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Abstract

Tea, a globally cultivated crop renowned for its unique flavor profile and health-promoting properties,
ranks among the most favored functional beverages worldwide. However, pests and diseases severely
jeopardize the production and quality of tea leaves, leading to significant economic losses. While early
and accurate identification coupled with the removal of infected leaves can mitigate widespread infec-
tion, manual leaves removal remains time-consuming and expensive. To address this challenge, this
paper introduces the YOLO-DBD network model for detecting of harmful tea leaves. The model
excels in efficiently identifying harmful tea leaves with various poses in complex backgrounds, pro-
viding crucial guidance for the posture and obstacle avoidance of a robotic arm during the pruning
process. The improvements proposed in this study encompass the C2f-DCN module, Bi-Level Routing
Attention, Dynamic Head, and Focal-CloU Loss function, enhancing the model’s feature extraction,
computation allocation, and perception capabilities. Comparative analysis with the YOLOv8s model
demonstrates a 6% improvement in mAP and a reduction of 3.3G FLOPs in the YOLO-DBD model.
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1 Introduction

In the process of tea cultivation and growth, tea
diseases are an important factor affecting yield
and quality, and severe tea diseases can cause
huge economic losses(Ahmed et al. 2018).If tea
diseases are accurately and quickly identified in
the early stages of the disease, and infected leaves
are promptly removed or insecticides are sprayed,
it can effectively block the source of the disease,
prevent the spread and outbreak of the disease.
In recent years, many researchers have pri-
marily focused on precision pesticide spraying.
However, the use of pesticides not only impacts

the natural ecological environment but also has
implications for the health of consumers(Damalas
and Eleftherohorinos. 2011).In contrast, although
manual pruning of diseased leaves is safer(Toscano
et al. 2015), it requires a lot of labor and is not
as efficient as using pesticide, resulting in higher
costs.The adoption of robotic pruning presents a
solution to these challenges(Arad et al. 2020). Yet,
the success of such robots hinges on their ability to
accurately detect targets, which is crucial to avoid
crop damage and potential collisions(Wu et al.
2021). Therefore, the main challenge addressed
in this paper is how to rapidly and accurately



detect harmful tea leaves in complex environ-
ments, providing effective guidance for subsequent
robot cutting of these harmful tea leaves.

With the advancement of deep learning tech-
nology, its application in the field of agriculture
has been steadily increasing, particularly in tasks
related to object detection. Deep learning enables
researchers to tackle more complex image analysis
tasks and effectively identify and detect diseases
in crops.Image detection networks can be cate-
gorized into two classes based on the detection
stage: two-stage and one-stage object detection
networks.Two-stage object detection networks,
exemplified by Faster R-CNN(Fu et al. 2020),
operate in two steps: first, they generate candi-
date regions, and then they classify and perform
bounding box regression on these regions. Faster
R-CNN stands out as a representative model in
the realm of two-stage detection networks.Zhou
ea al. proposed a rice disease detection algorithm
based on the fusion of Faster R-CNN and FCM-
KM, achieving satisfactory performance(Zhou
et al. 2019).Wang et al. improved Faster R-CNN
and VGG16, enhancing the accuracy of tea leaves
detection(Wang et al. 2023) .While these networks
exhibit excellent accuracy in detection, their pro-
cessing speed is relatively slow, rendering them
less suitable for real-time applications. In con-
trast, one-stage networks, such as You Only Look
Once(YOLO)(Redmon et al. 2016) and Single
Shot MultiBox Detector(SSD)(Liu et al. 2016),
directly predict both bounding boxes and class
labels on images. The YOLO series, known for its
balance of efficiency and accuracy, has been exten-
sive used in agriculture. Xue et al. presented the
YOLO-Tea method, utilizing YOLOvV5 for detect-
ing tea leaves diseases and achieving an mAP of
79.7%(Xue et al. 2023). Lin et al.introduced the
TSBA-YOLO model, focused on detecting with-
ering disease in tea leaves, with an improved mAP
of 85.35%(Lin et al. 2023). Dai et al. developed
a method for detecting crop leaves diseases based
on YOLOv5. However, this method exhibits lower
accuracy in complex environments(Dai and Fan.
2022). Additionally, Roy et al. made enhance-
ments to YOLOv4, proposing a high-performance
real-time fine-grained object detection framework
capable of addressing challenges such as dense dis-
tribution and irregular shapes(Roy et al. 2022).
Sun et.al. introduced a novel concept, utilizing

the YOLO-v4 deep learning network collabora-
tively for ITC segmentation and refining the
segmentation results involving overlapping tree
crowns using computer graphics algorithms(Sun
et al. 2022). Furthermore, Du et.al. proposed
a tomato pose detection algorithm based on
YOLOv5, aiming to detect the three-dimensional
pose of individual tomato fruits, achieving a mAP
of 93.4%(Du et al. 2023). Nan et al.developed
WGB-YOLO based on YOLOv7 for harvesting
ripe dragon fruits, further classifying them based
on different growth poses, achieving a mAP of
86.0%(Nan et al. 2023). Therefore, in practical
applications, simply classifying harmful tea leaves
into one category cannot fully address the issues
of robotic harvesting strategy and occlusion. For
a cluster of leaves with only one harmful leaves,
the whole bundle cutting is not rational; for clus-
tered growing harmful leaves, cutting them one
by one would significantly reduce the efficiency
of the operation; for occluded harmful leaves,
the robotic arm needs to rotate to another angle
before cutting.

