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Abstract

The terrain of tea gardens in Yunnan is complex, and the branches and leaves of tea
trees are densely interlaced. Traditional manual picking methods are labor-intensive
and inefficient, and can no longer meet the needs of modern tea industry development.
To achieve automatic recognition of tea buds and leaves and accurate two-dimensional
localization of picking points in complex natural environments, this study constructs
a lightweight and high-precision tea bud and leaf detection and keypoint localization
model, YOLOv11-pose-BEH, based on the YOLOv11-pose model. Based on the original
network, this model introduces the BiFPN feature fusion module to achieve efficient
bidirectional transmission of multi-scale information. The EMA (Efficient Multi-scale
Attention) mechanism is integrated to form the C2PSA_EMA module, improving the
effect of multi-scale feature extraction. HetConv is introduced to form the C3K2_HetConv
module, enhancing the extraction of local texture and edge features. Compared with the
baseline network, the improved YOLOv11-pose-BEH achieved significant improvements
in both tea bud object detection and picking point localization. For the tea bud object
detection task, the precision, recall, mAP0.5, and F1-score increased by 7.41, 6.39, 5.28, and
6.88 percentage points, respectively. For the picking point localization task, the precision,
recall, mAPOQ.5, and Fl-score increased by 5.86, 5.83, 4.83, and 5.85 percentage points,
respectively. These results indicate that the proposed model can achieve more accurate and
stable tea bud and leaf detection and two-dimensional picking point localization under
complex backgrounds, providing efficient and reliable technical support for the visual
perception of intelligent tea-picking robots in tea gardens.

Keywords: tea bud and leaf detection; 2D picking point localization; YOLOv11-pose-BEH;
BiFPN; EMA mechanism; HetConv convolution

1. Introduction

Tea is one of the three major non-alcoholic beverages in the world and has a wide
consumer base globally [1,2]. As one of China’s main tea-producing regions, Yunnan
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possesses unique plateau climates and diverse ecological environments, which endow its
tea trees with a long growth cycle and excellent bud and leaf quality [3]. However, the
distinctive mountainous terrain of the plateau also restricts the automation and intelligence
development of tea picking. At present, tea harvesting is still mainly performed manually.
This traditional picking method is inefficient, requires intensive labor input, and faces
increasingly severe labor shortages, which have become major constraints on the sustainable
development of the tea industry in Yunnan [4]. Therefore, how to utilize computer vision
technology to achieve accurate and rapid recognition of tea buds and leaves, as well as
precise localization of picking points, has become a key issue in realizing automated and
intelligent tea picking [5].

In automated tea-picking systems, visual perception constitutes one of the core com-
ponents. The detection of tea buds and the precise identification and localisation of picking
points directly influence the operational effectiveness of harvesting machinery [6]. Com-
pared with conventional crop object detection tasks, tea bud and leaf recognition and
localization in the natural environment of Yunnan tea gardens face more complex chal-
lenges. First, tea buds and leaves are small in size and similar in morphology, making
them easily affected by branch and leaf overlap and background interference. Second, the
illumination in tea gardens changes significantly with time, slope direction, and canopy
occlusion, resulting in unstable texture and color features of the targets. Third, intelligent
picking requires not only the bounding box locations of tea buds and leaves, but also the
further determination of two-dimensional picking point positions that meet the picking
standards. Therefore, tea bud and leaf recognition and localization in the natural environ-
ment of Yunnan tea gardens exhibit typical characteristics of small-object detection, while
also imposing higher requirements for the precise localization of picking points in complex
scenarios [7,8]. The task of detecting small objects places exceptionally high demands on
the precision and robustness of detection algorithms [9]. This challenge is further amplified
in complex natural settings.

To address this issue, early methods mainly relied on manually designed color, shape,
and texture features. Zhang et al. achieved tea bud segmentation using G-B component
enhancement and the watershed algorithm, obtaining a segmentation accuracy of 94.26%
on 100 samples. However, this method was highly sensitive to illumination changes and
was difficult to apply in natural tea garden environments. With the widespread application
of the YOLO series models in agricultural vision tasks, researchers began exploring their
feasibility in tea bud detection [10]. Yang et al. constructed the TBD dataset, including
four tea varieties, and systematically compared seven mainstream algorithms such as
YOLOvV4, YOLOV5, and YOLOX. The results showed that YOLOX achieved a mAP of
95.47%, but the accuracy dropped by about 14% in the classification of Anji Baicha and
Nong Kangzao due to their similar color [11]. Zhang et al. proposed TS-YOLO, replacing
the YOLOv4 backbone with MobileNetV3 and introducing deformable convolution and
coordinate attention mechanisms. While maintaining an AP of 82.12%, the model size was
reduced to 11.78 MB, an 81.7% decrease compared with YOLOv4. However, its recall rate
was only 78.42% under bud-leaf overlap and occlusion scenarios [12]. In addition, Zhang
et al. removed the Focus layer and pruned the Neck layer in ShuffleNetv2-YOLOvS5-Lite-E,
reducing the model to 27% of YOLOV5's size. It achieved 8.6 fps real-time detection on
Raspberry Pi and 97.43% mAP on PC, but was limited to single “one-bud-two-leaves”
morphology, restricting its applicability in multi-grade tea classification [13]. Li et al.
targeting the severe overlap of “one-bud-one-leaf/two-leaves” in large-leaf tea varieties,
proposed Tea-YOLO, integrating the GhostNet lightweight backbone, CBAM attention, and
SIoU loss function. Under complex lighting and weather conditions, it achieved a mAP of
85.15%, an improvement of 1.08% over YOLOv4, while reducing parameters by 82.36%,
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achieving a good balance between robustness and lightweight performance [14]. Li et al.
proposed the TeaBudNet model to address the challenges of small tea bud targets, complex
backgrounds, and limited computational resources of edge devices in outdoor tea garden
environments. By introducing Weight-FPN, a P2 detection layer, and a Group-Taylor
pruning strategy, their method improved tea bud detection accuracy while also achieving a
better balance between model lightweighting and practical deployment capability [15].

This line of research mainly focuses on the task of small tea bud detection itself, with
particular emphasis on improving detection performance and deployment efficiency, while
paying relatively limited attention to the precise localisation of picking points required
for intelligent harvesting operations. Therefore, relying solely on tea bud detection is
still insufficient to meet the practical demands of integrated visual perception in intelli-
gent tea-picking systems, where both target recognition and picking-point determination
are required.

