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Abstract

With the expansion of muskmelon cultivation, manual pollination is increasingly inad-
equate for sustaining industry development. Therefore, the development of automatic
pollination robots holds significant importance in improving pollination efficiency and
reducing labor dependency. Accurate flower detection and localization is a key technol-
ogy for enabling automated pollination robots. In this study, the YOLO-MDL model was
developed as an enhancement of YOLOV? to achieve real-time detection and localization
of muskmelon flowers. This approach adds a Coordinate Attention (CA) module to focus
on relevant channel information and a Contextual Transformer (CoT) module to leverage
contextual relationships among input tokens, enhancing the model’s visual representation.
The pollination robot converts the 2D coordinates into 3D coordinates using a depth camera
and conducts experiments on real-time detection and localization of muskmelon flowers
in a greenhouse. The YOLO-MDL model was deployed in ROS to control a robotic arm
for automatic pollination, verifying the accuracy of flower detection and measurement
localization errors. The results indicate that the YOLO-MDL model enhances AP and
F1 scores by 3.3% and 1.8%, respectively, compared to the original model. It achieves
AP and F1 scores of 91.2% and 85.1%, demonstrating a clear advantage in accuracy over
other models. In the localization experiments, smaller errors were revealed in all three
directions. The RMSE values were 0.36 mm for the X-axis, 1.26 mm for the Y-axis, and
3.87 mm for the Z-axis. The YOLO-MDL model proposed in this study demonstrates strong
performance in detecting and localizing muskmelon flowers. Based on this model, the
robot can execute more precise automatic pollination and provide technical support for the
future deployment of automatic pollination robots in muskmelon cultivation.

Keywords: muskmelon; YOLO-MDL; three-dimensional localization; muskmelon automatic
pollination robot

1. Introduction

Muskmelon (Cucumis melo L.), commonly known as cantaloupe, is an annual creep-
ing or climbing herb belonging to the genus Cucumis in the family Cucurbitaceae [1].
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Muskmelon possesses a distinctive aromatic scent and is rich in nutrients, including water,
soluble solids, and vitamins [2,3].

Currently, muskmelon cultivation primarily occurs in greenhouses due to space con-
straints. While small agricultural machinery can be used for plowing, subsequent tasks
such as transplanting, spraying, pollination, and harvesting must still be performed manu-
ally [4]. Pollination is a crucial aspect of muskmelon cultivation, significantly influencing
fruit set rates and yield. This process requires precise and meticulous execution [5]. The
expansion of muskmelon cultivation and the growing demand for labor have rendered
artificial pollination insufficient to support industry development. With advancements in
smart agriculture, enhancing pollination efficiency and reducing labor dependence through
automated pollination technology are of significant importance.

Among these technologies, precise detection and localization algorithms are crucial
for enabling automated pollination robots, enhancing pollination efficiency, and providing
a technical foundation for their implementation. In recent years, significant progress has
been made in target and flower detection using deep learning techniques [6,7].

Target detection algorithms can generally be classified into two major categories.
The first category comprises region-based convolutional neural networks, including R-
CNN (Region-CNN) [8], Fast R-CNN [9], Faster R-CNN [10], and Mask R-CNN [11].
Lin et al. [12] integrated Faster R-CNN with VGG19 to detect strawberry flowers under
varying camera viewpoints, distances, and complex backgrounds. The second category
approaches target localization as a regression problem and includes single-point multi-
frame detectors [13] and single-shot detectors (YOLO) [14-17]. Tian et al. [18] employed SSD
algorithms for flower recognition and detection on the Oxford University Flower Dataset.
The experimental results indicated that the average precision (AP) for the VOC2007 and
VOC2012 datasets was 83.64% and 87.4%, respectively, with a processing time of 0.13 s per
image. Li et al. [19] leveraged transfer learning with YOLOvV4 to enable fast and accurate
detection of kiwifruit flowers and buds in an orchard. The AP for kiwifruit flower and
bud detection reached 96.66% and 98.57%, respectively. Chen et al. [20] employed SSD
algorithms for flower recognition and detection on the Oxford University Flower Dataset
to estimate orchard flowering levels and determine the peak flowering period. Apple
flowers were identified using a YOLOv5s model incorporating a coordinated attention
layer and a small-target detection layer, achieving an average accuracy of 77.5%. This
approach provided critical decision-making data for apple flower detection and optimal
flower thinning timing.

In the field of agriculture, recent studies on YOLO structure upgrades also offer
valuable insights. Akdogan et al. [21] investigated the application of an advanced YOLO-
based model for detecting cherry and apple trees in agricultural environments using UAV-
captured imagery. They proposed a PP-YOLO model that integrates a spatial attention
mechanism with image preprocessing techniques to enhance feature representation and
reduce noise. Experimental results demonstrated that, compared to the baseline model,
PP-YOLO achieved superior performance, with a 1.5% improvement in the F1 score and a
1.4% increase in mAP50. This study highlights the effectiveness of attention modules and
preprocessing techniques in improving detection accuracy for crops in complex agricultural
scenes. Nguyen et al. [22] proposed a novel and lightweight object detection model
tailored for banana-harvesting robots. Based on the YOLOv8n architecture, their model
incorporates a group-shuffle convolution module, a C2f-fast channel attention block, and
BiFPN. Experimental results showed that the model significantly outperformed the baseline
in terms of precision, recall, and mAP. Moreover, the model was highly optimized, with a
43.3% reduction in parameter count and a 40.3% reduction in model size, making it well-
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suited for deployment on embedded systems in agricultural robots. These improvements
enable a better balance between detection accuracy and computational efficiency.

