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Abstract

Detection and localization of tea shoots (one bud with two leaves) are critical steps in the automation of tea harvesting. Using red,
green, blue-depth (RGB-D) camera to detect and locate tea shoots from side angles results in significant occlusion of tea shoots, as
well as loss of depth information. To achieve automated, intelligent, and precise tea harvesting, this paper proposes a method for
detecting and locating tea shoots from the top using a monocular camera. Firstly, the “You Only Look Once” (YOLO) network is
employed to detect tea shoots regions in images collected by the monocular camera and to crop individual tea shoot top images. For
these cropped images, a U-shaped images segmentation model based on Mamba is proposed. This model achieves a mean intersec-
tion over union (MIoU) of 87.80% and an accuracy (ACC) of 95.63%, precisely locating the specific tea shoots top regions. The
center of the circumscribed circle of this region is used as the position for the next step in the picking process, accurately guiding
the picking effector to the top of the tea shoot. Finally, the picking effector, controlled by feedback signals from infrared sensors,
performs up-and-down reciprocation and cutting actions to complete the picking process. This method effectively avoids the problem
of depth information loss during localization with RGB-D camera. To verify the effectiveness of the proposed approach, picking
experiments were conducted on HouKui tea within a simulated tea garden environment, achieving a tea shoot picking success rate
of 75.54%. The results indicate that this method offers significant application value and provides a new perspective for the develop-

ment of automated tea shoots picking.
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Introduction

In traditional HouKui tea picking methods, the short picking
cycle results in low production efficiency and high costs (Han et
al., 2014). Automated tea picking has been proposed to effectively
alleviate this problem (Tang et al., 2016).

Automated tea picking necessitates obtaining accurate picking
locations, and the first step is to detect tea shoots. Currently, most
scholars identify tea shoots based on their color and shape charac-
teristics. Wu et al. (2015) used the K-means clustering algorithm
for image segmentation of tea shoots, effectively distinguishing tea
shoots in images to achieve tea shoots identification. Zhang et al.
(2019) used Bayesian discrimination to construct a model for iden-
tifying the state of tea shoots, and its high recognition rate provides
basic conditions for automated tea garden construction.
Karunasena and Priyankara (2020) proposed a new method for
detecting tea shoots using machine vision and machine learning.
They combined histogram of oriented gradients (HOG) features
based on cascade classifiers with support vector machine (SVM)
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classification for tea shoots detection. However, most tea images in
these studies were obtained under simple background conditions or
indoor conditions. In actual tea garden environments, there are
complex backgrounds and variable lighting conditions.
Additionally, the characteristics of tea shoots vary significantly
across different picking periods (Wu et al., 2018; Zhou and Ca,
2022). Hence, methods that identify tea shoots based solely on
color are not suitable for real tea garden environments. With the
advancement of deep learning technology, the benefits of deep
learning algorithms in target detection are becoming more evident
(Liu et al., 2020). Many researchers have started applying deep
learning algorithms to agricultural robots for task target recogni-
tion and detection (Kamilaris and Prenafeta-Bolda, 2018). Zhu et
al. (2022) used fast region-based convolutional network (Faster R-
CNN) to address the simultaneous problem of target localization
and classification, achieving better detection speed and accuracy.
Zou et al. (2022) proposed an improved YOLO network-based
method for detecting tea shoots to enhance detection accuracy,
with improvements in both precision and recall rates.
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After detecting tea shoots, accurately obtaining the picking
position is crucial for realizing automated tea picking. Long et al.
(2022) segmented tea images based on tea shoots characteristics,
then used a combination of edge detection and skeletonization
algorithms to locate tea shoots picking points. Han et al. (2019)
used an improved YOLO model to detect tea shoots, extracted the
skeleton from the detection box, and then determined the lowest
point of the skeleton as the picking point. This method accurately
locates the two-dimensional coordinates of the picking point.
However, achieving automated picking requires obtaining com-
plete three-dimensional coordinates, so acquiring 3D data is cru-
cial for automated picking. Wang et al. (2022) used a combination
of monocular vision ranging technology and the OpenCV library
to help a fruit picking robot achieve 3D localization of target fruits.
With the advent of RGB-D cameras that can acquire R, G, B, and
depth information of target regions, the obtained depth information
can be used for 3D localization of target points. Consequently,
RGB-D cameras have been integrated into agricultural robots in
recent years to complete the localization of picking points in auto-
mated harvesting (Fu et al., 2020). Mai et al. (2015) fused the color
images and depth images obtained by RGB-D cameras to generate
3D point clouds of apple trees, then used point cloud segmentation
algorithms to extract the 3D point clouds of the fruits and obtain
their corresponding spatial location information and radii. After
completing 2D localization of oranges, Yang et al. (2019) used the
Kinect V2 depth camera to acquire depth images of the target
region, mapping the depth information to the picking point to
obtain the 3D information of the picking point. Li ef al. (2021) pro-
posed a 3D localization method for tea picking points by obtaining
3D point clouds of tea shoots and based on the growth morphology
of tea shoots, using RGB-D cameras for on-site tea shoots detec-
tion and 3D localization in tea gardens. However, in the actual
working environment of automated picking equipment, RGB-D
cameras may experience depth information loss due to unstable
lighting conditions (Li et al., 2022), affecting picking efficiency.
Thus, this paper proposes a method for detecting and locating tea
shoots from the top using a monocular camera. The main research
content includes: i) using HouKui tea as an example, collect a cer-
tain amount of top-view images of HouKui tea shoots, process and
annotate the image data, build a tea dataset, and utilize the