Tea shoot detection is only the first step toward automated tea harvesting; to truly
replace manual picking with machines, it is also essential to accurately localise the picking
points on the tea shoots. Wang et al. refined the stem-leaf mask based on Mask R-
CNN, using the centroid of the stem as the picking point, achieving 93.95% positioning
accuracy on 100 complex-scene images. However, this method required extensive semantic
annotations and was limited by its inability to simultaneously locate multi-level picking
points and its sensitivity to occlusion [16]. To improve robustness, Pan et al. broke away
from the CNN paradigm and proposed the SORC-SFT framework, using Swin-Transformer
as the backbone. By combining rotated box detection with semantic segmentation, they
transformed the picking point localization into a mask centroid calculation problem. The
method achieved an average success rate of 92.97% across four viewpoint categories,
realizing the first “view—variety—pose” three-dimensional generalization [17]. However,
this approach followed a two-stage pipeline, resulting in inference latency about three times
higher than traditional methods, which limited its deployment on edge devices. Shuai
et al. introduced a six-point keypoint regression strategy based on YOLOVS5, proposing the
YOLO-Tea model. The picking point was defined as the midpoint between the bud base
and the stem tip, achieving a mAP of 76.53%. Although this model improved the mAP
by 5.26% over the baseline and supported dual-level picking point localization (“single
bud”/”one bud and one leaf”), its localization precision still did not meet the requirements
of actual picking operations [18].

In summary, although existing studies have made some progress in tea shoot detection
and picking-point localisation, significant challenges still remain in complex tea plantation
environments. Traditional detection frameworks often lack robustness to illumination
changes, leaf overlap, and background interference in natural scenes, while two-stage
detection and segmentation methods usually require relatively high computational cost
and are therefore difficult to deploy in real-time tea-picking systems. In addition, existing
single-stage models still have limited accuracy in the joint task of one-bud-two-leaves
detection and picking-point localisation. Based on this, this study explores a one-stage-
model-based method for detecting tea buds and leaves and two-dimensional picking points
in complex environments. The main contributions of this paper are as follows:

(1) To address the problems of obvious scale variation in tea bud targets and insufficient
feature representation under different growth morphologies, the BiFPN structure is
introduced into the feature fusion stage of YOLOv11-pose to enhance information
interaction among multi-scale features, thereby improving the model’s representation
ability for tea bud targets of different scales and their local structural features.

(2) To reduce the adverse effects of branch and leaf overlap and complex background
interference on target recognition and keypoint localization in natural tea gardens,
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the EMA mechanism is integrated into the feature extraction process of the model
to strengthen the model’s attention to key tea bud regions and spatial location infor-
mation, improving the specificity and stability of feature extraction under complex
background conditions.

(3) The HetConv heterogeneous convolution structure is introduced to enhance feature
representation ability while controlling the number of model parameters and compu-
tational complexity, enabling the model to better balance recognition accuracy and
computational efficiency.

2. Materials and Methods

2.1. Dataset Construction
2.1.1. Image Acquisition

In this study, tea buds of Camellia sinensis (Yunnan large-leaf tea) were selected as
the research objects. The image data of tea buds and leaves were collected at the Yuecheng
Base, Menghai County, Xishuangbanna Prefecture, Yunnan Province, China, from April
to September 2025. To ensure the representativeness of the experimental images, a Canon
EOS R5 camera (Canon Inc., Tokyo, Japan) was used as the data acquisition device. Image
acquisition was conducted between 9:00 and 17:00 across different field plots and individual
tea plants, so that the dataset included tea bud and leaf samples under varying illumination
intensities, shooting angles, and natural field conditions, thereby improving the diversity
of the original image dataset.

A total of 1249 tea bud and leaf images were collected. To ensure dataset quality,
1000 images were finally selected as the original dataset after strict screening. To avoid
data leakage caused by augmented versions of the same original images appearing simul-
taneously in the training set, validation set, or test set, the 1000 original images were first
divided into the training set, validation set, and test set at a ratio of 8:1:1 before data aug-
mentation. The original images covered different field plots and individual tea plants, and
the test set was composed only of original, non-augmented images that were not used for
model training or validation. On this basis, data augmentation operations were performed
only on the training set images, including random rotation, exposure adjustment, and
brightness adjustment [19], expanding the training set to 3200 images. The validation set
and test set remained unchanged and consisted exclusively of original, non-augmented
images. Therefore, they were used to objectively evaluate the detection and picking point
localization performance of the model on unseen original samples.

2.1.2. Image Annotation

This study used the labelme image annotation tool to annotate the target regions
and keypoints of tea buds and leaves. Figure 1 shows an example of data annotation.
When annotating the target region, this study used the whole one-bud-two-leaf structure
as the detection object and annotated its enclosing region with a rectangular bounding
box. Considering that different picking standards, such as single bud, one bud with one
leaf, and one bud with two leaves, exist in the actual tea picking process, only annotating
the target detection box is difficult to meet the requirement of picking point localization.
Therefore, this study further annotated six keypoints on each tea bud and leaf target to
describe the two-dimensional picking positions under different picking grades of tea buds
and leaves.

Specifically, points 1, 2, and 3 correspond to the bud tip, the first leaf tip, and the
second leaf tip, respectively. They are mainly used to represent the morphological structure
of tea buds and leaves, the leaf unfolding direction, and the local spatial relationship, and
serve as auxiliary structural keypoints in model training. Points 4, 5, and 6 correspond
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to the picking points under the picking standards of single bud, one bud with one leaf,
and one bud with two leaves, respectively, and are used to represent the two-dimensional
picking positions under different picking requirements. Among them, the picking points
are determined according to the actual picking standards of different picking grades of
tea buds and leaves, and are specifically annotated near the connection area between the
base of the corresponding bud-leaf combination and the tender stem. This position refers
to the requirements for bud and leaf integrity, retained tender stem length, and picking
grade consistency during manual picking, and is used to represent the two-dimensional
suitable cutting positions under the picking standards of single bud, one bud with one
leaf, and one bud with two leaves. To ensure the reliability of the annotation results, the
keypoint annotation rules were jointly determined by researchers in tea science based on
manual picking experience. After annotation, the samples were reviewed, and samples
with obvious deviations or disputes in keypoint positions were re-annotated or removed.

Bud top
First leaf top
Second leaf top

Bud picking point
V First tea picking point

§
\ i Second tea picking point

Figure 1. Schematic Diagram of Image Annotation for the Dataset.

During keypoint training, this paper follows the default pose estimation training
method of the YOLOv11-pose framework, and jointly optimizes the bounding boxes,
classes, and keypoints. Related studies such as YOLO-Pose introduce Object Keypoint
Similarity (OKS) into the design of keypoint loss, and measure the keypoint localization
error through the spatial distance between the predicted keypoints and the ground-truth
keypoints [20]. The keypoint loss can be formulated as shown in Equation (1):

2

Nipts
Y P exp(=5—)6(v, > 0)
n=1 OPlo5pa /0n

N S
Y, (v > 0)

)

Lkpts =1-

where d;; denotes the Euclidean distance between the predicted position and the ground-
truth position of the n-th keypoint, s denotes the object scale, k,, denotes the keypoint-related
weight, and 6(v;, > 0) indicates whether the keypoint is visible or valid for calculation.

