deep learning framework within a virtual environ-
ment of CUDA 11.1 version, while Python 3.8 was the programming language employed.

3. Results
3.1. Comparison of Models before and after Improvement

The AP value represents the area enclosed by the PR curve and the coordinate axis. A
larger area indicates a higher AP value, indicating greater detection precision of the model
for such objects. The mAP is a commonly used evaluation index in the target detection task.
It measures the average AP value of the model across multiple categories and provides a
comprehensive assessment of positioning precision and prediction precision. As shown in
Figure 9 above, the model’s performance significantly improved after enhancements.

Agronomy 2024, 14, x FOR PEER REVIEW 11 of 17 
 

 

3. Results 
3.1. Comparison of Models before and after Improvement 

The AP value represents the area enclosed by the PR curve and the coordinate axis. 
A larger area indicates a higher AP value, indicating greater detection precision of the 
model for such objects. The mAP is a commonly used evaluation index in the target de-
tection task. It measures the average AP value of the model across multiple categories and 
provides a comprehensive assessment of positioning precision and prediction precision. 
As shown in Figure 9 above, the model’s performance significantly improved after en-
hancements. 

 
Figure 9. Comparison of P-R curves. 

As depicted in Table 1, the model training results revealed that the overall mAP of 
the improved YOLOv8 model reached 89.1%, a notable increase from 70.4% prior to the 
enhancements, marking an improvement of 18.7 percentage points. Moreover, the mAP50 
values for single bud, one bud with one leaf, and one bud with two leaves witnessed in-
creases of 34.9%, 16.5%, and 4.7%, respectively. The improved model demonstrated sig-
nificant advantages in average detection precision. Additionally, the new model incorpo-
rated a classification-counting function, and its visual detection effect is illustrated in Fig-
ure 10. 

Table 1. mAP comparison before and after improvement. 

Model Category mAP 

Improved YOLOv8n 
single bud 88.5% 

one bud and one leaf 89.5% 
one bud and two leaves 89.1% 

YOLOv8n 
single bud 53.6% 

one bud and one leaf 73% 
one bud and two leaves 84.4% 

Figure 9. Comparison of P-R curves.



Agronomy 2024, 14, 1251 11 of 16

As depicted in Table 1, the model training results revealed that the overall mAP
of the improved YOLOv8 model reached 89.1%, a notable increase from 70.4% prior
to the enhancements, marking an improvement of 18.7 percentage points. Moreover,
the mAP50 values for single bud, one bud with one leaf, and one bud with two leaves
witnessed increases of 34.9%, 16.5%, and 4.7%, respectively. The improved model demon-
strated significant advantages in average detection precision. Additionally, the new model
incorporated a classification-counting function, and its visual detection effect is illustrated
in Figure 10.

Table 1. mAP comparison before and after improvement.

Model Category mAP

Improved YOLOv8n
single bud 88.5%

one bud and one leaf 89.5%
one bud and two leaves 89.1%

YOLOv8n
single bud 53.6%

one bud and one leaf 73%
one bud and two leaves 84.4%

Agronomy 2024, 14, x FOR PEER REVIEW 12 of 17 
 

 

 
Figure 10. Visual comparison of detection effect. 

3.2. Ablation Experiment 
In this study, improvements were made to the YOLOv8n model, and the experi-

mental results demonstrate the effectiveness of the enhanced method. As illustrated in 
Table 2, the introduction of the SPD-Conv module into the main feature extraction process 
resulted in a double-downsampling feature map with enriched feature information by 
expanding the number of channels, thereby enhancing the receptive field. This algorithm 
significantly boosted the detection precision of the model. Upon integrating the SViT into 
the backbone structure, the recall and mAP50 metrics showed varying degrees of im-
provement, signifying the method’s effectiveness. MPDIoU was employed as the bound-
ing-box regression function, allowing the model to converge to higher detection precision 
without escalating model complexity, thereby meeting real-time and accuracy require-
ments. Following the model enhancement, the P, R, and mAP50 saw increments of 17.6%, 
19.3%, and 18.7%, respectively. While there was a slight increase in the number of param-
eters and a 1.2 MB augmentation in model size, the GFLOPs rose by 3.6. Nonetheless, the 
model retained its lightweight feature. These results highlight the model’s capability to 
improve detection accuracy accurately while maintaining low computational costs. Abla-
tion experiments further underscored the model’s advantages and practical value. 

Table 2. Comparison of ablation experimental results. 

Algorithm SPD-Conv SViT MPDIoU P (%) R (%) mAP50 (%) Parameters GFLOPs Model 
Size 

1 × × × 69.3% 66.2% 70.4% 3,011,433 8.2 6.3 
2 √ × × 72.8% 75.5% 77.3% 3,418,320 12.4 6.8 
3 √ √ × 86.1% 85.2% 88.6% 3,617,551 12.0 7.5 
4 √ √ √ 86.9% 85.5% 89.1% 3,617,746 11.8 7.5 

Note: √ using this algorithm; × not using this algorithm. 