YOLOV7 network to detect the top-view images of HouKui tea
captured by the monocular camera; ii) develop a U-shaped images
segmentation model based on Mamba to accurately segment the
top regions of tea shoots in the images; iii) based on the segmenta-
tion results, locate the picking position and propose a method of
picking by controlling the picking effector with infrared sensors,
thus avoiding the issue of depth information loss that occurs when
using RGB-D cameras for localization; iv) construct a specific
experimental platform for picking experiments to validate the
method’s effectiveness.

Materials and Methods

Method overview

In real tea garden environments, unstructured and unstable
conditions can lead to depth information loss during data collec-
tion with RGB-D cameras. Moreover, upward growth is a biologi-
cal trait we can observe. Therefore, in addressing the issue of depth
information loss and based on the characteristics of tea shoots, this
paper independently develops and designs a picking actuator
equipped with an infrared sensor. A method using a monocular
camera to detect and locate tea shoots at the top of the tea plants is
employed for the picking task. The specific structural design and
working principle are illustrated in Figure 1. First, the top-view
images of tea shoots captured by the monocular camera are detect-
ed, and individual tea shoot top images are cropped based on the
detection results. Then, the individual tea shoot top images are fed
into the image segmentation model to obtain precise tea shoot top
mask images, which are used to locate the central position of the
tea shoot top. Subsequently, the picking effector is guided by a
sliding rail to position itself directly above the specified tea shoot.
Finally, the infrared sensor controls the picking effector to com-
plete the picking task. The detailed discussion of the work present-
ed in this paper follows.

Image dataset construction
The subject of this study is HouKui tea, which is typically har-

Process of positioning

Figure 1. System overview diagram.
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vested around April each year. During this period, HouKui tea
exhibits distinct color and morphological characteristics.
Therefore, we collected a certain number of top-view images of
HouKui tea shoots at the Anhui Agricultural University Central
Anhui Experimental Station, National Key Laboratory of Tea Tree
Biology and Resource Utilization Tea Tree Germplasm Resource
Nursery, as shown in Figure 2.

After obtaining the image data, this study targets the color and
top morphological characteristics of HouKui tea shoots for detec-
tion. The original images are annotated based on these characteris-
tics, by enclosing the top region of the tea shoots in the images and
labeling it as «tea». For the image segmentation model’s data
annotation, the top region of a single tea shoot in the original
image is cropped to create a new image, with the top region out-
lined and annotated in the new image. To achieve better detection
results, we performed data augmentation on the original image
data to increase the diversity of the sample images. 70% of the ini-
tial images were randomly selected and processed by methods
such as flipping, brightness enhancement, brightness reduction,
and adding noise to obtain new images. This method allows for
data augmentation of the dataset, thereby reducing the risk of over-
fitting during training and improving the detection accuracy of the
model. After data augmentation, the dataset is divided into train-
ing, validation, and test sets in an 8:1:1 ratio for training and test-
ing the object detection and image segmentation models, as shown
in Table 1.