In this study, six keypoints were annotated for each tea bud target. The 1st, 2nd,
and 3rd keypoints correspond to the bud tip, the first leaf tip, and the second leaf tip,
respectively, and mainly serve as auxiliary structural keypoints. The 4th, 5th, and 6th

https://doi.org/10.3390/agronomy16131278


https://doi.org/10.3390/agronomy16131278

Agronomy 2026, 16, 1278

6 of 22

keypoints correspond to the two-dimensional picking points under the picking standards
of single bud, one bud with one leaf, and one bud with two leaves, respectively. During
the training stage, all six keypoints participated in the training of the YOLOv11-pose
model. This study did not set additional manual weights for different keypoints, nor did it
separately construct an explicit structural constraint loss. The 1st, 2nd, and 3rd auxiliary
structural keypoints mainly help the model learn the overall morphological structure of
tea buds and leaves, the leaf unfolding direction, and the local spatial relationship through
joint regression with the 4th, 5th, and 6th picking points, thereby providing indirect spatial
constraints for picking point localization.

2.2. YOLOv11 Algorithm Improvement
2.2.1. YOLOv11 Network

YOLOV11 is an efficient object detection algorithm proposed by the Ultralytics team
on 30 September 2024 [21]. Compared with YOLOvS, YOLOV11 replaces the original C2f
module with the C3K2 module. The C3K2 module optimizes the computational perfor-
mance of the Cross-Stage Partial (CSP) mechanism by using two smaller convolutional
layers instead of one large convolution, thereby improving the processing speed while
maintaining network balance [22]. In the Backbone, a new C2PSA module is introduced
while retaining the original SPPF module. This enhances spatial attention within the fea-
ture maps, enabling the network to efficiently focus on important regions. In the Head,
depthwise separable convolutions are adopted to reduce the number of parameters and
computational cost, while extending support for multiple tasks such as object detection,
instance segmentation, and pose estimation, thus demonstrating stronger generalization
capability. Most importantly, the newly added keypoint detection function in YOLOv11
enables precise prediction of key structural points of targets, providing model support for
the two-dimensional localization of tea bud picking points. This feature grants YOLOv11
higher research potential and application value in agricultural vision tasks [23,24]. Over-
all, YOLOvV11 achieves higher mAP0.5 on the COCO dataset while significantly reducing
latency, effectively balancing speed and accuracy. It performs excellently in real-time
applications and offers a reliable network foundation for subsequent studies on tea bud
recognition and picking point localization.

To enhance the performance of YOLOv11 in tea bud small-object detection and picking
point localization tasks, this study improves the network architecture from three aspects:
(1) The BiFPN module is introduced into the Neck part to achieve efficient multi-scale
fusion of shallow spatial details and deep semantic information, optimizing the problem
of insufficient small-target feature extraction. (2) In the Backbone part, the Efficient Multi-
Scale Attention (EMA) mechanism is integrated into the C2PSA module to construct
the C2PSA_EMA structure, which improves the precision of feature selection and the
capability of contextual information extraction, thereby enhancing the model’s recognition
performance of tea buds and picking point regions under complex tea garden backgrounds.
(3) The heterogeneous convolution (HetConv) is introduced into the C3K2 module to form
the C3K2_HetConv module, which strengthens the feature representation of local textures
and edge details while improving the efficiency of convolution computation, thereby
helping to improve the detection accuracy of small-scale targets.

The synergistic effect of these three components enables the improved YOLOv11
model to maintain real-time performance while achieving stronger small-object recognition
capability and higher keypoint localization precision. This provides effective technical
support for intelligent tea-picking applications. The architecture of the improved YOLOv11
network is shown in Figure 2.
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Figure 2. Schematic Diagram of the Improved YOLOv11-pose-BEH Model Network Architecture.

2.2.2. Improvement of Multi-Scale Feature Fusion Based on BiFPN

As a lightweight keypoint detection network, YOLOv11 primarily employs the
FPN + PAN structure in its Neck for multi-scale feature fusion. However, this structure has
two main limitations: first, the direction of feature information transmission is relatively
single, leading to insufficient cross-layer interaction; and second, all input features are
equally weighted during fusion, making it impossible to adaptively adjust their contri-
butions according to the importance of features with different resolutions [25]. These
limitations are particularly prominent in tea bud and leaf recognition tasks, where they can
easily result in unstable detection, keypoint offset, or missed detections.

To address the aforementioned issues, this study introduces the BiFPN module into the
Neck part of YOLOv11. The BiFPN module, proposed by Mingxing Tan et al., is an efficient
multi-scale feature fusion network that enhances information flow and fusion capability
among feature layers [26]. Built upon the traditional Feature Pyramid Network (FPN),
BiFPN further optimizes cross-layer connections and feature fusion strategies. Through
bidirectional feature fusion, it allows features to flow and merge both from top to bottom
and from bottom to top across the network layers, thereby avoiding the information loss
caused by a single-path structure and enhancing the model’s perception ability for multi-
scale objects [27-29].

The network architecture comparison between BiFPN and three other feature pyramid
fusion modules is shown in Figure 3.

For feature maps of different resolutions, BiFPN adopts a weighted feature fusion
mechanism to optimize the effectiveness of feature integration. In the traditional FPN,
feature fusion is performed simply by summing all input features without considering the
varying influence of different-resolution features on the output [30]. In contrast, BiFPN
assigns distinct learnable weights to features of different resolutions, achieving more
flexible and efficient feature fusion. This mechanism not only enhances the model’s ability
to detect multi-scale objects but also effectively reduces redundant information interference,
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(a)FPN

thereby further improving the overall network performance [31]. The output of the fused
feature map can be expressed as Equation (2):

wj )
0=Y, S 2

where O denotes the output fused feature map, I; represents the i-th input feature map, w
denotes the learnable weight parameter, and € is a stability constant.

repeated blocks repeated blocks

P70
PeO
PsO
Ze
P3O

(b)PANet (c)NAS-FPN (d)Bi_FPN

Figure 3. Comparison of BiFPN with three other multi-scale feature fusion architectures: (a) Feature
Pyramid Network (FPN); (b) Path Aggregation Network (PANet); (c) Neural Architecture Search
Feature Pyramid Network (NAS-FPN); (d) Bidirectional Feature Pyramid Network (BiFPN).

2.2.3. C2PSA_EMA Module

In the task of small tea bud and leaf target recognition and picking point detection,
the complex illumination conditions and backgrounds of tea plantations often lead to low
target contrast, posing significant challenges to the model’s feature extraction capability.
Although the original C2PSA module provides certain advantages in enhancing local
feature representation, its performance still shows limitations under complex conditions.
To address this issue, this study introduces the Efficient Multi-Scale Attention (EMA)
module and integrates it with the C2PSA module to form the C2PSA_EMA module, thereby
improving the model’s detection accuracy and stability in this task.

The EMA module is a novel efficient multi-scale attention module proposed by Daliang
Ouyang et al. in 2023 [32]. This module can enhance feature representation ability, improve
multi-scale feature extraction performance, and thus improve object detection performance
and optimize computational efficiency, enabling the model to better adapt to complex
scenes and small-object detection tasks while maintaining high efficiency.

