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Abstract: The aim of this study was to address the issues of inaccurate picking point localization caused by overlapping and occlusion 

of ridge-planted strawberry fruits, as well as storage quality deterioration induced by postharvest perishability. A lightweight object 

detection model was developed to rapidly and precisely localize strawberry fruits and picking points, thereby providing technical support 

for intelligent harvesting and postharvest supply chain quality control. An improved YOLOv8-SCE model was developed by replacing the 

C2f module in the YOLOv8 backbone with the C2f-fasternet module to reduce computational redundancy, introducing an Efficient Multi-

Scale Attention (EMA) mechanism to enhance multi-scale feature representation and adopting the SIoU loss function for bounding-box 

regression optimization. Additionally, a novel picking point prediction algorithm was proposed based on fruit-pedicel spatial relationships. 

The experimental results demonstrate that the improved model achieved a precision (P), recall (R), and mean average precision (mAP@0.5) 

of 99.23%, 98.11%, and 99.02%, respectively, on the test set, with a 25.22% reduction in parameter count and an 8.93 FPS improvement 

in inference speed. The accuracy of picking point prediction reached 91.11%, with single-fruit prediction time of only 96 ms. Practical 

deployment tests show that both recognition and localization algorithms maintained excellent performance, achieving accuracy rates above 

92.07%. Compared with traditional machine vision methods and mainstream deep learning models, the proposed method exhibited superior 

precision and enhanced time efficiency. These findings confirm that the YOLOv8-SCE model and its associated picking point prediction 

method provide a solid theoretical foundation and technological innovation pathway for achieving intelligent, precise harvesting operations in 

strawberry-harvesting robots.
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Strawberries, as a beloved fruit among consumers, 
have a stable market demand and are extensively cultivated 
worldwide. During the harvest season of strawberries, 
fruits are typically harvested when approximately three-
quarters of their surface has turned red. However, due 
to the tendency of the fruits to become excessively ripe, 
strawberries can turn yellow, moldy, or even rotten, 
making it crucial to strictly control the harvest time. Due 
to soft texture of strawberries, current strawberry harvest 
primarily relies on manual labor, which involves high 
labor intensity and low harvesting efficiency [1] . Therefore, 
improving harvest efficiency, reducing labor costs, and 
promoting the mechanization of strawberry harvest have 
become one of the urgent issues to address in the field of 
agricultural engineering research [2,3] .

More and more researchers are dedicated to 
assessing the key technologies of strawberry harvest 
robots. Including the recognition of ripe strawberry fruits, 
precise localization and picking the strawberry fruits, and 
model deployment are being identified as three crucial 
components [4,5] .

Currently, research has made progresses in the 
recognition of strawberry fruits and localization the 
picking points. Traditional methods involve using image 
recognition technology to extract information such as 
the shape, size, color, and defects of strawberries for 
detection. However, those methods were susceptible 
to environmental factors and often had relatively low 
accuracy [6,7] . With the widespread application of machine 
vision technology in agricultural harvest in general, the 
accuracy of fruit detection has significantly improved [8,9] . 
Recent developments include using deep learning for 
classifying ripe and raw strawberries, with advancements in 

semantic segmentation models achieving high accuracies 
for mature and immature fruit detection. Despite 
improvements, challenges such as background interference 
and processing speeds in real-world environments remain 
critical areas of focus for further research [10-12] .

Compared to previous algorithms, the YOLO series’ 
one-stage detection algorithms have shown superiority 
in addressing agricultural detection challenges. These 
include RTSD-Net based on YOLOv4-tiny for real-time 
indoor strawberry detection using embedded systems like 
Jetson Nano [13] . However, existing experimental datasets 
often lack diverse occlusion scenarios, limiting their 
practical applicability in natural or field conditions. Recent 
studies such as YOLOv5s-BiCE and YOLOv5-ASFF 
have improved detection accuracy and generalization 
capabi l i t i e s  bu t  have  increased  computa t iona l 
demands  [14,15] . Overall, the YOLO series represents a 
promising approach for fruit recognition, yet ongoing 
efforts are needed to optimize detection speed while 
maintaining high accuracy levels [16,17] .