Tea shoots detection and image segmentation

Tea shoots detection

YOLO, as a popular real-time object detection model, can
quickly and accurately detect the location of tea shoots in the pro-

(4) Tea garden

cess of automated tea picking. The YOLOv7 (Wang et al., 2023)
network is an upgraded version of the YOLO series, employing a
more complex network structure and introducing skip connections,
which helps capture semantic information in images more effec-
tively. Consequently, it enhances the accuracy and performance of
object detection, enabling real-time, rapid, and precise detection of
tea shoot locations during automated tea picking process.

Tea shoots image segmentation

After detecting the tea shoot, precise localization of its apex
region requires segmentation of the single tea shoot top image
obtained during detection. In the domain of image segmentation,
models based on CNN (Santos et al., 2020) and Transformer
(Wang et al., 2023) have been extensively employed. However,
during application, both have limitations in constructing long-term
dependencies in high-resolution tea shoots images, affecting the
accuracy of image segmentation. Recently, Mamba (Gu and Dao,
2024) has been proposed as a new selective structural state-space
model, excelling in long-sequence modeling tasks. Therefore, this
paper introduces a U-shaped images segmentation model based on
Mamba to accurately segment the top region of tea shoots in
images.

Specifically, the model includes Patch Embedding, Encode,
Decode, Linear Projection, and Skip Connection, using a symmet-
ric structure, as shown in Figure 3A. Firstly, Patch Embedding is
used to divide the input image into small patches and map the
image dimensions to C, resulting in the embedded image. Then, in
the four stages of the Encode, two VSS blocks are used for feature
extraction and fusion, and patch merging is performed at the end of
the first three stages, reducing the height and width of the feature
map by half while doubling the number of channels. Similarly,
Decode is a structure symmetric to Encode. Before the last three
stages, Patch Expanding is used for up sampling, gradually restor-

(B) tea shoofts top image

Figure 2. Tea garden and tea shoots top image.

Table 1. Tea shoots images.

Initial images

Object detection 3216 6753
Image segmentation 2991 6281

Extended images

Training set Validation set Test set
7975 997 997
7417 927 927
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ing the original image resolution, and finally, a projection layer
restores the number of feature map channels. Additionally, simple
addition operations are used for skip connections at each layer,
effectively retaining the feature information extracted at each stage
of the encoder, which helps enhance the decoder’s feature recovery
capability. The VSS blocks in this model are mainly derived from
Visio Mamba (Zhu et al., 2024), as shown in Figure 3B. The input
feature map first undergoes normalization through Layer
Normalization, after which the features are processed separately.
For the first processing method, features are initially processed
through a linear layer, depth wise separable convolution and an
activation function, then input into the SS2D module for further
feature extraction. After normalization with Layer Normalization,
the features are merged with another set of features processed
through a linear layer and activation function, and finally, a linear
layer is used for feature fusion. Unlike the traditional VIT, this
VVS block avoids position embedding, allowing more feature
information to be processed with the same computational
resources, making the model run faster. Combined with its excel-
lent performance in long-sequence modeling tasks, this method
can segment the top region of tea shoots in images more accurately
and quickly, providing strong theoretical support for its configura-
tion in automated tea picking equipment.

Bl
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Localization and picking method

After detecting tea shoots and segmenting the tea shoot top
image, we finally obtained a more accurate tea shoots position. To
ensure the picking effector reaches the optimal picking position,
we use the circumcenter of the segmented region as the final pick-
ing position, as shown in Figure 4A. After locating this position, it
is necessary to calculate the coordinate position suitable for the
picking effector to complete the picking task through coordinate
transformation. First, convert the location point from the pixel
coordinate system to the camera coordinate system, and then from
the camera coordinate system to the picking effector coordinate
system, as shown in Figure 5.

The specific calculation for converting from the pixel coordi-
nate system to the camera coordinate system is as follows:
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Figure 3. U-shaped images segmentation model (A). The VSS blocks (B).
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Among them, u, v, f, and f, are derived from the camera’s
intrinsic parameters; u and v are the pixel coordinates of the previ-
ously determined picking position; Z is set as the height from the
camera to the top of the tea shoots.

Through the above calculations, the positioning point is suc-
cessfully converted to the 2D coordinates (X, Y,) in the camera
coordinate system, then the coordinates are translated according to
the relative position of the camera and the picking effector, finally
obtaining the 2D coordinates (X,Y) in the picking effector coordi-
nate system. Based on this coordinate information, the picking
effector can reach the position directly above the target tea shoot.
starts moving downwards quickly without needing sensor feed-
back control. This stage can use a simple open-loop control by set-
ting the maximum control signal value as the initial control signal.