Current research on harmful leaves detec-
tion primarily focuses on simple environments,
neglecting the complexities encountered in real-
world robotic applications. When pruning harmful
leaves, robots must navigate intricate environ-
mental elements, pruning strategies, and occlusion
challenges. In densely planted tea gardens, the
target of harvesting harmful leaves is challenging
to detect accurately due to mutual contact with
other leaves and obstruction by tree branches. In
real-time field operations, robots need to ensure
high FPS and accuracy while also requiring the
model’s FLOPs to be low. Compared to RCNN
and SSD, YOLO exhibits higher efficiency and
performance. Therefore, this study chooses YOLO
as the benchmark model.To further refine YOLO’s
performance, we introduce the YOLO-DBD algo-
rithm.

The important contributions of this paper
were as follows: (1) Integrating C2f and DCNv2
into the backbone network can better capture tar-
get shapes and positions, as well as adaptively
altering feature weights to reduce noise during
context semantic fusion. (2) Implementing a Bi-
Level Routing Attention mechanism that employs



dynamic sparse attention with double-layer rout-
ing, ensuring flexible, content-aware computa-
tion while reducing computational demands.(3)
Adding a dynamic head detection framework at
the network’s end to enhance the perception of
spatial position, scale, and task regions.(4) To
address the issue of imbalance between samples
and distinguishing between easy and hard samples
to reduce the impact of easily separable samples
on network training, this paper incorporates Focal
on top of CIOU.

2 Materials and Methods

2.1 Image Acquisition

This study concentrated on images of tea leaves.
The source of these images was the Dayuan Tea
Garden in Jinyun County, Zhejiang Province.
The images were taken using a ONEPLUSS8T
on July 11, 2023, and captured in RGB format.
These images, with a resolution of 640x 640 pixels,
totaled 1,108, were divided into training and vali-
dation sets at an 8:2 ratio. This allocation resulted
in 887 images for training and 221 for validation.
The annotation of images was carried out using
labelimg software.

2.2 Classification Criteria

In practical applications, merely classifying harm-
ful tea leaves into a single category falls short of
addressing the challenges associated with robotic
harvesting strategies and occlusion. For clusters
with a single harmful leaf, cutting the entire
bundle is not rational; for clusters of growing
harmful leaves, cutting them individually would
significantly reduce operational efficiency; and
for occluded harmful leaves, the robotic arm
must rotate to a different angle before cut-
ting.Consequently, harmful leaves are classified
into three primary categories. The first category is
individual harmful leaves(referred to as IHL), as
illustrated in Figl (a). The second category is clus-
tered harmful leaves(referred to as CHL), shown
in Figl (b). The third category is obscured harm-
ful leaves(referred to as OHL), depicted in Figl
(c). We obtained a total of 1,108 images of harm-
ful tea leaves, comprising 595 images of THL, 161
images of CHL, and 681 images of OHL.

2.3 Data Augmentation

To enhance the model’s robustness and pre-
vent overfitting, image and bounding box aug-
mentation are performed separately. Image-level
augmentation includes rotation, noise addition,
cutting and splicing as four data augmentation
methods, as shown in Fig2. Rotation data aug-
mentation involves clockwise rotations of 90°,
180°, and 270° on the original image. Noise addi-
tion data augmentation applies noise to the entire
image, with additions of 5% and 10%. Mask
data augmentation involves randomly cropping a
10% portion of the image to simulate occlusion.
Splicing data augmentation randomly selects four
images, performs random cropping, blends the
four images, and then blends the resulting mixture
with a new image. Bounding box augmentation is
mainly achieved by adding noise to the targets,
with additions of 5% and 10%.

3 The Proposed
YOLOvV8-DBD Netwrok

The YOLO series of deep learning detection algo-
rithms, especially YOLOvVS, is widely acclaimed
in the field of object detection for its outstanding
performance in detecting large-scale and sparse
targets. Nevertheless, when applied in complex
tea garden environments with numerous interfer-
ing factors such as complex image backgrounds,
overlapping and occlusion of leaves, and small
and dense defects in harmful leaves sizes, the
performance of YOLOv8s is not satisfactory.
To address this issue, this paper proposes an
improved YOLOvS8s network framework, named
YOLO-DBD. Extensive experiments demonstrate
that this model significantly enhances the over-
all performance of detecting harmful leaves in
complex environments, including accuracy and
efficiency.