In current research, various methods have been 
explored for determining picking points on strawberry 
pedicels. Approaches like Mask-RCNN faced challenges 
with occlusions and detection speed, limiting practical field 
use [18] . Recent advancements included perception systems 
utilizing point cloud data for vertical environments, but 
issues with segmentation errors persisted in clustered 
strawberries  [19] . An improved semantic segmentation 
model for tomatoes showed promise, achieving a high 
accuracy rate in picking point localization [20] , providing a 
theoretical basis for picking points localization in the study.

Although some progress has been made, current 
technologies still struggle to effectively apply strawberry 

摘要：为应对垄植草莓果实堆叠、遮挡导致的采摘点定位不准及采后易腐性引发的贮藏品质劣变问题，本研究旨在开

发一种轻量化目标检测模型，实现草莓果实与采摘点的快速精准定位，为智能化采收及采后产业链质量控制提供技术支持。

通过将 YOLOv8 主干网络 C2f 模块替换为 C2f-fasternet 模块降低计算冗余，引入多尺度注意力机制（Efficient Multi-Scale 

Attention, EMA）强化多尺度特征表征，采用 SIoU 损失函数优化检测框回归，形成改进的 YOLOv8-SCE 模型；同时基于果

实 - 果梗空间关系提出新型采摘点预测算法。该研究结果为改进模型在测试集上的精确率（P）、召回率（R）以及平均精

度（mAP@0.5）分别达 99.23%、98.11% 以及 99.02%，参数量减少 25.22% 且推理速度提升 8.93 FPS，采摘点预测准确率

91.11% 且单果预测耗时仅 96 ms，实际部署测试下识别与定位算法准均有着良好的表现，准确率均在 92.07% 以上。较传

统机器视觉方法及主流深度学习模型兼具更高精度与更优时效性。该研究结论为本研究提出的 YOLOv8-SCE 模型及其采

摘点预测方法为草莓采摘机器人实现智能化、精准化采收作业提供了坚实的理论基础与技术创新路径。

关键词：轻量级 YOLOv8 ；草莓果实与果梗识别；采摘点；注意力机制
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recognition and precise picking points localization of 
strawberry fruits in the practical operations of strawberry 
harvest robots. In the environment of raised-planting 
cultivation, strawberry harvest robots are required to have 
high computational capabilities, accurate recognition of 
strawberry fruits, and precise localization of the picking 
points. Additionally, raised-planting cultivation is closer 
to the natural growth habits of strawberries, making 
research on ridge-planted strawberries more practically 
valuable. Therefore, the current study focuses on ridge-
planted strawberries, by designing a lightweight YOLOv8-
SCE model, which significantly reduces the number of 
model parameters while ensuring accurate recognition 
of strawberry fruits and precise position picking points, 
making it suitable for deployment on mobile platforms.

1  Materials and Methods

1.1 Dataset Construction 

Strawberry images for the study were captured at 
a commercial strawberry farm in Beijing, China, where 
ridge-planted strawberries were grown in a greenhouse. 
The weather was clear with full sunlight outside the 
greenhouse during the image acquisition session in the 
afternoon of January 28, 2024. A handheld smartphone 
with a resolution of 3 072 (width)×2 304 (height) pixels 
was used to collect the JPEG images of the strawberry 
trees under natural growing conditions with varying 
degrees of fruit ripeness. A total of 480 images were 
selected for this study, encompassing various lighting 
conditions and different occlusion scenarios observed 
at a working distance of 10~30 cm. This dataset was 
designed to reflect the challenges faced by strawberry 
picking robots in real-world environments, with varying 
lighting, occlusion, and fruit ripeness conditions. The 
10~30 cm working distance during image capture aligns 
with the typical operational range of a strawberry picking 
robot’s vision system. Thus, this dataset is highly relevant 
for training and evaluating robotic vision models for 
strawberry harvesting.