As shown in Figure 4, the first part of the EMA module divides the input feature map
into G sub-features along the channel dimension, where each sub-feature group contains
C/G channels. The grouped feature maps can be represented as {Xo, X1, ..., Xg—1}, with

each group denoted as X, € RC/GxH>W

, and each group can independently learn different
semantic information. This multi-group feature processing method effectively avoids
the information loss caused by channel dimensionality reduction in the original network
and forms differentiated feature representations among different groups, which helps
the network better capture differences in morphology and texture structures of tea buds
and leaves [33]. The second part employs a parallel substructure consisting of two 1 x 1
branches and one 3 x 3 branch to process the feature maps output from the first part. The
processed feature maps from the 1 x 1 and 3 x 3 branches are denoted as F1 1 and Fs.3,
respectively. Subsequently, a Softmax normalization operation is applied to generate a

two-dimensional Gaussian-like spatial weight map. Finally, by performing a matrix dot
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product operation, the attention features from the 1 x 1 and 3 x 3 branches are interactively
fused to obtain a new cross-spatial attention map.

As shown in the network architecture diagram of the C2PSA_EMA module in Figure 2,
the EMA mechanism is integrated into the original C2PSA module. This fusion not only
preserves the local feature representation ability of the C2PSA module, but also suppresses
irrelevant background noise, outputting more discriminative and robust high-level seman-
tic features, which enables the model to achieve more accurate keypoint localization and
small-object detection under complex backgrounds.

Groups

v v v

X Avg Pool Y Avg Pool Conv(3x3) ]
[ |
v
Concat+Conv(1x1) ]
v v
Sigmoid ] Sigmoid ]

[ 1]

Re-weight

e T T T ] B S e

GroupNorm

Avg Pool
Avg Pool
Softmax

Softmax
v =

Matmul

Sigmoid

Re-weight

Figure 4. Schematic diagram of the Efficient Multi-Scale Attention (EMA) module.

2.2.4. C3K2_HetConv Module

In the YOLOV11 architecture, the C3K2 module operates by splitting the input features
into two branches. One branch preserves the original information through a residual
connection, whereas the other performs feature extraction through a bottleneck structure
composed of two 3 x 3 convolutions. The outputs of the two branches are then concate-
nated and fused. However, because the C3K2 module contains a relatively large number
of 3 x 3 convolution operations, its parameter count and computational cost remain com-
paratively high. In small-object detection tasks such as tea bud detection, an excessive use
of homogeneous 3 x 3 convolutions not only increases the computational burden of the
model, but also makes it more difficult for the network to achieve a better balance between
lightweight design and detection accuracy.

To address this issue, HetConv is introduced into the C3K2 module in this study to
construct the C3K2_HetConv module. HetConv (Heterogeneous Kernel-Based Convolu-
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tion), proposed by Singh et al., is a convolutional operation based on heterogeneous kernels,
whose core idea is to mix kernels of different sizes within the same convolutional filter [34].
Specifically, a proportion of the channels retains conventional K x K kernels for spatial
feature extraction, while the remaining channels use 1 x 1 kernels to reduce the number of
parameters and FLOPs. When K = 3, some of the channels still employ 3 x 3 convolutions
to preserve spatial correlation modelling, whereas the remaining channels use 1 x 1 convo-
lutions to perform lightweight feature transformation.

The key advantage of HetConv lies in retaining the convolutional layer’s ability to
model local spatial information as much as possible while reducing computational cost.
If all channels were replaced by 1 x 1 kernels, the convolutional filter would lose the
necessary capacity to model spatial correlations, which would in turn lead to a decline in
model accuracy. Therefore, HetConv does not simply “lightweight” standard convolution
into a purely 1 x 1 operation. Instead, it preserves 3 x 3 kernels on a subset of channels so
that the network can still effectively capture local structures and spatial relationships, whilst
using 1 x 1 kernels on the remaining channels to reduce redundant computation. In this
way, HetConv achieves a more favourable balance between representational capacity and
computational efficiency. The computational complexity of HetConv relative to standard
convolution can be formulated as shown in Equation (3):

_1
O/
RHetConv = P + K2 3)

Here, P denotes the heterogeneity ratio control parameter, and K represents the kernel
size. When K = 3 and P = 4, the computational cost of a single layer can be reduced by
approximately 66.7%. The comparison between standard convolution filters and heteroge-
neous convolution filters is shown in Figure 5.

]

Figure 5. Comparison between standard convolution filters and heterogeneous convolution filters.
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Compared with the original C3K2 module, the proposed C3K2_HetConv module
preserves the residual connection and cross-stage feature concatenation structure, whilst
replacing part of the homogeneous 3 x 3 convolutions with a heterogeneous kernel design.
This enables the network to reduce parameter redundancy and computational cost while
maintaining high sensitivity to fine-grained local features of tea buds and picking points,
such as texture, contour, and boundary information. As a result, the proposed module
achieves an effective balance between the requirements of lightweight deployment and
improved detection accuracy.

3. Results and Analysis
3.1. Experimental Environment

The experimental environment for this study is configured as shown in Table 1:

Table 1. Configuration of the experimental environment.

Configuration Item Configuration Parameter
Operating system Windows 11
CPU Intel(R) Core (TM) i7-14650HX
Memory 16 GB

GPU NVIDIA GeForce RTX 4060
Compiled language Python 3.8.19
Software framework PyCharm 2024

CUDA CUDA Version 11.8

3.2. Evaluation Metrics

To comprehensively evaluate the performance of the proposed model in tea shoot
detection and picking-point localisation, Precision, Recall, mAP0.5, and Fl-score were
selected as the main evaluation metrics [35]. Because the model jointly outputs bounding-
box detection results and keypoint prediction results, the metrics were reported separately
for two subtasks. Here, B refers to the one-bud-two-leaves detection task, and P refers to
the picking-point localisation task. Precision indicates the proportion of correct predictions
among all predicted results, Recall indicates the proportion of correctly identified targets
among all annotated targets, mAP0.5 reflects the overall performance of the model at a
threshold of 0.5, and F1-score is the harmonic mean of Precision and Recall. The specific
formulas are shown in Equations (4)-(7), where TP, FP, and FN denote true positives,
false positives, and false negatives, respectively. For the B and P tasks, these metrics
were computed independently to evaluate the model performance in object detection and
keypoint localisation from different perspectives.

TP

precision = TP L EP 4)
TP
recall = TPLEN ®)
1 N
AP05 = —) AP(05 6
m Nk;l %(0.5) (6)
Fl— 2-precision-recall @)

~ precision + recall
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3.3. Tea Bud and Picking Point Detection Experiments
3.3.1. Parametric Analysis of the C3K2_HetConv Module

To further evaluate the impact of the hyperparameter P within the C3K2_HetConv
module on model performance, a series of comparative experiments were conducted. Based
on the improved YOLOv11-pose-BEH framework, the value of P was configured to 2, 4, 8,
and 16, respectively. The corresponding experimental results are summarized in Table 2.