With advancements in this technology, flower target detection is increasingly inte-
grated into sophisticated agricultural robotic systems, enabling automated operations such
as precision pollination and flower thinning. William et al. [23] developed a kiwifruit polli-
nation robot by integrating a deep learning model with a Faster R-CNN algorithm trained
on a kiwifruit flower dataset, achieving a model mAP of 85.3%. The integration of an
air-assisted sprayer with a flower-specific precision pollination system effectively enhances
kiwifruit pollination efficiency. Gao et al. [24] developed a pollination robot for precision
pollination of kiwifruit flowers, incorporating a multi-class flower detection method based
on YOLOVSI in the vision system. The robot is equipped with a three-degree-of-freedom
robotic arm and an air-liquid injection system. Field experiments conducted in the orchard
demonstrated an average pollination success rate of 99.3% and an average fruit set rate of
88.5%. This approach enhances kiwifruit pollen utilization and reduces pollen waste. Wen
et al. [25] employed 3D vision for tomato flower identification and localization, utilizing
YOLOV4 for target detection, achieving a mAP of 97.67%. Subsequently, active alignment
was integrated with PCL to acquire high-precision spatial point cloud data and determine
the pollination center of mass coordinates within the 3D bounding box of the flower bou-
quet using a bi-directional averaging method. Yu et al. [26] enhanced YOLOvV5s for tomato
flower detection by incorporating CBAM into the network and employing weighted box
fusion (WBF), achieving a model mAP@0.5 of 96.8%, which significantly reduces target
leakage and misdetection. The improved algorithm was deployed on a self-developed
pollination robot for experimental validation. Through multiple repeated experiments, the
tomato flower detection system utilized coordinate transformation to rapidly locate targets,
ultimately enabling precise robotic arm actuation for accurate pollination. Ahmad et al. [27]
introduced a novel method for automated watermelon pollination leveraging visually
intelligent guided servo control. The deep learning inference mechanism was utilized to
estimate the flower’s size and orientation. Across 50 experiments, the results demonstrated
a high detection rate with a mAP of 90.9%. The average depth error of pollination target
localization was only 1.028 cm, and the pollination speed was 8 s per flower on average,
which is feasible in practical applications.

In summary, the deep learning-based flower target detection method offers high
efficiency and excellent reliability in the complex environment of flowers, but there has
not been a breakthrough in the research on automatic pollination of muskmelon flowers,
which makes it difficult to achieve low-cost and high-precision automatic pollination.
To enable accurate pollination by an automatic muskmelon pollination robot, this study
constructs a muskmelon flower image dataset and proposes a method that combines an
improved YOLOv7-based muskmelon flower detection model (YOLO-MDL) with a depth
camera-based three-dimensional localization technique to achieve accurate pollination of
muskmelon flowers.

(1) To enhance the model’s focus on relevant channel information, the CA (Coordinate
Attention) attention mechanism is introduced, and its optimal integration location
is examined. Additionally, the effects of different attention mechanisms on model
performance are compared.

(2) The CoT (Contextual Transformer) module is incorporated into the model, enabling
full utilization of contextual information between input keys to guide the learning of
the dynamic attention matrix, thereby enhancing the model’s visual representation.
Furthermore, the impact of its integration location on accuracy is examined.

(3) The optimal integration of both the CA attention mechanism and the CoT module
is explored to develop the final YOLO-MDL model. Comparative experiments are
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conducted to evaluate the improved model against other YOLO-series detection
models, verifying its effectiveness.

(4) The YOLO-MDL model is deployed in ROS (Robot Operating System) to facilitate
robot hardware implementation. The depth camera-based positioning method is
integrated, enabling real-time detection and localization of muskmelon flowers. RMSE
is employed as the error analysis metric to assess the positioning accuracy of robotic
arm pollination.

2. Materials and Methods
2.1. Image Acquisition and Dataset Construction

The muskmelon flower image dataset used in this study was collected from a
muskmelon cultivation greenhouse in Taigu District, Jinzhong City, Shanxi Province, China.
Images were captured at various times between 8:00 and 18:00 to account for different
lighting conditions. To enhance dataset diversity, sample images were taken under varying
illumination and viewing angles, including downlighting, backlighting, as well as near and
far distances, as illustrated in Figure 1.

(b) (c)

Figure 1. Sample data collected. (a) with light; (b) against light; (c) long distance.

A total of 836 images were manually labeled using Labellmg (version 1.8.6), with the
targets enclosed by the smallest external rectangular bounding boxes. Only fully bloomed
flowers suitable for pollination were labeled, while buds that were not fully open, as well
as wilted flowers, were excluded from labeling. In this study, a randomized partitioning
strategy was employed to divide the dataset into three subsets with an 8:1:1 ratio: the
training set (668 images); the validation set (84 images); and the test set (84 images). The
training set was used for model training, the validation set for hyperparameter tuning and
initial evaluation of model performance, and the test set for assessing detection accuracy
and generalization capability.

2.2. Construction of the YOLO-MDL Model
2.2.1. Construction of CA Module

Attention mechanism is one of the core techniques of deep learning, and its basic idea
is to divide the input data into multiple parts and calculate how much each part contributes
to the output of the model. At each time step, the model will weight different input parts
according to their contributions, and then use the weighted results to obtain the output
results, which ensures that the model can focus on the most relevant parts and ignore the
irrelevant parts.
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CA attention mechanism [28] is an attention mechanism that can distinguish spatial
directions (i.e., coordinates) and generate coordinate-aware feature maps. By embedding
location information into the channel attention, it allows lightweight networks to focus on
information over a larger region while avoiding incurring a large computational overhead.
To mitigate the loss of location information due to 2D global pooling, the channel attention
is decomposed into two parallel 1D feature encoding processes, which effectively integrate
spatial coordinate information into the generated attention map. As illustrated in Figure 2,
by using the Squeeze-and-Excitation (SE) attention mechanism, which employs 2D pooling,
as a comparative example against the CA attention mechanism, the structured diagram
clearly shows the differences between the two approaches.

Input Input
CxHxW CxHxW
CxHx1 | X Avg Pool Y Avg Pool | Cx1xW Global Avg Pool Cx1x1
) ) I
C Concat+Conv2d ) C/rx1x(W+H) [ Fully Connected ] C/rx1x1
. |
BatchNorm+Non-li ]
[ l o fer Clrx1x(W+E) [ Non-liner ] C/rx1x1
split
l
CxHx1 Conv2d Conv2d Cx1xW [ Fully Connected J Cx1x1
CxHx1 Cx1xW Cx1x1
CxHxW CxHxW

(a) (b)

Figure 2. The structure of CA and SE. (a) CA attention mechanism using two parallel 1D feature
encodings; (b) SE attention mechanism using 2D pooling.