To enhance the generality and robustness of 
the detection model in various complex real-world 
scenarios, the captured dataset of 480 images was 
expanded to 1 920 images by data augmentation. The 
data augmentation included brightness adjustments to 

simulate different light intensities, adding noise to simulate 
blurring caused by camera shaking during handheld image 
acquisition, and random rotation (clockwise between -45° 
and 45°) to simulate different shooting angles. After 
data augmentation, all augmented versions of the same 
original image were assigned to the same subset (training, 
validation, or testing), ensuring no overlap between the 
subsets. Labeling of the targets was performed using 
LabelImg (an open-source image annotation software) for 
three categories: ripe strawberry fruits, raw strawberry 
fruits, and pedicels. Strawberry fruits with over 80% 
color redness were labeled as “ripe”, the remaining unripe 
strawberry fruits were labeled as “raw”, and the pedicel 
above the strawberry fruit was labeled as “pedicel”. The 
annotation results were stored in XML format, including 
image path, pixel information, target categories, and 
position information of the annotation boxes. For ease of 
training, the annotation files were batch converted to txt 
format using Python. Finally, the annotated dataset was 
divided into training, validation, and testing in a 7:2:1 
ratio, with 1 344 images for training, 384 images for 
validation, and 192 images for testing, as shown in Table 1.

Table 1 Dataset classification

Dataset Number of images
Number of tags

ripe raw pedicel

Training set 1 344 2 967 3 314 7 295

Verification set 384 985 806 2 059

Test set 192 423 473 1 042

total 1 920 4 375 4 593 10 396

1.2 Proposed Strawberry Object Detection Model

Based on the advantages of YOLOv8 in terms of 
speed, accuracy, and flexibility  [21,22] , this study chose 
YOLOv8 as the base model for target detection in ridge-
planting strawberry fields. Compared to earlier versions 
like YOLOv4 and YOLOv5, YOLOv8 strikes a perfect 
balance between high precision and real-time performance, 
which is crucial for tasks requiring both accuracy and rapid 
response, like strawberry harvesting in dynamic environments.

YOLOv8 structure is divided into three main 
components: the backbone, neck, and head. The backbone 
consists of essential convolutional modules (Conv), 
spatial pyramid pooling module (SPPF), and C2f module, 
responsible for feature extraction. The neck includes 
the PAN (Path Aggregation Network) and FPN (Feature 
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Pyramid Network) structures, forming the PANet 
architecture, effectively enhancing the network’s ability 
to fuse features from objects at different scales. The head 
serves as the classifier and regressor, utilizing a decoupled 
head structure that separates classification and detection 
tasks, allowing focused improvement on each task and 
enhancing overall performance.

This study improves the YOLOv8 model while 
maintaining high recognition accuracy, resulting in the 
lightweight YOLOv8-SCE model. The improvements 
included replacing the C2f module in the YOLOv8 
model with the C2f-faster module to reduce redundant 
computations and memory access, thereby enhancing the 
efficiency of spatial feature extraction. Building upon C2f-
faster, the EMA attention mechanism was introduced, 
resulting in C2f-faster-EMA to further enhance model 
performance. Finally, the SIoU loss function was utilized 
to achieve rapid localization of predicted bounding boxes. 
The improved network structure was shown in Fig.1.

1.2.1 FasterNet Block
To achieve the recognition task of strawberry fruits 

and pedicels under various complex conditions, convolutional 
neural networks were needed to perform a large number of 
filtering operations and feature extraction, which not only 
increased the complexity of the model but also required more 

computational resources for training and inference.
To reduce the model’s complexity and improve 

network processing speed, this study proposed the C2f-faster 
module, it was derived by replacing the BottleNeck in C2f 
with the Fasternet Block [23] , which resulting in enhanced 
feature extraction efficiency (Fig.2a). The Fasternet Block 
introduced a novel partial convolution PConv, which only 
applied regular convolution for spatial feature extraction 
on a part of the input channels and keeps the remaining 
channels unchanged, as shown in Fig.2b. This module is 
highly effective in processing images with obstructions 
or  part ial  missing areas,  s ignif icant ly reducing 
memory access overhead while maintaining network 
performance.

1.2.2 EMA (efficient multi-scale attention)
Additionally, in practical environments, factors such 

as fruits overlapping, pedicels intertwining, and complex 
backgrounds can affect the recognition accuracy of images. 
Therefore, in order to further improve the efficiency and 
performance of the model, focusing neural networks on 
extracting features of strawberry fruits and pedicels while 
disregarding other information in the image, this study 
incorporated the use of attention mechanisms to enhance 
the model’s acquisition of critical information from the 
images.

Fig.1 The architecture of the improved model
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Fig.2 FasterNet Block and its key components

Notes: (a) FasterNet Block; (b) Partial convolution.

Fig.3 FasterNet-EMA Block and its key components

Notes: (a) EMA; (b) FasterNet-EMA Block.