Table 2. Performance and computational overhead of the C3K2_HetConv module across varying

values of P.

Model P(B)/% R(B)/%  mAP0.5(B)/%  F1(B)%  P(M®)/%  R(P)/% mAPO.5P)%  F1(P)/% Para/';‘dete“ GFLOPs
P=2  86.05 79.23 87.88 82.50 84.83 78.11 87.10 81.33 2.73 7.4
P=4 8925 84.36 90.08 86.74 88.16 84.36 89.64 86.22 2.66 7.0
P=8 8647 82.09 87.80 84.22 86.47 82.09 87.73 84.22 2.63 6.8
P=16  82.05 79.33 87.38 80.67 81.63 71.99 83.77 76.51 2.62 6.7

Note: P, R, and F1 denote Precision, Recall, and F1-score, respectively. B denotes the object detection task, and P
denotes the picking point localization task.

The experimental results indicate that, as the parameter P gradually increases, the
overall detection performance of the model first improves and then declines, while the
degree of model lightweighting progressively increases.

When P =2, a relatively large proportion of channels employ 3 x 3 convolutions for
spatial feature extraction. Although this design can enhance the local spatial receptive
field, an excessive number of 3 x 3 convolutions introduces considerable computational
redundancy and may lead to an overemphasis on local texture responses, thereby increasing
the influence of background noise. In the tea bud detection task, the plantation environment
typically contains complex backgrounds, such as overlapping branches and leaves as well
as varying illumination conditions. Under such circumstances, overly strong local spatial
feature extraction may instead weaken the model’s ability to discriminate the target regions.
Moreover, within the cross-stage feature fusion structure of C3K2, an excessively high
proportion of 3 x 3 convolutions may reduce the effectiveness of 1 x 1 convolutions in
channel-wise information fusion, thereby disturbing the balance of feature representation
and ultimately resulting in a decline in overall model performance.

When P = 4, the model achieved a relatively good overall performance in both the
object detection task and the picking point detection task. Taking the object detection task (B)
as an example, its Precision, Recall, mAP0.5, and F1-score reached 89.25%, 84.36%, 90.08%,
and 86.74%, respectively. In the keypoint detection task P, the Precision, Recall, mAP0.5,
and F1-score reached 88.16%, 84.36%, 89.64%, and 86.22%, respectively. Compared with
P =2, P = 4 improved Precision, Recall, mAP0.5, and F1-score in the object detection task
by 3.20, 5.13, 2.20, and 4.24 percentage points, respectively. In the keypoint detection task,
Precision, Recall, mAP0.5, and F1-score increased by 3.33, 6.25, 2.54, and 4.89 percentage
points, respectively. Meanwhile, the number of model parameters decreased from 2.73 M
to 2.66 M, and the computational cost decreased from 7.4 GFLOPs to 7.0 GFLOPs.

When P further increased to 8 and 16, the number of model parameters and the
computational cost continued to decrease, but the detection performance and picking
point localization performance decreased to varying degrees. This may be because, when
the P value is too large, the proportion of 3 x 3 convolution decreases, and only a small
number of channels are used for spatial feature extraction, resulting in a weakened ability
of the model to model the local spatial structures near tea bud edges, tender stems, and
picking points. Especially in small-object detection and fine-grained keypoint localization
tasks, local spatial information plays an important role in identifying target edges, tender
stem directions, and picking point regions. Therefore, excessively reducing the proportion
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of 3 x 3 convolution may weaken the model’s fine-grained feature representation ability,
thereby affecting the detection and localization performance.

Considering the object detection performance, picking point detection performance,
number of parameters, and GFLOPs, P = 4 achieved a good balance between accuracy and
computational cost under the current experimental settings of this study. Therefore, P = 4
was selected as the parameter configuration of the C3K2_HetConv module and was used
in the subsequent ablation experiments and model comparison experiments.

3.3.2. Ablation Study

To comprehensively evaluate the effectiveness of the proposed enhancements, an abla-
tion study was conducted based on YOLOv11. By combining different core modules, the
contributions of the BiFPN, EMA, and HetConv modules to the performance of the tea bud
and keypoint detection model were analyzed in depth. Table 3 summarizes the results of the
ablation experiments, while Figure 6 presents the corresponding comparative visualization.

Table 3. Results of the ablation experiments.

Model P(B)/% R(B)/% mAPO0.5(B)/% P(P)/% R(P)/% mAPO0.5(P)/%  Parameters/M GFLOPs
YOLOv11-pose 81.84 77.97 84.80 82.30 78.53 84.81 2.67 6.7
YOLOv11-pose-B 82.28 80.45 86.58 81.47 79.89 86.28 2.76 74
YOLOvV11-pose-E 85.27 79.89 86.62 84.88 79.33 84.54 2.62 6.7
YOLOv11-pose-H 82.04 79.09 86.01 80.26 79.89 85.20 2.64 6.5
YOLOvV11-pose-BH 84.70 81.01 86.87 84.12 81.01 86.13 271 7.0
YOLOv11-pose-EH 86.23 81.56 88.98 85.63 81.01 88.73 2.59 6.5
YOLOV11-pose-BE 88.20 83.53 88.96 87.61 82.99 88.07 2.71 74
YOLOv11-pose-BEH 89.25 84.36 90.08 88.16 84.36 89.64 2.66 7.0
—=— YOLOv11-pose
—e— YOLOv11-pose-B
Precision (B) /% —+— YOLOv11-pose-E
92 YOLOvV11-pose-H
YOLOv11-pose-BH
_ o, o,
Fl-score (P) /% Recall (B) /% YOLOV11-pose-EH
—— YOLOv11-pose-BE
—— YOLOv11-pose-BEH

mAP0.5 (P) /%

mAP0.5 (B) /%

Recall (P) /% Fl-score (B) /%

Precision (P) /%

Figure 6. Ablation study results. Note: Metrics with the suffix (B) correspond to the one-bud-
two-leaves detection task, while metrics with the suffix (P) correspond to the tea leaf picking point
detection task.

As shown by the ablation experiment results, different improved modules played
different roles in improving the performance of the YOLOv11-pose model. Compared
with the original YOLOv11-pose model, after only introducing the BiFPN module, most
indicators of the model in the object recognition task and picking point localization task
were improved, indicating that the bidirectional weighted feature fusion mechanism of
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BiFPN can enhance the information interaction among features of different scales, thereby
improving the model’s representation ability for tea bud targets and picking point regions.

After introducing the EMA module, the Precision, mAPO0.5, and F1-score of the model
in the object recognition task were further improved, and the Precision and F1-score in the
picking point localization task were also improved, indicating that the EMA module can
enhance the model’s attention to key target regions and reduce the interference of complex
backgrounds and illumination changes on feature extraction. After only introducing the
HetConv module, the model showed a certain improvement in the object recognition task,
but some indicators in the picking point localization task fluctuated, indicating that the
enhancement effect of HetConv on fine-grained keypoint features is relatively limited when
used alone.