The CA attention mechanism operates through two key stages: Coordinate Informa-
tion Embedding and Coordinate Attention Generation. In the first stage, instead of using
conventional global pooling, a decomposition strategy is applied. As shown in Equation (1),
the global pooling operation is broken down into two one-dimensional feature encoding
steps, allowing the model to retain precise location information while capturing broader
spatial interactions.

H W
Zc = HXWZZ c(i 1)

i=1j=1

Specifically, given the input X, each channel is first encoded along the horizontal and
vertical coordinates using a pooling kernel of dimensions (H,1) or (1,W), respectively. As a
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result, the outputs of the cth channel with height h and the cth channel with width w are
obtained by Equation (2) and Equation (3), respectively.

A= T @
<i<

2% (w) = ;IO L xliw ©)
<ij<

After the Coordinate Information Embedding step, the transformed features are con-
catenated and passed through a convolutional transformation function. First, spatial
information along the vertical and horizontal directions is encoded through batch normal-
ization and nonlinear activation functions. Subsequently, the encoded spatial dimensions
are decomposed into two separate feature maps corresponding to the horizontal and
vertical directions. These feature maps are then processed using a 1 x 1 convolutional
transformation function, generating two tensors with identical channel numbers. The final
output, denoted as f, is computed as shown in Equation (4).

£= (R ([ 2"])) (4)

REXHXW g the intermediate feature

where 6 denotes a nonlinear activation function and f €
map to encode spatial information in the horizontal and vertical directions. By splitting f
along the spatial dimension into two independent tensors f € R/"™H and f¥ ¢ R¢/™W,
two 1 x 1 convolutional transforms, F;, and Fy,, transform f* and " into tensors gh and
g", which have the same number of channels as the input X. The computation process is

shown in Equation (5) and Equation (6), respectively.

@ =o(mn () 0

g" = o(Fw(f")) (6)

where o is the sigmoid activation function and the output g" and g* are augmented as
attention weights. Finally, the output of Coordinate Attention Block can be expressed as
Equation (7).

Ye(ij) = xe(ij) x gl(i) x g'(j) @)

2.2.2. Construction of CoT Module

Transformers based on self-attention mechanisms have led to significant advance-
ments in Natural Language Processing (NLP) and have influenced the development of
Transformer-inspired architectures in computer vision. These models have demonstrated
strong performance across various visual tasks.

However, most current approaches apply self-attention directly to 2D feature maps,
generating attention matrices based on independent query and key-value pairs at each
spatial position, without fully exploiting the contextual relationships among neighboring
keys. In contrast, the Contextual Transformer (CoT) module [29] leverages the context
between input keys to dynamically generate attention matrices, thereby improving visual
feature representation. The architecture of the CoT module is illustrated in Figure 3.
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Figure 3. Schematic diagram of CoT structure.

The CoT module first encodes the input keys by applying convolution within a
contextual framework, generating a static contextual representation of the input. The
encoded keys are then concatenated with the input query, and the learned attention matrix
is applied to the input values through two successive convolutional operations to obtain a
dynamic contextual representation. Finally, the fusion of both static and dynamic contextual
representations serves as the output.

Specifically, when the input feature map is defined as K = XWy, Q = XWq, and
V = XWv for keys, queries, and values, respectively, the CoT module first applies con-
volution to all neighboring keys within a k x k grid, grouping them into k x k sets to
achieve a contextual representation for each key. This process generates the contextual key
K! € RE*WXC which captures the contextual information among the nearest neighbors. K
serves as the static contextual representation of the input. Subsequently, K! is concatenated
with Q, and the attention matrix A is computed through two 1 x 1 convolutional operations
using Wg and W;. The computation process is given in Equation (8).

A= {Kl,Q} WoWs ®)

In this process, Wg employs ReLU as its activation function, while W5 does not utilize
any activation function. At each spatial location, the attention matrix A is learned from
query features and contextual key features, rather than being computed from independent
query-key pairs. The contextual key K; captures static contextual information, thereby en-
hancing the self-attention mechanism’s learning capability. Finally, the computed attention
matrix is multiplied by the values to generate the attention feature map K, € RHE*WxC,
referred to as the dynamic contextual representation. Since Kj facilitates dynamic feature
interactions based on the input, it is designated as a dynamic contextual representation.
The final output Y of the CoT module is obtained by fusing the local static contextual
representation (K;) and the global dynamic contextual representation (K;) within the

attention mechanism.



Horticulturae 2025, 11, 905

8 of 24

2.2.3. Construction of YOLO-MDL Detection Model

In the ELAN module within the Backbone, the final CBS layer preceding CatConv
is first replaced with the CA attention mechanism module, enabling the model to focus
more effectively on relevant channel information. Similarly, in the ELAN module within
the Neck—specifically, the CBS layer following CatConv—the CoT module is introduced to
fully exploit contextual relationships between input keys, thereby guiding the learning of
the dynamic attention matrix and enhancing the model’s visual representation.

To differentiate between the ELAN modules in the Backbone and Neck, the ELAN
module in the Neck is designated as ELAN-W. Since each of these components contains
four ELAN modules and four ELAN-W modules, four positional scenarios were examined
for each module. The experimental results indicated that positioning the CA attention
mechanism module at Al yielded the best performance when adding only the CA module,
while placing the CoT module at T3 resulted in optimal performance when integrating only
the CoT module.

Building upon these findings, the two modules were incorporated simultaneously
based on their individual optimal placements. However, this configuration did not yield
the best overall performance. Therefore, multiple combinations of module placements
were systematically evaluated. The final results demonstrated that positioning the CA
attention mechanism module at A3 and the CoT module at T1 provided the most effective
performance when both modules were introduced concurrently. The schematic diagram of
the YOLO-MDL network architecture is illustrated in Figure 4.

an B

(L1 @n G2

=

Output

Figure 4. Structure of YOLO-MDL.