Attention mechanisms improve recognition accuracy 
and scene understanding in computer vision tasks [24,25] , 
but they require significant memory and computational 
resources. An efficient multi-scale attention (EMA) 
module based on the CA module has been utilized in recent 
studies [26] , which not only enhances performance but also 
reduces computational overhead, as shown in Fig.3a. By 
reshaping part of the channel into the batch dimension and 
grouping the channel dimension into multiple sub-features, 
EMA ensures the uniform distribution of spatial semantic 
features in each feature group. This helps to effectively 
establish short-distance and long-distance dependencies 
for better performance. Leveraging the flexibility and 
lightweight nature of EMA, we integrated it into the 
forward propagation process of FasterNet, resulting in 
FasterNet-EMA, as shown in Fig.3b.

1.2.3 SIoU
YOLOv8 defaults to using CIoU as the bounding box 

regression loss function, evaluating the difference in aspect 
ratio between the predicted box and the target box to 
assess the positional differences between them. However, 
the complete intersection over union (CIoU) does not 
effectively handle aspect ratio and angle constraints 
between predicted and ground truth boxes [27] . Therefore, 
this study introduced SIoU as the detection box regression 
loss function [28] . The SIoU loss function incorporates the 
orientation between the ground truth box and the predicted 
box, introducing angle vectors as constraints to improve 
network convergence and training quality, it consists 
of four cost functions: angle loss, distance loss, shape 
loss, and IoU loss, the calculation formulas are shown in 
Equations 1~4.

LSIOU=1-IOU+
Δ+Ω

2
 			    （1）

IOU=
|B∩BGT|
|B∪BGT|                      （2）

Λ=1-2sin2 [arcsin(
Ch

σ )-
π
4 ]    （3）

Ω= ( )1 t

t w.h
e−

=

= −∑
θωΩ (1-e-ωt)θ     （4）

In the formula:

IOU——represents the IOU loss, 

Λ——represents the angle loss, 

Δ——represents the distance loss considering the angle loss 

condition, 

Ω——represents the shape loss, 

B and BGT
——represent the areas of the predicted bounding 

box and the ground truth bounding box respectively.

1.3 Proposed Picking Point Position Method

After obtaining images of ripe strawberry fruits using 
YOLOv8-SCE, the edge contours are extracted through 
threshold segmentation to determine the apex of the fruit. 
Subsequently, calculate the distance between the midpoint 
of the bottom edge of all pedicel bounding boxes and 
the apex of the fruit, select the pedicel closest to the ripe 
strawberry fruits, and thus position the picking points.

First, calculated the Euclidean distance between 
the lowest point of each pedicel’s bounding box and the 
apex of the fruit to filter out the pedicel closest to a fruit. 
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Next, to avoid mismatching irrelevant pedicels, further 
determination was conducted to ascertain whether this 
distance is less than 1/4 of the fruit’s height. If so, the 
pedicel was confirmed to belong to the fruit.

(a) Estimation of the apex of the fruit. First, cropped 
the detected bounding box area to generate a sub-
image. Next, extracted the region of interest in the HSI 
color space to clearly identify the fruit’s contour and 
address noise and holes introduced in step (1) through 
necessary image processing such as noise removal and 
hole filling. Subsequently, the minimum extreme point 
of the strawberry contour was determined as the lowest 
point of the fruit. Extending the line connecting the 
center of the bounding box with this point, and took the 
intersection with the bounding box as the highest point of 
the extension.

(b) Determining the pedicel to which the fruit 
belonged. First, the Euclidean distance between the lowest 
point of each pedicel’s bounding box and the apex of the 
fruit was calculated to filter out the pedicel closest to the 
fruit. Next, to avoid mismatching irrelevant pedicels, this 
distance was further determined whether it is less than 1/4 
of the fruit’s height or not. If so, the pedicel was confirmed 
to belong to the fruit.

Fig.4 Flowchart of methodology

(c) localization the picking points. To reduce 
collisions during the harvest, the picking points should 
be set approximately 5~20 millimeters above the apex 
of the fruit. Experiments have shown that about 95% of 
the distances between the center point of the pedicel’s 
bounding box and the apex of the fruits are within 
this range. Therefore, the center point of the pedicel’s 
bounding box was approximated as the harvest target fruit. 
The method flowchart of the recognition of strawberry 
fruits and picking points localization is shown in Fig.4.