3.3. Comparison of Different Models 
To further validate the model’s performance and provide a more intuitive compari-

son of its advantages, a comparative experiment was conducted using the same dataset 
and training parameters. The comparison results of the loss values for the training and 
validation sets of the four models—improved YOLOv8n, YOLOv8n, Faster R-CNN, and 
SSD—are depicted in Figure 11, above. The x-axis in the figure represents the number of 
training epochs, with 400 epochs set for this study. The loss function indicates the degree 

Figure 10. Visual comparison of detection effect.

3.2. Ablation Experiment

In this study, improvements were made to the YOLOv8n model, and the experimental
results demonstrate the effectiveness of the enhanced method. As illustrated in Table 2, the
introduction of the SPD-Conv module into the main feature extraction process resulted in a
double-downsampling feature map with enriched feature information by expanding the
number of channels, thereby enhancing the receptive field. This algorithm significantly
boosted the detection precision of the model. Upon integrating the SViT into the backbone
structure, the recall and mAP50 metrics showed varying degrees of improvement, signify-
ing the method’s effectiveness. MPDIoU was employed as the bounding-box regression
function, allowing the model to converge to higher detection precision without escalating
model complexity, thereby meeting real-time and accuracy requirements. Following the
model enhancement, the P, R, and mAP50 saw increments of 17.6%, 19.3%, and 18.7%,
respectively. While there was a slight increase in the number of parameters and a 1.2 MB
augmentation in model size, the GFLOPs rose by 3.6. Nonetheless, the model retained its
lightweight feature. These results highlight the model’s capability to improve detection
accuracy accurately while maintaining low computational costs. Ablation experiments
further underscored the model’s advantages and practical value.
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Table 2. Comparison of ablation experimental results.

Algorithm SPD-Conv SViT MPDIoU P (%) R (%) mAP50 (%) Parameters GFLOPs Model
Size

1 × × × 69.3% 66.2% 70.4% 3,011,433 8.2 6.3
2

√
× × 72.8% 75.5% 77.3% 3,418,320 12.4 6.8

3
√ √

× 86.1% 85.2% 88.6% 3,617,551 12.0 7.5
4

√ √ √
86.9% 85.5% 89.1% 3,617,746 11.8 7.5

Note:
√

using this algorithm; × not using this algorithm.

3.3. Comparison of Different Models

To further validate the model’s performance and provide a more intuitive comparison
of its advantages, a comparative experiment was conducted using the same dataset and
training parameters. The comparison results of the loss values for the training and valida-
tion sets of the four models—improved YOLOv8n, YOLOv8n, Faster R-CNN, and SSD—are
depicted in Figure 11, above. The x-axis in the figure represents the number of training
epochs, with 400 epochs set for this study. The loss function indicates the degree of disparity
between the model’s predicted value and the true value. Smaller loss values signify better
model robustness and adaptability to data changes. It can be observed from the graph
that the loss-rate curves for the training and validation sets of the four models gradually
decline as the number of training epochs increases. The steepest decline occurs in the initial
50 epochs. A smoother convergence curve, indicating gradual stabilization of the model,
is characterized by smaller gradients. Among the four models, the improved YOLOv8n
model exhibits lower loss, stable curve fluctuations, and superior detection performance.
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The comparison of model parameters, computational load, and model size across
different algorithms is presented in Table 3. The improved YOLOv8n model demonstrates
a notable enhancement in detection precision compared to other models. Although there
is a slight reduction in detection speed, the overall performance of the model improves,
resulting in better detection capabilities. The model parameters are 7.5 M, and the computa-
tional load is 11.8. Despite having small parameters, the model exhibits superior detection
performance for complex targets while maintaining fast detection speeds. The precision,
recall, and mAP50 of the model for tea grading reach 86.9%, 85.5%, and 89.1%, respectively.
Specifically, the mAP50 for the three categories—single bud, one bud with one leaf, and one
bud with two leaves—are 88.5%, 89.5%, and 89.1%, respectively, indicating highly accurate
results. In comparison with the original YOLOv8n model, there are notable improvements
in precision, recall, and mAP50, with increases of 17.6%, 19.3%, and 18.7%, respectively.
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Table 3. Performance comparison of different models.

Model P (%) R (%) mAP50 (%) Model
Size (M) GFLOPs Parameters

improved
YOLOv8n 86.9% 85.5% 89.1% 7.5 11.8 3,617,746

YOLOv8 69.3% 66.2% 70.4% 6.3 8.2 3,011,433
SSD 68.3% 73.3% 75.1% 515.2 62.75 26,285,486

Faster R-CNN 77.1% 79.3% 81.7% 2097.87 370.21 137,098,724

Compared with the one-stage target-detection algorithm SSD, the parameter quan-
tity was only 13.76%, and the complexity was only 18.8%. The precision and recall
mAP were improved by 18.6%, 12.2%, and 14%. When contrasted with the classical
two-stage target-detection algorithm Faster R-CNN model, the improved detection algo-
rithm exhibited greater accuracy in target detection and positioning, significantly reducing
computational costs.