Horticulturae 2025, 11, 905

9of 24

D435 Depth camera

Portable power source -

Mobile track chassis —F

2.3. Experimental Platform

The model training in this study was conducted on a Windows 10 operating system
with the following hardware configuration: Intel Core i5-13400 CPU (2.50 GHz), 32 GB
RAM, and NVIDIA Tesla P40 GPU with 24 GB of video memory. The software environment
primarily consisted of Python 3.8.19, PyTorch 1.13.0, and CUDA 11.7. For robot control,
a separate computer was configured with ROS Noetic, running on the Ubuntu 20.04
operating system.

The initial input image size for the network was 640 x 640 x 3 pixels, and Stochastic
Gradient Descent (SGD) Optimization was employed for parameter updates. The parame-
ters were optimized using SGD with a momentum of 0.937, an initial learning rate of 0.01,
and a weight decay of 0.0005. The batch size was set to 16, and the model was trained for
200 epochs. To ensure consistency, the same dataset and training parameters were applied
across all models during the training process.

The robotic arm used in this study was the Realman RM65-B (manufactured by Real-
man Corporation, headquartered in Beijing, China), a lightweight, six-degree-of-freedom
robotic arm with a body weight of 7.2 kg and a payload capacity of 5.0 kg. It operated at a
rated voltage of DC 24 V, with a total power consumption of <100 W, a working radius
of 610 mm, and a repetitive positioning accuracy of +0.05 mm. Figure 5 illustrates the
muskmelon-pollinating robot used in this study, where the robotic arm, equipped with a
depth camera, was mounted on a crawler-type mobile chassis. A small brush head was
attached to the actuator at the end of the arm, enabling it to dip into the pollination solution
and pollinate muskmelon flowers.

—— Robot arm

———— Computer

—— Portable monitor

Figure 5. Photographs of the automatic pollination robot experiment.

2.4. Evaluation Metrics

To accurately evaluate the performance of the proposed model, this study employs
commonly used performance metrics in target detection algorithms, namely average preci-
sion (AP) and the F1 score. The F1 score is calculated as the harmonic mean of precision
and recall, providing a balanced measure of both evaluation criteria. Both the F1 score and
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AP are derived from Precision (P) and Recall (R). The computation process for each metric
is presented in Equations (9)-(13).

. correctly classified actual positives TP
Precision = : Py oy = ©)
everything classified as positive TP + FP
correctly classified actual positives TP
Recall = = 10
eca all actual positives TP + FN (10)
1
AP = / Precision(Recall)d(Recall) (11)
0
2 x Precision x Recall
= 12
F Precision + Recall (12)
Parameters = [r x (f x f) x o]+o0 (13)

In this context, the ground truth class of the samples is compared with the model’s
predicted class, categorizing the samples into four types: True Positive (TP), False Negative
(FN), False Positive (FP), and True Negative (TN). The parameters 1, f, and o in the formula
represent the input size, convolution kernel size, and output size, respectively.

In this experiment, the Root Mean Square Error (RMSE) is used as an evaluation metric
for error analysis, and is calculated as shown in Equation (14).

n
RMSE = %Z(Yi — )’ (14)
i=1

In the equation, n represents the number of observation values, Y; is the true value of
the i-th observation, and y; is the predicted value of the i-th observation.

2.5. Depth Camera-Based Target Localization Methods
2.5.1. Transformation Between Pixel Coordinate System and Image Coordinate System

Depth cameras represent a significant advancement over traditional cameras, as they
are capable of measuring the distance to a target. The depth camera employed in this
study is the Intel RealSense D435 (referred to as D435, manufactured by Intel Corporation,
headquartered in Santa Clara, CA, USA). After the object detection model identifies the
pixel coordinates o(u,v) of the bounding box, the 3D coordinates can be ultimately obtained
by incorporating the depth information provided by the depth camera. This process relies
on a clear understanding of the relationship between the pixel coordinate system and the
image coordinate system.

As illustrated in Figure 6, p denotes the 2D coordinates of the target center identified
by the model in the pixel coordinate system O,,, while Oy, represents the image coordinate
system. The transformation between pixel coordinate system and image coordinate system
is defined as shown in Equations (15)—(17), where Equation (17) represents the matrix form
of the transformations described in Equations (15) and (16).

X
- = 5
u dx+u0 (15)
V:dly—i—vo (16)
u i 0 wul |x
vi=10 & wolly (17)
1 0 1]]1
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v Y
Figure 6. Pixel coordinate system and image coordinate system.

2.5.2. Transformation Between Image Coordinate System and Camera Coordinate System

As shown in Figure 7, point p still represents the coordinates (u,v) detected by the
model in the pixel coordinate system, which correspond to (x,y) in the image coordinate
system. Based on the principles of perspective mapping, the projection in the camera
coordinate system of point p in the image coordinate system is denoted as P(X;,Yt,Zy).
The coordinate transformation between these systems is expressed in Equations (18) and
(19), where Equation (19) represents the homogeneous matrix form of the transformation
described in Equation (18).

BC_BO: _PC_X _Yi_ %4 (18)
OA_OCt_pA_X_y_Z
X z 0 0 Xt
Zilyl =0 z o] |Y. (19)
1 00 1|z
PX,Y,Z)
C

OMV

Figure 7. The relationship between the image coordinate system and the camera coordinate system.

To project 3D spatial points onto 2D image points and correct image distortions, it is
necessary to perform camera intrinsic calibration to obtain the internal reference matrix.
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This study calibrates the D435 camera using Zhang Zhengyou’s [30] method to complete
the internal parameter calibration. A calibration plate is fabricated, fixing the camera
position, and capturing 28 images by rotating the calibration plate at various angels and
attitudes. The calibration process is depicted in Figure 8.

- N A ol & &
¥ left-0000. lef-0001. left-0002. left-0003. left-0004. left-0005. left-0006. left-0007.

png png png png png png png png

[ 3

Size

e il
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png png png png png png png png

lef-0024.  left-0025. left-0026.  left-0027. osk.txt ost.yaml|
png png png png

Figure 8. The process of camera intrinsic calibration.