The network architecture of YOLO-DBD is
illustrated in Fig3. The enhancements encom-
pass four key areas. First, the integration of
C2f and DCNv2 into a new C2{-DCNv2 mod-
ule, coupled with a residual structure, bolsters
the network’s ability to discern target shapes and
positions and refines feature accuracy. Second, the
Bi-Level Routing Attention mechanism, following
the SPPF module, employs dynamic sparse atten-
tion for more efficient computational resource



(a)

Fig. 1 Categories of Harmful Leaves: (a) Individual Harmful Leaves(IHL), (b) Clustered Harmful Leaves(CHL), (c)

Obscured Harmful Leaves(OHL).

(f) (8)

Fig. 2 Different image augmentation methods: (a) Original image, (b) 90° rotation, (c¢) 180° rotation, (d) 270° rotation,
(e) Stitching, (f)5% noise was added to the entire image,(g) 10% noise was added to the entire image,(h) 5% noise was
added to the targets,(i) 10% noise was added to the targets,(j) Masking.

allocation, thus augmenting feature extraction
while reducing computational demands. Third,
the incorporation of the DyHead framework at
the network’s head merges object detection with
self-attention mechanisms, significantly improving
detection head’s perception and expression capa-
bilities. Lastly, addressing sample imbalance, the
CIOU loss function in YOLOvVS is combined with
Focal Loss to form Focal-CIOU. These advance-
ments collectively not only elevate YOLO-DBD’s
accuracy in detecting targets in challenging envi-
ronments.

3.1 C2f-DCN

Deformable Convolutional Networks (DCNvl)is
a Convolutional Neural Network (CNN) archi-
tecture that effectively handles geometric trans-
formations(Dai et al. 2017).In traditional CNN
modules, the sampling positions of convolutional
kernels on input feature maps are fixed, restricting
the network’s adaptability to geometric transfor-
mations.Pooling layers also reduce spatial reso-
lution by a fixed ratio, and Region of Interest
Pooling divides the region of interest into a
fixed number of spatial units, both of which are
unable to flexibly handle geometric changes in tar-
gets.Deformable Convolutional Networks enhance
convolutional operations by introducing learnable
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Fig. 3 YOLO-DBD network structure diagram.

offsets, allowing the sampling positions of convo-
lutional kernels to dynamically adjust based on
input features.This implies that the network can
adaptively adjust the size and shape of its recep-
tive field, thus better capturing the geometric

changes in targets. DCNv2 improves upon this by
adding extra convolutional layers to predict offsets
for each convolutional kernel position, and these
offsets are then used to guide the sampling posi-
tions in the main convolutional layer(Wang et al.



2021).This design allows DCNv2 to partially over-
come the limitations of traditional CNN modules
in handling geometric transformations, thereby
improving the model’s capability and accuracy
in recognizing objects with diverse shapes.The
architecture of DCNv2 is depicted in Fig4.

Additionally, in DCNv2 incorporates weight
coefficients alongside offsets at each sampling
point, effectively discerning relevant from irrele-
vant areas. These coefficients assign a weight to
every sampling point, ensuring that points in irrel-
evant areas (those not of interest) receive a weight
of zero, effectively excluding them from feature
extraction. The computation formula is as shown
in Equationl:

y(po) = Y wpn) - 2(po+pn+Apn) (1)
pn€R

In our study, we have fused the C2f mod-
ule with the modulation mechanism of DCNv2,
adopting a multi-branch and residual structure to
more effectively capture the target’s shape and
positional features, as illustrated in Figh. The
DCNv2 modulation mechanism plays a pivotal
role, as it learns the offsets and feature ampli-
tudes of samples to precisely control sample space
and impact. This enhances the model’s accuracy
in locating targets and its adaptability to varying
target shapes. Consequently, the model demon-
strates high precision and robustness, even in
complex environments. The C2f-DCN module’s
multi-branch structure follows efficient aggrega-
tion network principles, enriching the model’s gra-
dient flow through added layers and connections.
This structure, with consistent input-output chan-
nels across branches and concat operations for
feature concatenation, ensures a stable and effec-
tive gradient path, maintaining network efficiency
at deeper levels. To prevent the problem of gradi-
ent vanishing as the network depth increases, the
C2f-DCN module introduces a residual structure
in the backbone network. This design not only
ensures that the network can extract finer-grained
features but also prevents the degradation of net-
work performance, ensuring training stability and
effectiveness.