In summary, it achieved a commendable balance between detection speed and preci-
sion. It enhanced global information acquisition capability, heightened sensitivity to small
targets, and rendered the model more adaptable and robust. The three indexes of P, R and
mAP50 increased progressively with training times, eventually stabilizing, indicating the
training data’s stability and normalcy. The model’s addition of the automatic counting
function for tea classification not only improved detection accuracy but also addressed
issues such as missed detection, false detection, and small targets. Furthermore, it pro-
vided a novel approach for estimating tea yield. In this dataset, samples featuring easily
detectable targets comprised only a small proportion, with the majority exhibiting complex
backgrounds. This setup better verifies the model’s efficacy and offers valuable insights for
the practical implementation of tea grading recognition.

4. Discussion

The purpose of this study is to enhance the grade-recognition performance of the
YOLOv8n model for tea in a natural tea-garden environment. To achieve this, a new model
for the grading and counting recognition of tea is proposed. Through the introduction of
an SPD-Conv module, the SViT attention mechanism, an improved loss function MPDIoU,
and a classification counting function, the model’s robustness was markedly enhanced. The
total mAP reached 89.1%, compared with the original model growth of 18.7%. Experimental
results demonstrated significant improvements in recognition precision for single buds,
one bud with one leaf, and one bud with two leaves.

The aforementioned enhancements not only greatly improve the accuracy and con-
vergence of model loss values but also integrate a grading and counting function. Most
existing studies on tea-leaf grading recognition models are primarily based on YOLOv5 and
YOLOv7, with relatively uniform data backgrounds and easy identifiability. This study’s
model, based on the more stable and lightweight YOLOv8n architecture and featuring
counting functionality, provides a fresh foundation for extended application in tea-picking
robots and yield estimation.

While this study yielded positive outcomes, several limitations and avenues for future
enhancement remain. The dataset used here originated from tea gardens in specific regions,
potentially not fully encapsulating the diverse characteristics of tea across different regions
and planting conditions. Hence, future research might expand data collection to include
tea samples from various regions and climates, thereby bolstering the model’s generaliza-
tion capabilities. Additionally, despite the improved model’s promising performance in
experiments, its lightweight nature, considering computing resource constraints, presents a
crucial research direction. By further optimizing its structure and employing knowledge
distillation techniques, the model’s parameter count and computations can be reduced,
rendering it more suitable for deployment on resource-limited edge devices. Lastly, future
investigations could explore deploying and applying the model in field settings, along with



Agronomy 2024, 14, 1251 14 of 16

enhancing its stability and reliability through real-time feedback and adaptive learning
mechanisms. These endeavors aim to provide more robust and practical technical support
for the intelligence and automation of the tea industry.

5. Conclusions

This study aims to address issues such as dense distribution, limited feature extrac-
tion, missed detection, and false alarms in tea-leaf grading recognition, with the goal of
enhancing accuracy in tea gardens. Initially, we integrated the SPD-Conv module into
the backbone network of the model, enhancing its feature extraction capability and sub-
sequently improving accuracy. Secondly, the integration of SViT aims to enhance the
model’s focus on tea leaf targets, reduce background interference, and enhance detection
performance. Additionally, optimizing the loss function with MPDIoU accelerates model
convergence and enhances overall performance. Finally, we introduced and implemented
a tea leaf-classification and counting-recognition function.

Experimental results demonstrate that, despite slight increases in parameters and
volume compared to the original model, the model still maintains its lightweight nature.
Precision, recall, and average precision reached 86.95%, 85.5%, and 89.1%, respectively,
marking improvements of 17.6%, 19.3%, and 18.7% compared to the original model. Partic-
ularly, the mAP values for single buds, one bud with one leaf, and one bud with two leaves
significantly increased, to 88.5%, 89.5%, and 89.1%, respectively, representing growth of
34.9%, 16.5%, and 4.7%. The performance of the proposed model has been significantly
enhanced. Compared with the one-stage object-detection algorithm SSD, the parameter
count is only 13.76%, and complexity is only 18.8%, but mAP improvement is 14%. Com-
pared with the classic two-stage object-detection algorithm Faster R-CNN, the improved
detection algorithm exhibits higher precision in object detection and localization, with an
mAP increase of 7.4% and significantly reduced computational costs.

In summary, the improved model demonstrates significant advantages compared
to other object-detection models, holding crucial application value in future tea-garden
management and production. Its lightweight yet accurate design meets the demands of
real-time precision, making it highly suitable for deployment on small-scale devices. This
reaffirms the significant advantages of the improved YOLOv8n model in enhancing tea-leaf
grading accuracy and implementing counting functionality.
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