2.5.3. Transformation Between Camera Coordinate System and Robot Coordinate System

The transformation between the camera coordinate system and the robot coordinate
system relies on the extrinsic calibration of the camera, commonly referred to as hand-eye
calibration. In this study, an “eye-on-hand” hand-eye calibration approach was adopted,
enabling the coordinate transformation between the camera frame and the robot end-
effector frame. The calibration procedure is illustrated in Figure 9. Specifically, the camera
is mounted on the end-effector of the robotic arm and aligned with an Aruco Marker.
During the calibration process, images are captured by the camera while the robot is moved
to various poses. Simultaneously, the corresponding joint position data of the robotic
arm is recorded. Based on this dataset, the hand-eye calibration algorithm computes the
transformation matrix that describes the spatial relationship between the camera and the

robotic arm.

@rorm D@ - O@Local Mover 0@ -o

Name: Jrm_rs_d435_eye_on_hand/
Take Sample
: eyeonhand
Type: y i
Tracking Base Frame:  camera_color_frame Remove sample.
Tracking Marker Frame: aruco_marker_frame

Robot Base Frame:  base_link Compute

Robot Effector Frame:  Link6.

Calibration algorithm: Opency/TsakLenz

samples Result
Check starting pose Next Pose Execute

Figure 9. The process of camera hand-eye calibration.

After the aforementioned hand-eye calibration, the transformation between the camera
coordinate system and the end-effector coordinate system of the robotic arm is established.
However, this does not fully align the camera coordinate system with the robot’s global
coordinate system. The robot coordinate system is defined with respect to the base frame,
and therefore, an additional transformation from the end-effector frame to the base frame
is required. This transformation falls within the scope of robotic kinematics and relies on
the D-H parameters of the robot. The robotic arm in this study employs the modified D-H
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(MD-H) parameters, which represent an enhanced version of the standard D-H convention.
This approach improves applicability by refining the definition of joint parameters. The
modified D-H parameter table for the RM65-B robotic arm is presented in Table 1.

Table 1. MD-H parameters of the RM65-B robot.

Joint_id (i) a;_; (mm) a;_1(°) d; (mm) 0; (°)
1 0 00 240.5 00
2 0 90 00 99
3 256 0 0 90
4 0 90 210 0
5 0 —90 0 0
6 0 90 144 0

In the table, a;_; denotes the link length, a;_; denotes the link twist angle, d; represents the link offset, and 6;
indicates the joint rotation angle.

2.6. ROS-Based Robotic Arm Control

ROS is an open-source middleware framework designed for robotic development. In
this study, the enhanced YOLO-MDL detection model is integrated with a localization
algorithm to obtain the 3D coordinates of the target. Both the model and the algorithm
are deployed on the robot control PC running Ubuntu, with ROS facilitating the control of
the robotic arm. This setup enables path planning, ensuring that the brush reaches the 3D
coordinates of the detected flowers to perform robot-assisted pollination. As outlined in
Figure 10, ROS is employed to execute the robot’s automatic pollination task, utilizing the
target detection and localization algorithm.

Sort the Post topic
Add the object Yes o o coordinates by z information 4
n ) —>| dm\ensmnal N b itormatior Display imag
detection model in descending for all 2
order objects

Wait for object = g Initialize ROS
position . no d
information & . subscribers

Get images
and camera
parameters

Obtain the
current state of 47
the robotic arm

Coordinate
convert

Reach the preset
dip point by
Movel

Move through |
MoveL to target
point

Yes
m—’QHW E\“ -

Figure 10. Flowchart of ROS-controlled robotic arm to complete the pollination process.

3. Experiments and Results
3.1. Effect of Different Attention Mechanisms on Model Performance

The CBAM (Convolutional Block Attention Module) attention mechanism [31], SE
(Squeeze-and-Excitation) attention mechanism [32], and ECA (Efficient Channel Atten-
tion) [33] attention mechanism were incorporated into the original network model and
compared with the YOLOv7-CA model, which includes the CA attention mechanism. Like
the CA attention mechanism, the other attention mechanisms were also evaluated at four
different positions to determine the optimal position. The experimental results show that
the other mechanisms achieved the best performance when placed at position A2. The
contrast experimental results are presented in Table 2
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Table 2. Comparison of the effects of different attention mechanisms.
Model P (%) R (%) AP (%) F1 (%)
YOLOv7 85.0 81.7 87.9 83.3
YOLOv7-CBAM 91.2 77.0 88.5 83.5
YOLOvV7-SE 87.9 81.7 89.0 84.7
YOLOvV7-ECA 85.1 80.2 88.3 82.6
YOLOv7-CA 89 81.7 89.1 85.2

P Refers to Precision; R Refers to Recall; AP Refers to Average Precision; F1 Refers to F1 score.

A comparison of the results demonstrates that the performance of the model improves
after incorporating any of the aforementioned attention mechanisms. Notably, the highest
average precision (AP) was achieved with the CA attention mechanism, which resulted
in a 2.4% increase over the original model. Additionally, the F1 score reached 85.2%,
reflecting a 1.9% improvement compared to the original model. Therefore, the integra-
tion of the CA attention mechanism yields the best performance, enhancing the model’s
overall effectiveness.

3.2. Effect of Applying Different Positions of CA Module and CoT Module on Model Performance

To determine the optimal placement of the CA and CoT modules within the original
model, comparative experiments were conducted by integrating the modules at different
positions. After integrating the CA modules into positions Al, A2, A3, and A4 of the
network, the model’s detection performance improved over the original model, with the
exception of position A3. Specifically, the average precision (AP) increased by 1.2%, 0.2%,
and 0.4% at positions Al, A2, and A4, respectively. The model’s detection performance was
optimal when the CA module was added to position Al, as detailed in Table 3. Following
the introduction of the CoT module, a significant decline in detection performance was
observed at position T4 compared to the original model. However, at positions T1, T2, and
T3, the model’s performance improved, with the AP increasing by 0.6%, 1.3%, and 2.1%,
respectively. The best detection performance was achieved when the CoT module was
added at position T3, as presented in Table 4.

Table 3. Comparison of the effect of adding CA module at different positions.