3.2 Bi-Level Routing Attention

YOLOvVS is a convolutional neural network model
primarily focused on local processing, making
it challenging to capture complex relationships
among global features. On the other hand, the
complexity of the background often makes it
difficult for detection models like YOLOvS to
accurately identify targets, leading to exces-
sive reliance on background information and
neglect of crucial details. In contrast, Trans-
formers, with their unique attention mechanism,
can capture global correlations among data, con-
structing a more powerful and flexible data-
driven model.However, while Transformers excel
in enhancing a model’s ability to handle complex
data, their high computational complexity and
large memory footprint pose challenges, especially
when dealing with large-scale data. Directly inte-
grating traditional attention mechanisms into the
model consumes significant computational and
storage resources, thereby reducing inference effi-
ciency. To alleviate this burden, researchers sug-
gest adopting a sparse query approach, focusing
only on specific key-value pairs to reduce resource
usage. Following this line of thinking, a series of
related research outcomes have emerged, such as
local attention, deformable attention, and expan-
sive attention, all of which employ manually set
static patterns and content-unrelated sparsity.To
overcome these limitations, Zhu et al.proposed
a new dynamic sparse attention mechanism(Zhu
et al. 2023) : Bi-Level Routing Attention.This
novel approach, illustrated in Fig6, offers a more
efficient and effective method for attention-based
processing.

The primary function of BRA is to enhance the
model’s attention to key information while sup-
pressing dependence on background information.
BRA can adaptively filter out the least relevant
key-value pairs in the coarse-grained region of the
input feature map. This means it can concentrate
the model’s computational resources on the infor-
mation most relevant to the target, thereby more
effectively extracting crucial features. In this way,
BRA ensures that the model maintains high sensi-
tivity and accurate recognition ability to the tar-
get even in complex backgrounds. BRA enhances
the model’s detection performance with a minimal
increase in computational cost. In summary, BRA
plays a crucial role in the YOLO-DBD network by
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improving sensitivity to key information through accurately in handling object detection tasks in
precise information filtering and attention calcu- complex backgrounds.

lation, reducing reliance on complex background The process begins with the input feature
information. This makes the YOLO-DBD network map = € RFXWXC which is divided into S x S
perform exceptionally well, more efficiently, and sub-blocks, each comprising I?QV feature vectors.
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Fig. 6 Bi-Level Routing Attention.

Subsequently,by adjusting the dimensions of X,a
new matrix with the shape X" € RS X0 g
obtained. Following this, a linear transformation
operation on these vectors produces three matri-
ces: Q, K, and V. The respective formulas for these
transformations are detailed in Equations2, 3, and
4:

Q=Xx"Wwe (2)
K =X"Wk (3)
V=Xx"w" (4)

Subsequently, a directed graph is constructed
to locate the related areas within a given region,
thereby determining the attention relationships
between different regions. The specific steps are as
follows: Firstly, the Q and V vectors within each
region are averaged, resulting in the Q" and K"
vectors representing the entire region, with dimen-
sions R9%2%52_ Subsequently, by computing the
dot product of Q" andK", an adjacency matrix

A, € RS**S%is obtained. This matrix quantifies
the relationships between different regions. The
computation formula is as shown in Equation5:

A" =Q"(K")T (5)

Then, the adjacency matrix A" is pruned.
At a coarser granularity level, the less corre-
lated tokens in A" are filtered out, retaining
only the top k regions with the strongest rele-
vance, resulting in a routing index matrix I" €
RS**k The calculation formula for this process-
ing step has been clearly demonstrated. Through
such processing, we can more efficiently focus
on important regions, thereby reducing compu-
tational load while maintaining key information.
The computation formula is shown in Equation6:

I" = topkIndex(A") (6)

Next, token-to-token attention is applied at
a finer granularity level. For the queries located
in region i, attention is only paid to the k
regions specified by the routing index matrix
I" Specifically, the k indices I&71)7I&72), e ,I(im
are used to retrieve and aggregate all the K
and V tensors within these regions, thus forming
K9 and V9.The specific computational method
for this process can be referred to in the given
formula. In this way, we can capture the depen-
dencies between tokens at a finer level, achieving
more precise attention allocation. The compu-
tation formulas are shown in Equations7 and



K9 = gather(K,I") (7)
V9 = gather(V,I") (8)
Finally, the aggregated K9 and V9 undergo
attention processing, and a Local Context
Enhancement term LCE(V)is introduced.
Through this operation, the output tensor O is
obtained. This process can be detailed through
the provided formula. The introduction of the
LCE(V) is intended to capture and reinforce the
local dependencies between input features. This
ensures that while maintaining the advantages
of the global attention mechanism, the impor-
tance of local features is also fully considered,
ensuring the comprehensiveness and accuracy of
the model’s output. The computation formula is
shown in Equation9:

O = Attention(Q, K9,V9) + LCE(V) 9)

3.3 Dynamic Head

In order to enhance the perceptual capabili-
ties of the model, this paper introduces a new
dynamic detection framework called Dynamic
Head (DyHead)(Dai et al. 2021), DyHead inge-
niously integrates the spatial scale, spatial posi-
tion information, and task awareness of objects,
and utilizes a multi-head self-attention mecha-
nism to enhance the expressive power of the
model. This not only allows DyHead to adapt
more flexibly to defects of different shapes but
also significantly improves the model’s detec-
tion accuracy.Compared to the original head
structure, DyHead demonstrates significantly
enhanced expressive power and detection accu-
racy, showcasing its effectiveness and superiority
in complex defect detection tasks.

DyHead enriches the target detection model’s
perception by incorporating a unique atten-
tion mechanism with three distinct components:
spatial-aware attention, scale-aware attention,
and task-aware attention. Each component plays
a crucial role in enhancing the model’s overall per-
formance across different tasks, scales, and spatial
locations:

(1) Spatial-Aware Attention: Using deformable
convolution techniques, precise positional infor-
mation of the targets is extracted from the feature
map, ensuring the model accurately focuses on the
spatial region where the targets are located.

(2) Scale-Aware Attention: By combining 1x1
convolution, ReLLU activation function, and sig-
moid activation function, features of different
scales are merged, thereby obtaining spatial
scale information of the target. This ensures the
model’s robustness to targets of varying sizes.

(3) Task-Aware Attention: Employing a fully
connected network as a ’classifier’ to expand and
categorize input information, ensuring the model
can extract the most relevant feature information
according to different task requirements.

The application process of DyHead in the
YOLOv8-DBD model is illustrated in Fig7:
Firstly, feature extraction is performed on the
input image as shown in Fig7(a), generating three
different scales of feature maps templ, temp2, and
temp3. These feature maps correspond to targets
of different sizes in the image, where templ corre-
sponds to large-sized targets, temp2 to medium-
sized targets, and temp3 to small-sized targets.
Subsequently, to facilitate feature fusion, templ,
temp2, and temp3 undergo up/down-sampling
operations to achieve a uniform scale. This step
ensures that feature maps of different scales can
be effectively merged at the same spatial dimen-
sion. In this way, a new three-dimensional tensor
Fy, Fy, F3 € REXSXC g generated, where L repre-
sents different feature levels, S the spatial dimen-
sion of the feature map, and C the number of
feature channels.

Subsequently, these three feature tensors Fy,
F5, and F3 are passed through the spatial-aware
attention, scale-aware attention, and task-aware
attention mechanisms. The computation formula
is as shown in Equation10:

W(F) =n(F)-F (10)

where 7(+) is an attention function.

From the above expression, it is evident that
significant enhancement in object detection tasks
is achieved through in-depth learning of the tensor
F across the three dimensions of scale, space, and
task. In the scale dimension, by learning features
across different levels, the model adapts to the
diversity of target sizes, enhancing its robustness
to scale variations. In the spatial dimension, learn-
ing features of different spatial positions enables
the model to handle various geometric transfor-
mations of object shapes, maintaining detection
accuracy and stability in complex scenes. In the



task dimension, cross-channel learning of tensor
F allows the model to correlate features of differ-
ent tasks and channels, automatically adjusting
the importance of features to suit current task
requirements.

By implementing the attention mechanism as
fully connected layers, it is possible to perform
complex attention operations on high-dimensional
tensors, thereby capturing and enhancing the
model’s feature representation capabilities. How-
ever, this approach, when applied directly to
high-dimensional tensors, incurs substantial com-
putational costs, especially at higher dimensions,
making it impractical in real-world applications.
To address this issue, a decomposition strategy
is employed, breaking down the overall atten-
tion function into three consecutive sub-attention
operations, each focusing on a single dimension
of the tensor. This decomposition strategy sig-
nificantly reduces computational costs while still
maintaining the effectiveness of the attention
mechanism. The computation formula is shown in
Equationl1:

W (F) = ne(ns(m(F) - F)-F)-F (11

In the equation,m;(-),ms(+),m.(-) respectively
represent three distinct attention functions
applied to the scale, spatial, and task dimensions.