1.4 Training Environment and Evaluation 
Metrics

The system environment of this experiment was a 
Windows 64-bit system, running on a server equipped 
with an Intel (R) Core(TM)i5-10 400F CPU @2.90GHz 
2.90GHz processor, with 16GB of RAM, and using 
NVIDIA GeForce GTX 1 650 graphics card. The software 
includes CUDA11.1 and CUDNN11.1. Programming was 
conducted using Python, with model building and training 
carried out in the PyTorch framework. To accelerate 
the convergence speed during model training, the SGD 
optimizer was used, with 300 training iterations and a 
batch size of 16. In the training stage of the network 
model, all input images were resized to 640×640, the 
initial learning rate was set to 1×10-3, momentum was set 
to 0.94, and a cosine annealing decay strategy was used to 
update the learning rate.

To evaluate the accuracy of the improved network 
model in recognizing strawberry fruits and pedicels, five 
evaluation metrics are adopted: Precision (P), Recall (R), 
Mean Average Precision (mAP@0.5), and F1-score. When 
calculating mAP@0.5, since the focus of the current 
study was on recognizing strawberry pedicels, ripe fruits, 
and unripe fruits, the number of classes were three. The 
calculation formulas for the relevant performance metrics 
are shown in Eq. (5)~(10). Number of parameters and 
Giga Floating-point Operations Per Second (GFLOPs) 
were used to measure the complexity of the model. The 
detection speed of the model is measured in Frames 
Per Second (FPS). A high FPS means the model can 
process data quickly and efficiently, meeting the real-time 
requirements of practical applications. 

Precision=
TP

TP+FP     （5）

Recall=
TP

TP+FN      （6）

AP= ( )
1

0

AP P R dR= ∫P(R)dR     （7）

mAP=
1

n

i
i

AP
mAP

n
==
∑APi

n      （8）

F1=
2×P×R

P+R       （9）
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FPS=
11FPS

Pr oces sin g  time per frame
=                （10）

In the formula:

TP——represents the number of samples correctly identified 

as positive among the true positive samples;

FN——represents the number of samples incorrectly identified 

as negative among the true positive samples;

FP——represents the number of samples incorrectly identified 

as positive among the true negative samples;

TN——represents the number of samples correctly identified 

as negative among the true negative samples.

In Eq.9, n typically refers to the number of categories 
involved in the evaluation, since the focus of this paper 
is on identifying strawberry pedicels, ripe fruits, and raw 
fruits, the number of categories is n=3.

In the process of detecting picking points of ripe 
strawberries, accuracy is used as a metric to evaluate 
algorithm performance (Eq.11). 

Accuracy=
T
N                  （11）

In the formula:

T——represents the number of correctly predicted samples;

N——denotes the total number of samples.

2  Results and Discussion

2.1 Strawberry Fruits and Pedicels Recognition 
Experiment

2.1.1 Ablation Experiments
This study has made three significant improvements 

to the baseline YOLOv8s model: optimizing the bounding 
box regression loss function to SIoU, replacing the C2f 
module with the C2f-Fasternet module, and embedding 
the EMA attention mechanism within the C2f-Fasternet 
module. The effectiveness of the enhancements was 
verified through ablation studies. All models were trained 
in a consistent hardware environment and with identical 
parameter settings.

As shown in Table 2, optimizing the bounding box 
regression loss function to SIoU enhanced the model’s 
sensitivity to targets of varying sizes, improving both 

mAP@0.5 and FPS. Building on this, replacing the 
C2f module with the C2f-Faster module, the model’s 
parameters and GFLOPs were reduced by 25.22% 
and 24.60%, significantly lowering computational 
requirements. This alleviates storage and processing 
pressure on edge devices, improving deployment 
efficiency. The reduction not only helps reduce latency 
and enhances real-time inference capabilities but also 
makes the model more suitable for resource-constrained 
devices, improving device response speed and reducing 
power consumption. As a result, the model’s complexity is 
significantly improved, while recognition speed increases 
by 59.72%. Furthermore, integrating the EMA attention 
mechanism into the base model improved P from 98.73% 
to 99.23%, while FPS decreased from 47.63 to 38.44. 
However, in practical strawberry picking tasks, 30 FPS 
is generally sufficient to meet operational requirements. 
Therefore, with FPS still above this threshold, the 
slight decrease is a reasonable trade-off for the 
significant accuracy improvement, as higher precision 
is essential for reliable strawberry harvesting. Overall, 
the improved model maintained excellent recognition 
accuracy while it has significantly reduced the number 
of model parameters, which achieved the goal of 
lightweight model.