Compared with the improvement using a single module, the model performance was
improved more significantly after combining multiple modules. Among them, YOLOv11-
pose-BE showed good overall performance in both the object recognition task and the pick-
ing point localization task. After further introducing HetConv, the final model, YOLOv11-
pose-BEH, achieved the best results. In the object recognition task, its Precision, Recall,
mAPO0.5, and Fl-score reached 89.25%, 84.36%, 90.08%, and 86.74%, respectively. In the
picking point localization task, the four indicators reached 88.16%, 84.36%, 89.64%, and
86.22%, respectively. Compared with the baseline model, the final model achieved obvious
improvements in all indicators of both tasks.

In summary, the BiFPN, EMA, and HetConv modules have good complementarity.
BiFPN mainly enhances the multi-scale feature fusion ability, EMA improves the model’s
ability to select features from effective regions, and HetConv enhances the local structure
modeling ability while reducing redundant feature representation. The synergistic effect
of the three modules enabled the final model to achieve the best overall performance
in both the object recognition task and the picking point localization task, verifying the
effectiveness of the improved strategy proposed in this paper.

3.3.3. Comparative Experiments

To verify the performance advantages of the YOLOv11-pose-BEH model in small-
object recognition and keypoint detection tasks, this study conducted a systematic compar-
ison with three mainstream keypoint detection models—YOLOv11-pose, YOLOv8-pose-p6,
and YOLOvS8-pose—under the same dataset and training parameters. The results are
shown in Table 4.

Table 4. Results of the comparative experiments.

Model P(B)/%

R(B)/% mAP0.5(B)/% F1(B)/% P(P)/% R(P)/% mAP0.5(P)/%  F1(P)/% Parameters/M GFLOPs

YOLOv11-pose-BEH
YOLOv11-pose
YOLOv8-pose-p6
YOLOV8-pose

84.36 90.08 86.74 88.16 84.36 89.64 86.22 2.66 7.0
77.97 84.80 79.86 82.30 78.53 84.81 80.37 2.67 6.7
74.01 78.45 74.10 73.88 74.03 78.46 73.95 4.90 8.5
71.75 78.65 73.04 74.81 70.62 76.19 72.65 3.09 8.5

Note: P, R, and F1 denote Precision, Recall, and F1-score, respectively. B denotes the object detection task, and P
denotes the picking point localization task.

Table 4 shows that the YOLOv11-pose-BEH model proposed in this paper achieved the
best performance in both the object recognition task (B) and the picking point localization
task (P).

In the object recognition task, YOLOv11-pose-BEH obtained Precision, Recall, mAP0.5,
and F1-score values of 89.25%, 84.36%, 90.08%, and 86.74%, respectively, on the test set.
Compared with the baseline model YOLOv11-pose, these four metrics increased by 7.41,
6.39, 5.28, and 6.88 percentage points, respectively. Under the same experimental condi-
tions, this result indicates that the proposed improvement strategy improved the object
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recognition performance of the original YOLOv11-pose model. Compared with YOLOvS-
pose-p6, the Precision, Recall, mAP0.5, and F1-score of YOLOv11-pose-BEH increased by
15.05, 10.35, 11.63, and 12.64 percentage points, respectively. Compared with YOLOvS-
pose, the corresponding improvements were 14.88, 12.61, 11.43, and 13.70 percentage
points, respectively. These results suggest that YOLOv11-pose-BEH has better ability to
extract multi-scale features of tea bud targets in complex tea garden backgrounds, thereby
improving object recognition performance.

In the picking point localization task, YOLOv11-pose-BEH obtained Precision, Recall,
mAPO0.5, and F1-score values of 88.16%, 84.36%, 89.64%, and 86.22%, respectively, on the
test set. Compared with the baseline model YOLOv11-pose, these four metrics increased
by 5.86, 5.83, 4.83, and 5.85 percentage points, respectively. This result indicates that the
proposed model improved the keypoint localization performance of the original YOLOv11-
pose model under the same experimental conditions. Compared with YOLOv8-pose-p6,
the Precision, Recall, mAP0.5, and F1-score of YOLOv11-pose-BEH increased by 14.28,
10.33, 11.18, and 12.27 percentage points, respectively. Compared with YOLOv8-pose, the
corresponding improvements were 13.35, 13.74, 13.45, and 13.57 percentage points, respec-
tively. These results indicate that YOLOv11-pose-BEH achieved better overall performance
in both tea bud object recognition and picking point localization tasks under the same
experimental configuration.

From the perspective of model complexity, YOLOv11-pose-BEH has 2.66 M parameters,
which is lower than the 2.67 M, 4.90 M, and 3.09 M of YOLOv11-pose, YOLOvV8-pose-p6,
and YOLOVS8-pose, respectively. Its computational cost is 7.0 GFLOPs, which is slightly
higher than the 6.7 GFLOPs of YOLOv11-pose, but lower than the 8.5 GFLOPs of YOLOvS-
pose-p6 and YOLOvS8-pose. Overall, YOLOv11-pose-BEH significantly improved the object
recognition and picking point localization performance while maintaining a relatively low
parameter scale and a moderate computational cost, indicating that the proposed improved
model achieved a good balance between accuracy and computational cost.

To further quantify the spatial localization accuracy of the model for tea bud keypoints,
especially in the picking point localization task, this study introduces Mean Pixel Error
in pixels (MPE) as a supplementary evaluation metric [36]. For each valid keypoint, the
pixel error was defined as the Euclidean distance between the predicted keypoint and the
manually annotated ground-truth keypoint in the image coordinate system. The MPE
value was then obtained by averaging the pixel errors over all valid keypoints involved in
the evaluation. In this study, the overall MPE of the six keypoints and the MPE values of
the picking points were calculated separately, as shown in Table 5.

Table 5. Comparison of the Mean Pixel Error of Picking Point Localization among Different Models.

Model All Keypoints Picking Points Points 1 Points 2 Points 3 Points 4 Points 5 Points 6
MPE/px MPE/px MPE/px MPE/px MPE/px MPE/px MPE/px MPE/px
YOLOv11-pose-BEH 91.27 80.70 94.11 9141 120.02 75.64 62.23 104.23
YOLOv11-pose 125.68 111.03 73.24 131.77 215.96 85.98 122.21 124.91
YOLOv8-pose-p6 173.12 119.29 164.14 231.78 284.95 105.56 102.13 150.17
YOLOvV8-pose 191.53 134.10 196.59 239.30 310.97 122.62 121.10 158.58

As shown in Table 5, the YOLOv11-pose-BEH model achieved the lowest mean pixel
error in both overall keypoint localization and picking point localization. Specifically, the
All-keypoints MPE and Picking points MPE of YOLOv11-pose-BEH were 91.27 px and
80.70 px, respectively, which were significantly lower than those of the other comparison
models. Compared with the original YOLOv11-pose model, YOLOv11-pose-BEH reduced
the overall keypoint mean error by 34.41 px and the picking point mean error by 30.33 px.
Compared with YOLOv8-pose-p6 and YOLOvS8-pose, its overall keypoint errors were
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reduced by 81.85 px and 100.26 px, respectively, and its picking point errors were reduced
by 38.59 px and 53.40 px, respectively. These results indicate that the improved model can
not only maintain high detection accuracy, but also effectively reduce the spatial deviation
of keypoint prediction.