The spatial-aware attention, as denoted by
m in Fig7(b), is formulated as expressed in
Equation12:

1
FF) - F = —_ F - F 12
w1 (F) o SGCSXC: (12)

Herein, f(z) denotes a linear function akin to a
(1x1) convolution layer; d(x) represents the Hard
Sigmoid function, as depicted in Equationl3:

o(z) = max [O,min (1, x;rlﬂ (13)

Scale-aware attention, as indicated by 7 in
Fig7(b), is defined as per the formulation pre-
sented in Equationl4:

L K
Ts Zzwlk (1, p+Ap, ¢) - Amy,
=1 k=1

(14)

b« \

Herein, k denotes the number of sparse sam-
pling positions, and pr + Apg represents the
position shifted by the self-learned spatial offset
Apy, focusing on a discriminative region.Amy is a
critical self-learned scalar at position p, Apg and
Amy, are learned from the input features at the
median level of F.Task-aware attention, as shown
by 7. in Fig7(b), is expressed as in Equation15:

Te(F) - F =max (o (F) -¢c +B(F), o*(F):

) (15)
Fo + B7(F))

In the equation, Fg represents the fea-
ture segment of the c-th channel, and 6(i) =
[t a2, 8, 3%] is a hyper function employed for
learning to control the activation thresholds in
attention mechanisms.

The three attention mechanism modules are
sequentially applied. The detailed structure of the
dynamic sealing module is illustrated in Fig7. Ini-
tially, the input image is processed to extract fea-
tures at different scales, F1, Fy, and F3, which are
then optimized through scale-aware and spatial-
aware attention mechanisms. Finally, the features
are processed through an ROI pooling layer and
further optimized by the task-aware attention
module, resulting in the output image.

3.4 Focal-CloU Loss Function

YOLOv8 employs the CIOU loss function to
estimate the dissimilarity between the predicted
values of the network model and the actual val-
ues(Zheng et al. 2020). The CIOU loss function
not only considers the overlap area between the
predicted and the actual bounding boxes but also
takes into account the distance between their
centers and the similarity in aspect ratio. This
provides a more comprehensive and precise evalu-
ation method for object box regression. The com-
putational formulae are presented in Equations16
, 17,18, 19, and 20:

ANB
1 = 1
oU 108 (16)
2 (b, bet
Rerov = rez (62 ) + av (17)
w9t

v = ﬁ(arctan Hat arctan %)2 (18)
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In Equation16, A and B represent the areas of the
predicted and the actual bounding boxes, respec-
tively, and are crucial parameters for calculating
the ToU. IoU is a commonly used metric in object
detection tasks to measure the overlap between
the predicted and actual boxes. In Equationl7,
bdenotes the center coordinates of the predicted
box, while b9! represents those of the actual box W
and w9 are the widths of the predicted and actual
boxes, respectively, h and h9 are their heights.
p(b,b9") calculates the Euclidean distance between
the center points b of the predicted box and b9¢
of the actual box. ¢ denotes the diagonal distance
of the smallest enclosing area containing both the
predicted and actual boxes, a parameter in the
CIOU loss used to measure the distance between
centers. The parameter v quantifies the consis-
tency of the aspect ratio, indicating the shape
similarity between the predicted and actual boxes.
a is a weighting parameter used to adjust the
impact of v on the final loss value. Based on
Equations 18 and 19, v and « are derived and
jointly contribute to Equation20 to calculate the
final loss function.

However, the process of predicting target
bounding box regression often faces the issue of
imbalanced training samples. Specifically, in an
image, the number of high-quality anchor boxes
with small regression errors is typically far less
than that of low-quality anchor boxes with large
errors. These low-quality anchor boxes, due to
their significant regression errors, generate exces-
sive gradients, adversely affecting the training
process. Direct use of CloU Loss often does
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(b)

not yield optimal results. To address this issue,
this paper introduces Focal Loss, a loss function
specifically designed to tackle sample imbalance
problems. By combining CIloU Loss with Focal
Loss(Lin et al. 2017), Focal-CIoU Loss is pro-
posed. Focal-CloU Loss approaches the issue from
a gradient perspective, adjusting the form of
the loss function to impose varying degrees of
penalty on high and low-quality anchor boxes.
Thus, even with a higher number of low-quality
anchor boxes, their impact on the overall training
process is effectively mitigated, while high-quality
anchor boxes receive more attention and opti-
mization. In this way, Focal-CloU Loss better
balances the impact of anchor boxes of vary-
ing qualities, thereby enhancing the performance
of object detection. The formula is presented in
Equation21:

Lrocal—-g1ou = 10U Lgior, (21)
In the formula, ~y represents the weighting param-
eter, and it has been experimentally demonstrated
that a ~ value of 0.8 yields the best results.

4 Experimental Results and
Analysis

4.1 Experimental Setup

The experimental setup for this study is as fol-
lows: Windows 10 operating system, CPU is AMD
EPYC 7543 with 32 cores, turbo frequency is
3.7GHz, GPU is NVIDIA RTX 3090 (24GB),
CUDA 11.3, training conducted in PyTorch 1.11
and Python 3.8 environment. Model training
parameters include a batch size of 64 for each

»> Feature maps



training iteration, 200 epochs, 16 worker threads,
and a learning rate of 0.001.