2.1.2 Strawberry Fruits and Pedicels Recognition 
Experiment

In this experiment, three mainstream one-stage 
detection algorithms, YOLOv5s, YOLOv7, and YOLOv8, 
were selected as comparative models. The experimental 
results are shown in Table 3. The improved YOLOv8-SCE 
model outperformed other models in general. Compared 
to the baseline YOLOv8 model, the detection results still 
maintained high accuracy, with mAP@0.5 and P values 
reaching 99.02% and 99.23%, respectively. The total 
parameter number of the modified model was reduced 
from 1.11 MB to 0.83 MB, a decrease of 25.22%, which 
better met the requirements of lightweight model. Fig.5 
illustrates the performance differences between YOLOv8-
SCE and three other models.
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Table 2 Comparison results of different models for ablation experiments

YOLOv8 +SIoU +FasterNet Block +EMA Parameters/M GFLOPs/G Precision/% mAP@0.5/% FPS

√ 1.11 28.41 99.41 99.21 29.51

√ √ 1.11 28.41 99.32 99.32 29.82

√ √ √ 0.83 21.42 98.73 99.03 47.63

√ √ √ √ 0.83 22.00 99.23 99.04 38.44

Table 3 Performance comparison of different models

Algorithm Parameters(M) GFLOPs(G) Precision/% R/% mAP@0.5/% F1/% FPS

Yolov5 0.70 16.01 88.14 86.53 89.71 87.34 54.82

Yolov7 3.72 105.12 86.52 85.83 87.82 86.14 4.74

Yolov8 1.11 28.4 99.41 98.81 99.24 99.12 29.51

Yolov8-SCE 0.83 22.0 99.23 98.11 99.02 98.62 38.44

exhibited outstanding performance. They could accurately 
identify the occluded strawberry fruits and pedicels 
in complex backgrounds without any false detections, 
as shown in Fig.7c and 7d, respectively. Additionally, 
while maintaining high-precision detection, YOLOv8-
SCE processed data faster than YOLOv8, which was 
particularly important for applications requiring real-time 
fruit processing.

2.1.3 Strawberry Fruit and Pedicel Recognition under 
Varying Field Conditions

To validate the adaptability and robustness of the 
model under different field conditions, the dataset was 
further subdivided to facilitate assessment across diverse 
backgrounds and occlusion scenarios. Fig.8 shows the 
model’s recognition results in various complex and 
occluded environments. In recognition tasks, the model 
not only accurately differentiated between ripe and raw 
strawberry fruits, but also precisely recognized strawberry 
pedicels. The method performed well under occlusions 
caused by other pedicels, other fruits, and leaves.

As shown in Table 4, the YOLOv8-SCE model 
exhibited exceptional predictive performance in 
recognizing strawberry fruits under various occlusion 
conditions, with accuracy rates exceeding 98.00% in 
all scenarios. Specifically, strawberry fruits occluded 
by pedicels achieved the highest recognition accuracy, 
primarily because the shape, size, and color of the pedicels 
minimally affected the fruit recognition. Conversely, the 
lowest accuracy occurred when strawberry fruits were 
occluded by other fruits, as the features of the occluded 
fruits were masked.

Fig.5 Performance comparison of different algorithms

Fig.6 mAP@0.5, and iteration number variation chart

The performance levels of other models were as 
follows: YOLOv5 (mAP@0.5: 89.71%, P: 88.14%), 
YOLOv7 (mAP@0.5: 87.82%, P: 86.52%). The ranking 
of detection speed was YOLOv5, YOLOv8-SCE, 
YOLOv8, and YOLOv7. Although YOLOv5 achieved an 
FPS of 54.82, its mAP@0.5 and P were only 89.71% and 
86.53%, indicating lower precision and not meeting the 
accuracy requirements for strawberry fruit and pedicel 
detection. It falsely identified ripe strawberry fruits as 
raw and failed to detect the pedicels, as shown in Fig.7a. 
For object detection, both YOLOv8 and YOLOv8-SCE 
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Fig.7 Comparison of recognition results of different models

Notes: (a) Yolov5; (b) Yolov7; (c) Yolov8; (d) Yolov8-SCE.