From the perspective of single-point errors, the MPE values of YOLOv11-pose-BEH at
Point 4, Point 5, and Point 6, which are the three picking points, were 75.64 px, 62.23 pXx,
and 104.23 px, respectively, all of which were the lowest among all models. This indicates
that the model has more stable localization ability for picking points corresponding to
different picking grades. In contrast, the localization error of Point 3 was relatively large
in all models, which may be related to the maturity of the leaf where this point is located
and its similarity to the background. Since the leaf color, texture, and edge features of
the region corresponding to Point 3 are relatively similar to those of surrounding mature
leaves and background branches and leaves, more obvious spatial deviation may occur
in keypoint prediction. Overall, the introduction of structures such as BiFPN, EMA, and
HetConv enhanced the model’s representation ability for local tea bud structures and multi-
scale features, thereby improving the accuracy and stability of picking point localization
and providing a more reliable visual localization basis for subsequent precise picking by
robotic arms.

3.3.4. Visualization and Analysis of Results

To further verify the performance advantages of the improved YOLOv11-pose-BEH
model in tea bud and key picking point detection, this study conducted a qualitative com-
parison with mainstream keypoint detection models, including YOLOvS8-pose, YOLOVS-
pose-p6, and YOLOv11-pose. Figure 7 presents the visualization results of different models

on the test set.

YOLOv11-pose-BEH

YOLOv11-pose

YOLOv8-pose-p6

YOLOvVS8-pose

&
(a) Typical (b) Multi- (c) Occlusion (d) Occlusion (e) Low
background target case 1 case 2 illumination

Figure 7. Detection visualization results of different models under representative challenging tea gar-
den scenes: (a) typical complex tea garden background; (b) multi-target scene; (c,d) two representative
occlusion cases; and (e) low-illumination scene.
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As shown in Figure 7, under complex tea garden backgrounds, multi-object, occlusion,
and low-illumination scenes, all four models showed missed detections, false detections,
and keypoint localization deviations to varying degrees, indicating that complex natural
environments still cause certain interference with tea bud target recognition and picking
point localization. In comparison, the YOLOv11-pose-BEH model showed better overall
performance, with a higher degree of fit between the detection boxes and tea bud targets and
relatively smaller keypoint localization deviations. It could still maintain stable detection
performance under normal complex backgrounds, mild occlusion, and low-illumination
scenes. However, in the multi-object recognition scene, due to mutual overlap among tea
buds, similar background textures, and large differences in target scales, the YOLOv11-
pose-BEH model still showed some keypoint deviations, indicating that there is still room
for further optimization in dense target and fine-grained keypoint localization.

In contrast, the YOLOv11-pose model could complete object detection in some scenes,
but missed detections occurred in the multi-object recognition scene, and the keypoint lo-
calization deviations were relatively obvious under severe occlusion and low-illumination
conditions. Compared with YOLOv8-pose, YOLOVS-pose-p6 showed certain improvement
and could detect most tea bud targets in the five complex tea garden scenes. However, its
detection box fitting degree and keypoint localization accuracy were still lower than those
of the YOLOv11-pose-BEH model, especially in the severe occlusion scene, where false
detections and smaller detection boxes occurred. The YOLOvS8-pose model showed rela-
tively weaker overall performance, with more obvious missed detections, false detections,
and picking point deviations in the multi-object recognition and severe occlusion scenes,
indicating that it has insufficient adaptability to the joint tea bud detection and keypoint
localization task under conditions of similar backgrounds, dense targets, and occlusion.

To further analyze the differences in model perception of key regions, Figure 8 illus-
trates the heatmap distributions generated by different models on the same samples. In the
heatmaps, the red areas represent regions with high response values, while the blue areas
indicate weak responses [37]. The results show that the feature attention regions of different
models were obviously different under the five scenes, including normal complex back-
ground, multi-object recognition, mild occlusion, severe occlusion, and low-illumination
environments. The heatmap response of the YOLOv8-pose model was generally scattered,
and some high-response regions appeared on background leaves, branches, or non-target
regions, indicating that its ability to focus on the main features of tea buds was insufficient
under complex backgrounds and occlusion conditions. Compared with YOLOvS8-pose,
YOLOvV8-pose-p6 showed some improvement and could focus on tea buds and their sur-
rounding regions in most scenes. However, its heatmap distribution was still relatively
broad, and it was easily affected by adjacent leaves and background textures in multi-object
and severe occlusion scenes. The heatmap response of the YOLOv11-pose model was
further concentrated toward the main tea bud regions, indicating that its feature extraction
ability for target regions was enhanced. However, in some complex scenes, there were still
problems such as an excessively large attention range and insufficiently precise response
regions. In contrast, the YOLOv11-pose-BEH model showed more concentrated heatmap
responses in the five scenes, mainly distributed in the tea bud body, tender stem, and
regions near the picking points, with relatively fewer responses to background interference.
This indicates that the improved model proposed in this paper can more effectively extract
key features related to tea bud recognition and picking point localization, and has stronger
feature discrimination and target focusing abilities in complex tea garden environments.
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YOLOv11-pose-BEH

YOLOv11-pose
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Figure 8. Visualization of heatmap results from different models under representative challenging
tea garden scenes: (a) typical complex tea garden background; (b) multi-target scene; (c,d) two repre-
sentative occlusion cases; and (e) low-illumination scene.

In summary, the improved YOLOv11-pose-BEH model achieved significant improve-
ments not only in quantitative metrics but also in qualitative visualization results, demon-
strating superior feature focusing capability and target recognition accuracy. The compar-
ative experiments confirm that the proposed model exhibits remarkable advantages in
detecting small targets under complex backgrounds. These findings indicate that YOLOv11-
pose-BEH can effectively enhance the accuracy of tea bud identification and picking-point
localization, providing theoretical and technical support for high-precision perception and
decision-making in intelligent tea-picking robot vision systems.