At this point, we use a sensor feedback-based control method,
utilizing the infrared sensor feedback signals to control the picking
effector, aiming to achieve efficient and precise picking of the tar-
get tea shoot. This control process can be divided into three main
stages, each with specific control strategies and response mecha-
nisms. The details are as follows: i) as shown in Figure 4B-1, in the
initial stage, when neither end infrared sensor can detect the tea
shoot, the picking effector starts moving downwards quickly with-
out needing sensor feedback control. This stage can use a simple
open-loop control by setting the maximum control signal value as
the initial control signal. ii)) When the bottom infrared sensor
detects the tea shoot, it indicates that the tea shoot is beginning to
enter the picking effector, as shown in Figure 4B-2. The picking
effector slows down but continues to move downwards, with the
control system entering a closed-loop control state to slow down
the picking effector. At this point, proportional control is used to
adjust the effector speed. The control formula is as follows:

(t) = Ky * (1= Yuorzom(8) *Yeop () (Eq.3)

where K, is the proportional gain, y,,,,,"” is the feedback signal
from the bottom infrared sensor, and ymp(’) is the feedback signal
from the top infrared sensor. When the shoot is detected, y,uom”
=/ and y,,,”’= 0. iii) When both sensors detect the tea shoot, it indi-
cates that the shoot has entered the picking effector to a length that

meets the picking requirements. At this time, the infrared sensor
feedback signals Yy, =1, v, = 1, so the calculated u(t) = 0
based on the control formula, the picking effector stops moving
and triggers the cutting action, as shown in Figure 4B-3. The pick-
ing task is successfully completed and the picking effector returns
to its original position, as shown in Figure 5B-4.

Combining the picking position obtained by the positioning
method with the above picking process, it is possible to accurately
complete the automated tea picking task in an unstructured and
unstable agricultural environment without using depth informa-
tion. This provides a novel approach and application method for
automated tea picking. Algorithm 1 shows the pseudocode for the
picking effector control method.

Among them, operating state of the picking effector is shown
in Figure 6.

Algorithm 1
Input: t,y_bottom( ),y_top( )
Params:u_max,u_retum,K_p
Operator:u( ),Cut( ),ReturnHome( )
Output:Picking completion status

17 u(f)=u_max

2: while (True) do

3:if y_bottom(t)==1 then

4:u(t)=K p*(1 - y_bottom(t))

5:if y_bottom(t)==1 and y_top(t) then

6; u(ty=0

7: Cut()

B:end if

9: end if

10: t=t+1

11: end while

12: u(t) = u_retum

13: RetumHome( )

“)

(B-1) (B-2) (B-3) (B-4)

Figure 4. Localization method (A). Picking method (B): the picking effector starts moving downwards quickly (B-1), the bottom infrared
sensor detects the tea shoot and the picking effector slows down but continues to move downwards (B-2), both sensors detect the tea shoot
and the picking effector triggers the cutting action (B-3); the picking effector returns to its original position (B).
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Experiments and analysis

Evaluation of the image segmentation model

The training platform used in this study is a computer running
the Linux operating system, equipped with an Intel i5-11400F
(2.6GHz) CPU, an NVIDIA RTX 3080TI GPU, and 32GB of
memory running. The image input size is 256x256, the training
cycle is 300 epochs, the batch size is 32, the initial learning rate is
0.001, and the weight decay coefficient is 0.0001. To test the per-
formance of the segmentation model, this study uses a wide range
of evaluation metrics, including MloU, DSC, ACC, Specificity,
and Sensitivity. Among them, MIoU is used to measure the degree
of overlap between the predicted results and the ground truth
labels, and its specific calculation formula is as follows:

N
_ 114N Byl
Milol = F£=1m (Eq- 4

In the formula, and represent the predicted region and the
ground truth region of the i-th class, respectively, and N denotes the
number of classes. DSC is used to evaluate the degree of overlap
between the predicted segmentation region and the ground truth seg-
mentation region, and its specific calculation formula is as follows:

2|40 B

el e (Eq. 5)
|A] + |B]

DSC =

In the formula, A denotes the predicted region, and B denotes
the ground truth region.