4.2 Comparative Experiments

To evaluate the performance of the YOLO-DBD
model, the study selected 10 commonly used deep
learning algorithms for multi-class harmful leaves
detection experiments and compared their per-
formance with that of YOLO-DBD. From the
comparison results in 1, it can be seen that the
YOLOv8-DBD network has achieved a significant
improvement in mAP compared to the YOLOvS8s
network, indicating more accurate recognition of
different classes of harmful leaves.Simultaneously,
the FLOPs of YOLO-DBD, indicating the model’s
computational complexity, were also reduced, sig-
nifying increased efficiency. However, the detec-
tion speed of YOLO-DBD is lower, which may be
due to a more complex model structure or the
use of a more refined feature extraction mecha-
nism. Additionally, there was a slight increase in
the number of parameters of the model.

Compared to Faster-RCNN and SSD, the
mAP of YOLO-DBD increased by 12.4% and
14.1%, respectively. The AP and FPS for THL,
CHL, and OHL showed significant improvements,
while the number of parameters and FLOPs
notably decreased. Compared with YOLOv4, the
mAP of YOLO increased by 2.9

In comparison with YOLOv5s and YOLOv5],
the mAP of YOLO-DBD increased by 11.1% and
3.3%, respectively. The AP for IHL, CHL, and
OHL significantly increased, but the detection
speed was noticeably slower than these two mod-
els. Compared with YOLOv7-Tiny and YOLOv7,
the mAP of YOLO-DBD increased by 10.3% and
4.5%, respectively. The AP for IHL, CHL, and
OHL significantly increased, but FPS decreased.
Against YOLOv8m, YOLOvS8], and YOLOvS8x,
the mAP of YOLO-DBD increased by 3.3%, 1.7%,
and 2.8%, respectively. the AP of CHL signifi-
cantly increased, the AP of OHL saw a slight rise,
and compared to YOLOvS8I] and YOLOv8x, IHL
decreased. The number of parameters and compu-
tational complexity significantly reduced, with an
increase in FPS.

The YOLO-DBD network demonstrates sig-
nificant performance advantages in the task of
detecting multiple classes of harmful leaves, espe-
cially when compared with several popular deep
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learning models. Specifically, compared to Faster-
RCNN and SSD, YOLO-DBD achieved signifi-
cant improvements of 12.4% and 14.1% in mAP,
respectively, along with increases in FPS, and
notable reductions in parameters and FLOPs. In
the comparison with YOLOv5s and YOLOv5],
YOLO-DBD showed mAP increases of 11.1%
and 3.3%, respectively, but with slower detection
speeds than these two models. When compared
with YOLOvT7-Tiny and YOLOv7, the mAP
of YOLO-DBD improvements were 10.3% and
4.5%, respectively, while FPS decreased. Further-
more, compared to YOLOv8m, YOLOvS8I, and
YOLOv8x, YOLO-DBD exhibited mAP improve-
ments of 3.3%, 1.7%, and 2.8%, respectively, and
also showed advantages in computational com-
plexity and FPS. This indicates that YOLO-DBD,
while enhancing detection accuracy, effectively
optimizes the model’s efficiency and computa-
tional burden. Although there is a decrease in
detection speed in certain scenarios, overall, it
demonstrates significant competitiveness among
many deep learning models.

Fig8 provides a visual comparison, illustrat-
ing the performance of YOLO-DBD alongside ten
other deep learning models in detecting multi-
ple classes of harmful leaves targets and crop-
ping them accordingly. The results demonstrate
that YOLO-DBD excelled in this task, accurately
detecting all target, while other models exhib-
ited varying degrees of detection errors. Specif-
ically, models like SSD, YOLOvb5s, YOLOv7,
and YOLOv8m misclassified non-harmful leaves
as harmful. Moreover, models such as Faster-
RCNN, SDD, YOLOv5s, YOLOv5l, YOLOvT-
Tiny, YOLOv7, YOLOv8s, YOLOv8m, and
YOLOvS8x failed to detect the target at least once.
Additionally, models including Faster-RCNN,
SDD, YOLOv5Il, YOLOv7-Tiny, YOLOvS8s, and
YOLOv8m also made at least one target cate-
gory detection error. These results fully reflect
the advantages of YOLO-DBD in handling com-
plex scene target detection tasks, especially in
applications requiring accurate identification of
different classes of targets. The high accuracy and
robustness of YOLO-DBD make it a deep learn-
ing model with significant advantages in practical
agricultural applications.



Table 1 The results of different deep learning models for detecting multi-class harmful leaves.