4. Discussion

As shown by the visualization results of complex scenes, although YOLOv11-pose-
BEH achieved better overall detection performance than the original YOLOv11-pose, rela-
tively obvious keypoint localization deviations still occurred in the multi-object recognition
scene. The possible reasons for this problem are mainly as follows. (1) In multi-object
scenes, the distances between tea buds are relatively small, and some buds and leaves
overlap or cross in the image, causing spatial interference among the leaves, tender stems,
and picking point regions of different targets. When adjacent tea buds have similar mor-
phological features, the model may easily associate the local features of one target with
another target, resulting in keypoint matching deviations. (2) The picking point of tea
buds is not an independent visual target with obvious boundaries, but a spatial position
determined by the morphology of buds and leaves, the petiole connection relationship, and
the extension direction of tender stems. In dense multi-object scenes, tender stem regions
are easily occluded by leaves or mixed with background branches and leaves, making it
difficult for the model to accurately distinguish the picking point positions corresponding
to different targets. (3) Although the proposed model enhances multi-scale feature fusion
through BiFPN and improves the feature representation of key regions through EMA, the
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local response regions may simultaneously cover multiple tea bud targets in dense target
scenes, leading to inter-target feature competition during keypoint prediction. Especially
for fine-grained positions such as picking points, when the detection box contains multiple
similar structures or edge information from adjacent targets, the model may produce spatial
localization deviations.

Compared with the original YOLOv11-pose model, the proposed YOLOv11-pose-BEH
model achieved varying degrees of improvement in Precision, Recall, mAP0.5, and F1-score,
and also showed better performance in terms of keypoint spatial localization error. The
experimental results show that the All-keypoints MPE and Picking points MPE of YOLOv11-
pose-BEH were 91.27 px and 80.70 px, respectively, which were 34.41 px and 30.33 px lower
than those of the original YOLOv11-pose model. This indicates that the improved model
not only enhanced the tea bud detection performance, but also effectively reduced the
spatial offset between the predicted picking point positions and the manually annotated
ground-truth positions. This is mainly attributed to the BiFPN structure, which enhances
the information fusion ability among features of different scales; the EMA mechanism,
which improves the model’s attention to the tea bud body, tender stem, and picking point-
related regions; and the HetConv module, which enhances local feature extraction ability
while maintaining the lightweight characteristics of the model. Therefore, YOLOv11-pose-
BEH can maintain good detection stability and keypoint localization ability under complex
tea garden backgrounds.

In addition, compared with existing tea bud detection and picking point localization
methods, the proposed method has certain differences in task objectives and model output
forms. Methods such as TS-YOLO, Tea-YOLO, and TeaBudNet mainly focus on small-object
detection tasks for tea buds or tea shoots, with emphasis on improving detection accuracy,
lightweight deployment capability, and model robustness in complex tea garden environ-
ments. However, most methods do not directly output the picking point positions under
different picking standards. The YOLO-Tea method proposed by Shuai et al. is based on the
YOLOV5 framework, introduces modules such as CARAFE, CBAM, and Bottleneck Trans-
former, and adds six keypoint regression heads to achieve tea shoot detection and picking
point localization. This method further combines the geometric relationships between
keypoints and image post-processing methods to determine the picking point positions
under different picking grades, providing an important reference for target recognition
and picking point localization in intelligent tea picking. Compared with this method, the
present study differs in the definition of picking points and the form of model output.
The proposed YOLOv11-pose-BEH annotates and predicts the two-dimensional picking
points under different picking standards as keypoints, and establishes corresponding pick-
ing point localization outputs for single bud, one bud with one leaf, and one bud with
two leaves. This design reduces, to some extent, the dependence on post-processing steps
such as midpoint calculation of keypoint connections or skeleton extraction during the
inference stage, enabling the model to directly obtain the two-dimensional coordinates of
multiple types of picking points while outputting tea bud target boxes.

The picking point localization accuracy evaluated in this paper is mainly based on
two-dimensional pixel coordinates in the image plane. The two-dimensional localization er-
ror of the model is measured by the pixel distance between the predicted keypoints and the
manually annotated keypoints. Therefore, the reduction in MPE indicates that the predicted
keypoint positions of the model in RGB images are closer to the ground-truth annotated
positions, but it does not mean that the three-dimensional spatial coordinates required for
field picking execution are directly obtained. In practical robotic picking applications, the
end effector also needs to combine camera calibration, depth information, or binocular
vision results to further convert the two-dimensional picking points into three-dimensional
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spatial coordinates, so as to achieve precise control of the tea bud picking positions. In
addition, recent machine learning-based agricultural decision-support studies have shown
that soil nutrients, soil pH, and climatic variables can be integrated for crop-related pre-
diction and recommendation tasks [38]. This suggests that future intelligent tea-picking
systems may further combine visual perception results with environmental and agronomic
information, such as illumination conditions, tea bud growth status, and field environment
variables, to improve their adaptability under natural tea garden conditions. Therefore, the
proposed model is more suitable as a front-end detection and two-dimensional localization
basis in the visual perception stage of intelligent tea-picking robots, providing key posi-
tion information in the image plane for subsequent three-dimensional localization, path
planning, and end-effector control.

5. Conclusions

In this study, aiming at the problem that the detection accuracy of tea buds and
leaves is easily affected by light variation, leaf overlap, and small target scale in complex tea
garden backgrounds, an improved YOLOv11-based method for tea bud and leaf recognition
and keypoint localisation is proposed. Based on YOLOv11-pose, three modules—BiFPN,
EMA, and HetConv—were introduced to optimize the network’s feature fusion, attention
modeling, and convolution operation. The BiFPN module enhances the interaction and
transmission capability of multi-scale features, effectively improving the robustness of the
model for bud and leaf targets of different scales; the EMA module improves the weight
distribution between global and local features, making the model better highlight key
regions in complex backgrounds; the HetConv module reduces redundant computation
while strengthening fine-grained feature extraction, which helps improve the detection
accuracy of small targets.

The experimental results show that the improved YOLOv11-pose-BEH model was
generally superior to the original YOLOv11-pose model and the YOLOVS series comparison
models in core indicators such as Precision, Recall, mAP0.5, and F1-score, while maintaining
a relatively low parameter scale and computational cost. Further keypoint error analysis
showed that YOLOv11-pose-BEH could effectively reduce the two-dimensional pixel
deviation between the predicted keypoints and the ground-truth annotated keypoints.
The All-keypoints MPE and Picking points MPE were both lower than those of the original
YOLOv11-pose model, indicating that this model has better overall performance in tea bud
target recognition and two-dimensional picking point localization.

In summary, YOLOv11-pose-BEH can effectively perform tea bud and leaf target
detection and two-dimensional picking point coordinate prediction in complex tea garden
environments, providing an effective front-end recognition and localization method for
the visual perception stage of intelligent tea-picking robots. However, this study is still
mainly based on RGB images for two-dimensional picking point localization, and has not
yet further achieved three-dimensional spatial localization for actual picking execution.
Future research will focus on exploring cross-modal fusion methods between RGB images
and 3D point cloud information on the basis of the current study, so as to achieve more
accurate tea bud and leaf recognition and three-dimensional picking point localization.
Meanwhile, further research on model lightweighting and edge deployment will be carried
out to improve the running efficiency and practical application capability of the model on
resource-constrained terminal devices.
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