ACC is a commonly used metric for evaluating the overall per-
formance of a model, representing the proportion of correctly clas-
sified pixels. Spe is used to evaluate the model’s ability to correctly
identify negative classes, while Sen measures the model’s ability to
identify positive classes. The specific calculation formulas are as
follows:

N TP +TN (Eq. 6)
485 " TP +TN + FP + FN
™
e Eq. 7
SPe = TN T 7P (Fa-7)
__1TP (Eq. 8)
Sen = 55 T FN

In the formula, TP, TN, FP, and FN represent the numbers of
true positives, true negatives, false positives, and false negatives,
respectively. The specific performance of the model is shown in
Table 2. This table illustrates a direct performance comparison

Table 2. Comparison of different images segmentation models.

between this model and other segmentation models. For metrics
with an upward arrow (1), a higher value indicates better perfor-
mance. The best-performing metrics and models are shown in
bold. At the same time, the model’s advantages in terms of both
accuracy and efficiency are compared, with the results shown in
Figure 7. The results indicate that the segmentation model pro-
posed in this study can more accurately predict the top region of
tea shoots. To further verify the effectiveness of the model, we

Camera

Image

Figure 5. Coordinate system transformation. 1, the pixel coordi-
nate system to the camera coordinate system; 2, the camera coordi-
nate system to the picking effector coordinate system

(B) Cutting state

(A) Initial state

Figure 6. The operating state of the picking effector.

Model MIoU(%)1 DSC(%)1 ACC(%)1 Spe(%)1 Sen(%)1 Parameters (M) GFLOPs FPS?
Unet 84.02% 90.92% 93.99% 93.98% 94.84% 2.011 3.231 36.5
Swin-Unet 83.11% 90.51% 93.93% 95.42% 91.03% 46.912 14.178 8.3

Ours 87.80% 93.50% 95.63% 95.74% 95.42% 27.427 4.118 28.6
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used different segmentation models to predict the top region of the
tea shoots, as shown in Figure 8. Clearly, in the visualization
results, the segmentation model proposed in this study has a signif-
icant advantage in segmenting the top region of tea shoots, fully
meeting the requirements for precise positioning in the process of
automated tea picking.

Picking experiment

Overview of the experimental system

The experimental equipment mainly consists of a controller, a
Jetson Nano development board, a monocular camera, and a pick-
ing effector, as shown in Figure 9. The Siemens PLC controller is

Absolute Performance Improvement of Ours
Ex )

= Ours vs Unet
m OQurs vs Swin-Unet

Absolute Improvement (%)

MioU DsC ACC Spe Sen

(A) Absolute performance improvement of ours

used to control the picking effector’s movement and picking
actions on the slide rail device. Additionally, the Jetson Nano
development board is used for image acquisition, image process-
ing, coordinate calculation, and communication with the PLC con-
troller via TCP. The monocular camera uses an AH7500MGO010
industrial region scan camera with a resolution of 2448x2448 and
a frame rate of 24FPS. It communicates with the development
board via GigE. The picking effector is independently designed
and developed, equipped with two sets of infrared array sensors
that communicate with the PLC controller via RS234 to control the
up-and-down reciprocating motion and picking actions of the
effector.

Speed-Accuracy Trade-off

90
88 @)urs
- 86
bt
=
2
T . Unet
{'Swin-Unet
82
80
o 3 10 15 20 25 30 3% 40

FPS (Frames Per Second)

(B) Speed-accuracy trade-off

Figure 7. Comparison of the model’s accuracy and efficiency.

Ture masks

Tea Images

S

Unet

Ours

Swin-Unet

Figure 8. Segmentation predictions of tea shoots by different segmentation models.
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Picking experiment results

To preliminarily validate the effectiveness of the method pro-
posed in this paper, an initial simulation experiment platform was
set up for picking experiments, as shown in Figure 10.

The specific experimental procedure is as follows:

Start the experimental equipment, turn on the auxiliary light
source, and use the monocular camera to capture images from the
top of the tea shoots, as shown in Figure 11A.

Detect the images, crop the detection results to generate new
images of single tea shoot, segment the top region of the tea shoot
using the segmentation model to locate the picking point, and con-
vert the picking point coordinates into coordinates usable by the
picking effector.