Model P (%) R (%) AP (%) F1 (%)
YOLOv7 85.0 81.7 87.9 83.3
YOLOv7-CA-A1l 89.0 81.7 89.1 85.2
YOLOvV7-CA-A2 90.1 74.3 88.0 81.4
YOLOvV7-CA-A3 85.4 75.5 85.5 80.1
YOLOvV7-CA-A4 86.1 81.7 88.4 83.8

Table 4. Comparison of the effect of adding CoT module at different positions.

Model P (%) R (%) AP (%) F1 (%)
YOLOv7 85.0 81.7 87.9 83.3
YOLOvV7-CoT-T1 90.7 759 88.5 82.6
YOLOv7-CoT-T2 86.0 81.3 89.2 83.6
YOLOV7-CoT-T3 88.7 82.9 90.0 85.7
YOLOvV7-CoT-T4 83.3 68.5 79.7 75.2

3.3. Ablation Test

Ablation tests are used to explore the effects of specific substructures of the network
or training strategies on the model. In this study, we compare the performance of different
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improved models through an ablation test based on the YOLOv7 model. The ablation
test results are presented in Table 5. Where YOLOv7-CA-A1 represents adding the CA at
position A1 of the model, YOLOv7-CoT-T3 represents adding the CoT at position T3 of the
model, and YOLO-MDL is the final improved model.

Table 5. Ablation test results.

Model P (%) R (%) AP (%) F1 (%)
YOLOv7 85.0 81.7 87.9 83.3
YOLOvV7-CA-A1 89.0 81.7 89.1 85.2
YOLOvV7-CoT-T3 88.7 82.9 90.0 85.7
YOLO-MDL 92.7 78.6 91.2 85.1

The experimental results demonstrate that each improved model outperforms the
original one. Notably, the performance enhancement achieved by incorporating the CoT
module alone is greater than that obtained by adding the CA module individually. The
YOLO-MDL model, which integrates both modules and benefits from their combined effect,
achieves the best overall performance.

In order to further verify the effectiveness of the added module, the AP and Loss
curves of the validation set of the YOLO-MDL, original model, and models after adding a
single module are shown in Figure 11. The four models basically converge and stabilize
after 75 epochs; it can be seen in the AP curve that the AP of YOLO-MDL is higher than
that of the other models. As shown in the Loss curve, the loss of the original model without
any added modules is the highest, and YOLO-MDL has the lowest loss compared with
the other models, indicating that the model fitting performance is good and stable with
the best results. In summary, the improvements in this study are effective for the model.
Furthermore, although the AP curve graph indicates that the models basically stabilize
after 75 epochs, the loss curve reveals that the loss value does not reach a stable state at this
point. Instead, stabilization of the loss is observed only after around 175 epochs. Based on
this observation, a total of 200 training epochs were adopted in this study to ensure full
convergence of the model.

AP Loss
0.11 A — YOLOvV7
- YOLOv7-CA-Al
] —— YOLOv7-CoT-T3
0.8
0.10 1 —— YOLO-MDL
0.09 A
0.6
0.08
0.4 -
0.07 A
024 0.06 -
— YOLOv7
YOLOv7-CA-
OLOv7-CA-Al 0.05
—— YOLOv7-CoT-T3
0.0 1 —— YOLO-MDL
0 25 50 100 125 150 175 200 0 25 50 75 100 125 150 175 200
epoch epoch

Figure 11. AP and Loss curves of original model and improved models.
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3.4. Comparison of Detection Effectiveness of Different Models

In this study, after deriving the highest-performing YOLO-MDL model, a comparison
was conducted with other YOLO models, including the latest YOLOv12 model. The results
demonstrate that the improved YOLO-MDL model outperforms the other models, with
significantly higher values for both average precision (AP) and F1 score. The experimental
results are presented in Table 6.

Table 6. Comparison of the effect of different models.

o o o o Model Size
Model P ( /o) R ( /o) AP ( /0) F1 ( /0) (MB)
YOLOv7 85.0 81.7 87.9 83.3 73.0
YOLOvV7-tiny 84.7 75.9 84.6 80.1 12.0
YOLOv7x 84.3 75.1 83.6 79.4 138.7
YOLOv5m 82.8 71.1 79.4 76.4 41.2
YOLOv8m 79.1 71.3 78.9 75.2 50.8
YOLOvVIm 80.9 82.3 87.1 81.6 64.7
YOLOv10m 76.0 73.5 77.9 74.7 32.7
YOLOv1llm 82.1 68.8 78.0 74.9 39.5
YOLOv12m 80.8 66.6 75.9 73.0 39.8
YOLO-MDL 92.7 78.6 91.2 85.1 724

To provide a more intuitive comparison of the model performance, each model pa-
rameter is visualized in a radar chart and a 3D histogram. As shown in Figure 12a, the
radar chart clearly illustrates that the improved YOLO-MDL model outperforms the other
models, particularly in terms of AP and F1 scores, when comparing models of similar sizes.
As shown in Figure 12b, the advantage of YOLO-MDL in detection accuracy can be more
clearly seen by the 3D histogram after normalization, which has the highest Precision (P),
AP, and F1 scores, except for the Recall (R).

YOLOv7
YOLOvSm
YOLOv8m
YOLOvVIm
YOLOvI0m
YOLOvIIm
YOLOvI2m
—k—YOLO-MDL

95

40
Params/M

(a) (b)
Figure 12. (a) Radar diagram for model comparison; (b) 3D histogram diagram for model comparison.

To confirm the benefits of the YOLO-MDL model in detecting muskmelon flowers, the
detection results of several photos of muskmelon flowers in the test set were compared
with those of YOLOV?. Figure 13 displays the results.
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Figure 13. Detection effect between YOLO-MDL and YOLOv?7.

In the figure, a blue cross represents false detection, while a blue circle indicates
false detection. Compared to the original YOLOv7, YOLO-MDL not only achieves higher
detection confidence but also significantly reduces both false detection and false detection.

This qualitative comparison clearly demonstrates the improved detection performance of
the enhanced YOLO-MDL model.