AP(%)

Model Parmeter (M) FLOPS(G) P(%) R(%) IHL CHL OHL mAP(%) FPS
Faster-RCNN 43.1 60.5 75.6 72.8 76.2 77.8 65.5 74.4 11.3
SDD 26 - 71.5 4.7 76.5 73.7 68.3 2.7 15.4
YOLOv5s 6.8 16.0 74.2 73.8 77.1 78.2 66.2 75.7 58.3
YOLOv51 49.0 107.7 80.1 78.9 84.9 84.6 80.9 83.5 41.6
YOLOv7-Tiny 13.2 13.1 73.6 75.7 78.4 77.5 71.5 76.3 81.2
YOLOv7 36.5 105.2 84.6 78.7 83.4 83.5 77.5 82.3 60.4
YOLOv8s 10.6 28.4 82.0 73.3 82.5 83.0 77.2 80.8 64.5
YOLOv8m 24.6 78.7 81.3 7.1 84.68 87.1 78.7 83.5 30.8
YOLOv81 41.5 164.8 83.9 78.5 87.7 84.3 83.2 85.1 19.6
YOLOv8x 64.9 257.4 85.9 72.2 86.6 83.9 81.6 84.0 15.9
YOLO-DBD 11.6 25.1 80.8 83.2 85.9 91.5 83.2 86.8 36.2

Fig. 8 To detect harmful leaves using various deep learning models: (a) manually annotated image; (b) Faster-RCNN,
(c) SSD; (d) YOLOv5s; (e) YOLOvV5]; (f) YOLOv7-Tiny; (g) YOLOvT; (h) YOLOvS8s; (i) YOLOv8m; (j) YOLOv8I; (k)
YOLOvVS8x; (1) YOLOv8-DBD. Yellow boxes indicate undetected harmful leaves, blue boxes represent misclassified categories,
and purple boxes indicate detection errors in the bounding box.
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4.3 Ablation Study

To verify the effectiveness of the improvement
modules proposed in this paper, a comparative
analysis of the network performance with differ-
ent improvement modules was conducted. The
performance test results of different networks are
shown in Table 2. As can be seen from Table
2, different improvement methods have certain
impacts on network performance. An analysis of
the performance after various network structural
improvements was conducted, demonstrating the
effects of different network structural improve-
ments on the model’s ability to detect harmful
leaves.

By conducting experimental comparisons,
improvement 1 added DCNv2 to the basic C2f
model, resulting in a 1.4% increase in mAP com-
pared to the initial model. This enhancement
more effectively captures the shape and posi-
tional characteristics of targets, better adapting
the network’s perception capabilities in complex
environments. Improvement 2 involved modifica-
tions to the detection head, replacing the original
with Dyhead, which further enhanced the percep-
tion of spatial location, scale, and task regions in
the head. This not only increased the mAP by
2.1% but also reduced FLOPs by 10.4%, mak-
ing it more suitable for deployment on embedded
mobile terminals. Users can choose a less expen-
sive processor with minimal sacrifice in detection
performance. Improvement 3 introduced a BRA
mechanism at the end of the backbone network,
slightly increasing computational demands but
enhancing feature extraction capabilities, with a
0.9 increase in mAP and a 13.1% increase in
detection speed over the original. Improvement 4
incorporated Focal Loss on top of CIOU, signif-
icantly addressing the issue of sample imbalance
and resulting in a 1.6% increase in mAP.

The confusion matrices for YOLOv8-DBD and
YOLOvVS8-s are shown in 9. Here, True represents
the true distribution of categories, and Predict
represents the predicted distribution of categories.
The confusion matrix reveals that YOLOv8-DBD
achieves a higher true positive rate for each cat-
egory compared to YOLOvS8s, indicating that
YOLOv8-DBD performs better in terms of both
precision and recall.
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5 Conclusions

This paper proposes a method for detecting
multiple classes of harmful leaves blades in tar-
get harvesting based on the YOLO-DBD net-
work model. The YOLO-DBD network comprises
C2f-DCN, BRA, SPP, PAN-FPN, and Dyhead.
C2f-DCN effectively captures target features and
enhances detail perception. BRA enhance feature
extraction and reduces computational overhead.
Additionally, Dyhead enhances spatial, scale, and
task area perception, thereby improving detection
accuracy. Finally, CIOU-Focal Loss effectively
addresses sample imbalance issues, enhancing the
model’s accuracy and stability.

Experiments conducted in the complex and
dense tea plantation environment indicate that
the YOLO-DBD achieves an mAP value of 86.8%
for the detection of multiple categories of harmful
leaves blades. The mAP values for single harmful
leaves blades, clustered harmful leaves blades, and
occluded harmful leaves blades are 85.5%, 91.5%,
and 83.2%, respectively. Compared to ten other
commonly used deep learning networks, includ-
ing Faster-RCNN, the YOLO-DBD model attains
the highest mAP in detecting tea leaves while
maintaining commendable detection speed.It can
offer crucial guidance to the robotic arm during
pruning processes related to posture and obstacle
avoidance.
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