Package and send the coordinate data to the PLC controller,
which controls the motor to drive the picking effector to the spec-
ified coordinate position, as shown in Figure 11-B.

Upon reaching the specified position, the picking effector
begins to move downward and cuts the tea shoot after moving a
certain distance. After the cutting is completed, the picking effector
resets, thus completing a picking operation, as shown in Figure 11
C,D.

A total of 10 experiments were conducted, and the experimen-
tal results are divided into three parts: tea shoot detection, tea shoot
segmentation, and picking performance on the simulation experi-
ment platform.

The first part of the experimental results presents the statistical
analysis of tea shoot detection. First, the number of tea shoots on
the experimental tea plants was manually counted and recorded.
Subsequently, a monocular camera was used to capture multiple
images of the tea plants to ensure that the camera’s field of view
covered the entire tea plant. The acquired images were then input
into a tea shoot detection model for processing. The inference
results and inference time of the model were recorded. A detection

[ Comers

was considered successful if the entire top region of a tea shoot
was completely enclosed within the predicted bounding box, and
the number of successfully detected tea shoots was then counted.
The detection accuracy Pc was calculated as the ratio of the num-
ber of successfully detected tea shoots to the previously recorded
actual number of tea shoots, while the detection speed per tea shoot
Tc was obtained by dividing the inference time by the number of
successfully detected tea shoots. The statistical results of tea shoot
detection are presented in Figure 12A.

Secondly, the tea shoot segmentation results were statistically
evaluated. The top regions of tea shoots successfully identified by
the detection model were cropped using the corresponding predic-
tion bounding boxes, producing images containing only a single
tea shoot. These cropped images were then fed into the tea shoot
segmentation model, with both the inference results and inference
speed recorded. Segmentation success was judged based on the cri-
teria of image completeness and contour clarity. The number of
successfully segmented tea shoots was thus determined. The statis-
tical results of tea shoot segmentation are presented in Figure 12B.

Thirdly, the picking performance on the simulation experiment
platform was analyzed. Picking points were localized based on the
combined results of the detection and semantic segmentation mod-
els, and the number of successfully located picking points was
recorded. These points were used as targets to guide the picking
actuator to perform the picking operation. A picking attempt was
considered successful if the tea shoot was completely cut by the
actuator and delivered into the collection box. For each experimen-
tal group, the total number of successfully picked tea shoots and
the total time consumed were recorded. Based on these records, the
picking success rate Pp and the picking speed per tea shoot Tp
were calculated. The statistical results of the simulation experi-
ment platform’s picking performance are presented in Figure 12C.

Based on the recorded experimental results, the tea shoot

==t
]-"F'
3

2.

e |

RS232

Figure 9. Picking equipment system.
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detection task achieved an accuracy of 83.49% with a detection
speed of 0.039 seconds per tea shoot. This outcome demonstrates
that the proposed tea shoot detection model effectively meets the
requirements of rapid and accurate detection necessary for intelli-
gent tea shoot harvesting. Meanwhile, the tea shoot segmentation
model exhibited a notable advantage with an accuracy of 78.87%
and a relatively fast segmentation speed, indicating its strong capa-
bility for precise segmentation of the tea shoot top regions. The
failures in detection and segmentation were primarily attributed to
incomplete tea shoot images captured by the camera, which result-
ed from the limited field of view of the imaging device.
Furthermore, the statistical analysis of the picking results on the
simulation experiment platform showed that the proposed intelli-
gent tea shoot harvesting method achieved a success rate of
75.54%, with an average picking speed of approximately 13 sec-
onds per tea shoot.

Among the tea shoots that were successfully localized but
failed to be picked, one main cause was that some tea shoots devel-
oped thicker or tougher stems, which increased resistance during
the cutting process by the picking actuator, resulting in incomplete
cuts and failure to separate the tea shoot. Another reason for pick-
ing failure was that tea shoots, although successfully cut, failed to
enter the collection box. This phenomenon was caused by moisture
adhering to the tea shoots, which led to adhesion between the
leaves and the inner wall of the actuator’s end sleeve. Such adhe-
sion prevented the negative pressure pump from effectively suc-
tioning the tea shoots through the pipeline into the collection box.
Consequently, when the picking actuator reset and the cutting

(4) 3D diagram

blade retracted, the cut tea shoots dropped, resulting in picking
failure. Additionally, before the picking operation, the length of the
tea shoots to be picked can be controlled by adjusting the installa-
tion distance of the infrared sensors, as shown in Figure 13, with
lengths of 10, 7, and 5 cm being picked ,respectively. This method
can meet the processing requirements of different tea varieties in
practical applications.