3.5. Results of Camera Calibration

The specific intrinsic parameter matrix after calibration is as follows:

621.55 0 308.19
0 612.07 239.92 (20)
0 0 1

The hand-eye calibration results of the camera, which include the translational and
rotational components, are as follows: the translation vector t is [-0.109617, 0.049763,
—0.026437] and the rotation vector q, represented as a quaternion, is [0.007165, 0.021498,
—0.671826, 0.740362]. The quaternion q can be converted into a 3 x 3 rotation matrix R, as
expressed in Equation (21).

0.096375  0.995297  0.022205
R = |-0.994481 0.097197 —0.039495 (21)
—0.041460 —0.018276  0.998973
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The resulting homogeneous transformation matrix T used to describe the spatial
relationship between the camera and the robotic end-effector is expressed in Equation (22):

0.096375  0.995097  0.022205 —0.103617
~|1—0.994481 0.097197 —0.039495 0.049763 22)
~ | —0.041460 —0.018276 0.998973  —0.026437

0 0 O 1

T
T:Rt
0 1

3.6. Positioning Experiment Results and Analysis

After calibrating the camera, the final improved model, integrated with the depth
camera, was used to perform positioning experiments to assess the accuracy of the model’s
detection and positioning algorithms. The depth camera is mounted at the end of the
robotic arm, which is controlled via ROS to adjust the distance between the camera and the
detection target. The procedure is as follows:

Step 1: Once the robot moves to the designated operation position, the camera is
adjusted to an optimal angle and fixed in place using ROS.

Step 2: The detection and positioning process is then initiated, and the 3D coordinates
of the target’s center are recorded and stored along with the original image. The detection
results are shown in Figure 14.

Figure 14. Detection and localization results. (a) YOLO-MDL detection results; (b) 3D coordinates
calculated by combining depth camera.

Step 3: A tape measure is used to measure the distance from the camera to the target
surface, and the measurement is recorded, as shown in Figure 15.

Step 4: This process is repeated 20 times, with all data being recorded for further analysis.

The ground truth values for the pixel coordinates of the center point of the target
detection frame in the image, obtained in step 2, are recorded using Labellmg. Additionally,
the ground truth depth distance is obtained from step 3. These ground truth coordinates are
then compared with the predicted coordinates from the test, and the results are presented
in Table 7.

As shown in the table, the maximum errors in the true 3D coordinate values are
0.6 mm, 2.9 mm, and 7 mm along the X, Y, and Z axes, respectively, when compared to the
predicted values identified and localized by the model. The relatively large errors in the
depth values can be attributed to measurement inaccuracies as well as the instability of
the camera. In this experiment, the RMSE values are as follows: 3.87 mm for the Z-axis,
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0.36 mm for the X-axis, and 1.26 mm for the Y-axis. The use of the ROS-controlled robotic
arm for automatic pollination experiments also achieves precise positioning results, as
shown in Figure 15.

(a)

Figure 15. Experimental process. (a) Measuring the actual distance from the camera to the target;
(b) ROS controlling the robotic arm to complete pollination.

Table 7. Results of Muskmelon flower 3D coordinate positioning.

Actual Value (mm) Predicted Value (mm) Inaccuracies (mm)
No. x y z x’ y z’ [Ax| lAyl [Az ]
1 -5.1 14.2 357 —-5.2 14.4 358 0.1 0.2 1
2 66.3 37.8 432 66.1 37.2 434 0.2 0.6 2
3 56.9 10.9 480 57.1 104 486 0.2 0.5 6
4 —-14.1 7.2 277 —14.2 6.8 282 0.1 0.4 5
5 46.3 4.2 221 46.1 4.3 226 0.2 0.1 5
6 —-1.4 24.8 551 -1.2 24.3 556 0.2 0.5 5
7 —-15.2 449 618 —-15.3 434 625 0.1 1.5 7
8 —-1.4 48.1 248 -1.1 47 .4 254 0.3 0.7 6
9 12.4 23.2 167 12.7 21.3 173 0.3 1.9 6
10 17.1 51.3 308 17.7 52.1 312 0.6 0.8 4
11 17.2 50.8 300 16.8 51.4 302 04 0.6 2
12 —30.9 73.3 446 —30.4 724 450 0.5 0.9 4
13 -17.1 132.4 500 —-174 131.4 501 0.3 1.0 1
14 9.2 57.2 592 9.3 56.3 594 0.1 0.9 2
15 —74.6 123.1 673 -75.1 121.4 675 0.5 1.7 2
16 —87.2 83.3 716 —86.9 82.4 717 0.3 0.9 1
17 —29.5 —18.2 613 —28.9 —19.6 615 0.6 1.4 2
18 —31.8 —-15.5 721 —-31.2 -17.8 723 0.6 2.3 2
19 —63.1 41.3 844 —63.2 38.4 846 0.1 2.9 2
20 —116.8 29.3 952 -117.3 28.2 954 0.5 1.1 2

The time consumption of each stage in the entire pollination process is illustrated in
Figure 16, including model detection and localization, as well as robotic arm movement.
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Figure 16. Time consumption details of the complete pollination process.

It should be noted, however, that the camera configuration and model loading steps are
only performed once at the beginning of the first pollination task. These two components
are not included in subsequent consecutive pollination operations. Moreover, during the
robotic arm’s pollination process, the total execution time is not simply the sum of the
individual step durations shown in the figure. Additional node sleep times, introduced
intentionally between actions, allow for error tolerance and accommodate unexpected
situations. Nevertheless, even with these safety margins, the system is still able to complete
a single pollination task for one flower within 8 s and continuous pollination tasks for three
flowers within 18 s, which aligns well with the expectations of the current research phase.

4. Discussion

The YOLO-MDL model proposed in this study performed exceptionally well in detect-
ing muskmelon flowers and when combined with a three-dimensional positioning method,
providing reliable technical support for the automatic pollination robot of muskmelons.
The experimental results and multi-dimensional comparisons show that YOLO-MDL offers
high detection accuracy. In addition, this model can effectively combine with the three-
dimensional positioning algorithm and be deployed in the robotic arm to achieve automatic
pollination of muskmelons.