Analysis

The method proposed in this paper, which utilizes a monocular
camera to detect and locate tea shoots from the top, provides a
novel application approach for the automated picking of tea shoots.
It eliminates the need for RGB-D cameras to obtain depth informa-
tion and locate picking points, making it more broadly applicable
and stable in practical applications. However, in the experimental
process, some tea shoots may not be successfully detected, primar-
ily because their growth shape is inclined, which is different from
most tea shoots. Additionally, the recognition model dataset con-
structed in this paper includes only one type of tea. In subsequent
research, to enhance the model’s robustness, datasets of various tea
types should be created for model training.

In the study, we proposed a U-shaped images segmentation
model based on Mamba, which can accurately segment individual
tea shoot top regions. However, in the actual working process, a
slow picking speed issue arises due to the poor computational
power of edge devices and the lack of model acceleration process-
ing. In the future, to enhance the efficiency of the picking task,
lightweight processing of the model will be an excellent optimiza-

(B) Physical image

Figure 10. Experiment platform. 1, Controller; 2, picking effector; 3, monocular camera; 4, slide rail device.
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tion approach. Additionally, to verify the effectiveness of the
method proposed in this paper, we independently designed and
developed a picking framework and picking effector. For the pick-
ing effector, the presence of tea shoots is detected by the config
infrared sensors, which then control the up-and-down movement,
cutting, and speed of the picking effector. This structure and pick-
ing method are clearly suitable for automated tea picking, but in
future optimization schemes, it can be installed and config on a
framework capable of autonomous movement in a normal tea gar-
den environment, and multiple picking effectors working together
will undoubtedly improve picking efficiency. Therefore, designing
a more reasonable automated picking framework based on this
picking effector is crucial.

Conclusions

The method proposed in this paper, which uses a monocular
camera to detect and locate at the top of tea shoots, aims to solve
the issues of extensive occlusion of shoots and loss of depth infor-
mation encountered when using an RGB-D camera for side-angle
detection and localization. First, the top-view images of tea shoots
captured by the monocular camera are detected, and individual tea
shoot images are cut based on the detection results. Then, the indi-
vidual tea shoot top images are input into the image segmentation
model to obtain accurate mask images, which are used to locate the
center position of the tea shoot top. Finally, to verify the effective-
ness of the method, we independently designed and developed a

picking framework and effector. Then, we conducted experimental
verification in a simulated tea garden environment. The following
conclusions were drawn from the experimental results: in the
study, the image segmentation model proposed in this paper
achieved MIoU and ACC of 87.80% and 95.63%, respectively.
Compared to other segmentation models, this model demonstrates
significant advantages in both performance and visualization
results, fully meeting the requirements for precise localization in
the automated picking of tea shoots. Additionally, based on the
method of using a monocular camera for top-view recognition and
localization of tea shoots, a picking effector was independently
designed and developed, along with a suitable picking plan. In the
simulated tea garden environment, achieving a picking success rate
of 75.54%. Furthermore, before the picking operation, the length
of the tea shoots to be picked can be controlled by adjusting the
installation distance of the infrared sensors to meet the processing
requirements of different tea varieties.

In summary, this method avoids the issue of depth information
loss and inability to locate picking points encountered with RGB-
D cameras, while also providing a new application solution for the
automated picking of tea shoots. However, in real tea garden envi-
ronments, enabling the picking equipment to autonomously move
within the garden will be the next challenge. Additionally, we need
to improve the picking efficiency of this method and using multi-
ple effectors for picking work will be a promising development
direction. Therefore, in future work, designing a reasonable
autonomous mobility framework and multi-effector picking strate-
gy for the proposed method will be our focus.

Figure 11. Picking experiment steps: capturing images from the top of the tea shoots (A), the picking effector move to the position directly
above the tea shoot (B), the picking effector cuts the tea shoot (C), and the picking effector resets (D).
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(C) The statistical results of the simulation experiment platform’s picking performance

Figure 12. Statistical results of the picking experiment.

Figure 13. Picking results of tea shoots of different lengths.
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