Firstly, the study compared the performance of the model after adding different
attention mechanisms, showing that the model with the CA attention mechanism achieved
the highest AP and F1 scores. Then, the study investigated the effect of positioning the CA
and CoT modules at various locations in the model, determining the optimal locations for
each module individually, as well as the optimal configuration for adding both modules
simultaneously. The final improved YOLO-MDL model, after incorporating both modules,
achieved an AP of 91.2% and an F1 score of 85.1%, which represents a 3.3% and 1.8%
increase in AP and F1, respectively. Additionally, YOLO-MDL was also compared with
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other common YOLO models, with the results indicating that YOLO-MDL outperforms
other models in detection performance. In comparison with the apple flower detection
approach proposed by Chen et al. [20], which is based on an improved version of YOLOVS5,
our enhanced model achieves a significantly higher AP of 91.2%, compared to their reported
mAP 77.5%. Additionally, our model demonstrates a greater improvement in AP (3.3%),
outperforming their reported gain of 1.7%, which further highlights the effectiveness of
our proposed method.

For the localization experiments, the D435 camera was calibrated using the internal ref-
erence matrix. The improved YOLO-MDL model, combined with a localization algorithm,
was used for 3D localization experiments. The predicted 3D coordinates were compared
with the true values, and RMSE was used for error analysis. The results show minimal
errors in all three axes: the RMSE for the Z-axis was 3.87 mm, for the X-axis 0.36 mm, and
for the Y-axis 1.26 mm, meeting the high-precision localization requirements for pollinating
robots in natural scenarios. The system is able to complete a single pollination task for one
flower within 8 s. In the watermelon pollination method proposed by Ahmad et al. [27], the
average depth error related to pollination target localization is 1.028 cm, with an average
pollination time of 8 s per flower. When compared to the method presented in this study,
both the depth error and the time required for pollination are higher, indicating that our
approach offers improved accuracy and efficiency in robotic pollination tasks.

However, some noteworthy limitations were identified in this study. Although the
detection accuracy of YOLO-MDL is very high, the deployment of the model on hardware
devices requires a high degree of lightweighting, which cannot be met by existing models.
Secondly, a relatively small dataset may limit the model’s generalization capability, espe-
cially under greenhouse conditions, where flowers may suffer from occlusion, blurring,
large viewpoint variations, or background interference. Thirdly, because in the actual scene
the muskmelon flower in the camera captured image will appear in a variety of shapes
and poses, such as flowering and non-flowering, with stamens facing the camera or back
to the camera, and so on, this situation will affect not only the detection accuracy but also
the pollination operation of the robot. In addition to this, compared to the errors in the
other two dimensions, the larger errors in the depth values in the localization experimental
results can be attributed to the perceived inaccuracy of the measurements as well as the
inherent errors in the calibration of the camera parameters. Furthermore, it is important
to note that both measurement accuracy and repeatability can be influenced by external
disturbances, such as mechanical vibration. Therefore, our future research will focus on the
following aspects:

(1) Lightweighting research: In order for the model to meet the requirement of easy
deployment on hardware devices to the extent that the speed of detection can
be increased to improve pollination efficiency, subsequent research will prioritize
lightweight module design, optimization of the model structure, and pruning to
achieve lightweight.

(2) Dataset expansion: To avoid the possibility of reduced model generalization capability
due to small dataset, we are planning to collect more images across different growth
stages and environmental conditions or use a variety of data enhancement methods
to enhance the dataset’s comprehensiveness. Additionally, in our future research, we
intend to carry out systematic experiments to analyze how varying dataset sizes affect
model performance.

(3) Diversification of data processing and model design: Since in real-life scenarios,
flowers can take on different shapes and poses, and the current treatment of the
dataset only makes it possible to label open flowers, which does not take into account
all scenarios, in the future, the dataset can be labeled according to multi-class of
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“buds”, “fully bloomed flowers”, and “wilted flowers”, including open and unopened
flowers. This method can better reflect real-world variability and improve the model’s
ability to distinguish pollinatable flowers from non-targets in complex environments.
In addition to this, pose estimation of flowers can also be studied to optimize the
target selection of robotic pollination through the combination of attitude estimation
and target detection.

(4) Improvement of measurement means and experimental design: Since the inaccuracy
of human measurement will largely affect the size of the error in the depth value,
the use of high-precision laser rangefinders to measure the size of the actual depth
value will be considered in subsequent experiments. In response to the influence of
external factors on accuracy measurements, this consideration can be incorporated
into future research to optimize the experimental design by validating the system’s
accuracy through real-world error measurements under dynamic conditions.

5. Conclusions

In order to improve pollination efficiency and alleviate labor demands, this study
designs an automatic pollination robot and investigates automatic pollination technology,
with a focus on the key aspect of accurate recognition models. The current YOLO detection
method based on deep learning demonstrates high efficiency and excellent reliability
in complex flower environments; however, it has not yet yielded effective results for
muskmelon flower detection, presenting challenges in achieving low-cost, high-precision
automatic pollination. To address these issues, this study constructed a muskmelon flower
image dataset and proposed a method for detecting and locating muskmelon flowers using
the YOLO-MDL model. After enhancing the model and integrating it with a depth camera
for 3D positioning and error measurement, the ROS-controlled robotic arm completed the
pollination task. The experimental results show that the AP and F1 of YOLO-MDL are
91.2% and 85.1% respectively, which are significantly higher than the original model and
other target detection models. In the localization experiments, the predicted 3D coordinates
are compared with the true 3D coordinates and the RMSE is used as the evaluation index
for error analysis. The results show that the coordinate errors in all three directions are
small, which meets the requirement of high-precision localization of automatic pollination
robots in natural scenes.

In conclusion, the YOLO-MDL model proposed in this study, designed for real-time
detection and localization of muskmelon flowers, satisfies the high-precision requirements
for both detection and localization after experimental evaluation. This provides strong
technical support for future automatic pollination robots. In future work, the model can
be further optimized to reduce its size while maintaining detection accuracy, facilitating
deployment on edge devices. Additionally, reinforcement learning can be integrated to
enable the robot to autonomously adjust parameters based on environmental changes,
further enhancing pollination efficiency.
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