Fig.8 Detection results of strawberry fruits and pedicels

Table 4 Results of strawberry fruit and pedicel recognition experiments under different conditions

Target Class Detect Correct Correct detection rate/%

pedicel occlusion 338 336 99.40

Strawberry Fruit Leaf occlusion 233 230 98.71

Fruit occlusion 195 193 98.97

pedicel overlapping 253 246 97.23

Strawberry Pedicel pedicel-leaf overlapping 154 152 98.70

pedicel-fruit overlapping 100 98 98.00
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In terms of pedicel detection, the YOLOv8-SCE 
model also demonstrated satisfying results. The accuracies 
in complex backgrounds of pedicel overlapping, pedicel-
leaf overlapping, and pedicel-fruit overlapping were 
97.23%, 98.70%, and 98.00%. The results indicated that 
the YOLOv8-SCE model was capable of effectively 
handling various complex conditions, ensuring high-
precision predictions for both fruits and pedicels.

2.2 Prediction of harvest  targets of r ipe 
Strawberry Fruits

The detection process for a picking point begins 
with the identification of strawberry images. Using the 
lightweight YOLOv8-SCE model, bounding boxes were 
detected and positioned for strawberry fruits and pedicels, 
as shown in Fig.9a. Next, sub-images were cropped from 
the bounding boxes of each ripe strawberry fruit, and the 
strawberries within these sub-images underwent threshold 
segmentation. 

The lowest point on the contour of the target 
strawberry fruit was marked. Then, the line connecting 
this point to the midpoint of the bounding box was 
extended. The intersection of this extended line with the 
bounding box was marked as the apex of the fruit (Fig.9b). 
Subsequently, the midpoint along the lower edge of the 
pedicel’s bounding box was used as the detection point. 
With the fruit vertex as the detection center and one-
quarter of the fruit height as the detection radius, the 
presence of an associated pedicel was identified, as shown 
in Fig.9c. Finally, the center position of the bounding box 
of the associated pedicel was identified as the picking 
point (Fig.9d).

The experimental results of predicting picking points 
for 304 ripe strawberry fruits showed accuracy was 91.11% 
for this method, with a target localization time of 96 ms. 
The incorrect localization of picking points was primarily 
due to the following reasons: First, YOLOv8, during the 
recognition of strawberry fruits and pedicels, might have 
produced inaccurate results due to the complex shapes 
of the fruits and pedicels, occlusions, or background 
interference, which affected subsequent judgments. 
Second, the threshold segmentation might have been 
incomplete due to uneven lighting or excessive occlusion, 
leading to inaccuracies in contour extraction. Lastly, when 
determining the pedicel associated with the strawberry 

fruit, the presence of closer pedicels within the distance 
range could have caused incorrect judgments. Although 
this method could not accurately position picking points 
from severely occluded pedicels, in practical harvest under 
the field conditions, these strawberry fruits were often 
unable to be successfully harvested, so excessive attention 
to errors caused by obstruction is unnecessary.

Fig.9 Harvest target prediction results

Notes: (a) recognition result; (b) apex of the fruit; (c) 

identification of the affiliated fruit pedicel; (d) harvest target position result.

2.3 Comparison with other detection algorithms

In this study, an improved YOLOv8 object detection 
model was proposed to accurately and swiftly recognize 
strawberry fruits and pedicels in various complex 
scenarios, and position the picking points of ripe 
strawberry fruits.

The results of this study were compared with other 
studies, as shown in Table 5. Traditional machine vision 
methods for strawberry fruit recognition and picking 
point localization are suitable only for simpler scenarios 
and lack applicability to complex picking situations [29,30] . 
Deep learning methods like Mask-RCNN and improved 
MRS Faster R-CNN have been proposed for recognizing 
strawberry fruits and determining picking points. 
However, these methods fell short in both recognition 
speed and accuracy [12,18] . Another approach introduced the 
ASFF module in YOLOv5 to enhance strawberry image 
feature extraction, but did not outperform the method 
proposed in this study [15] . Overall, the method presented in 
this study achieved the highest recognition accuracy and 
shortest processing time among the compared methods.
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Table 5 Comparison of YOLO8-SCE and other methods of strawberry detection

Method Fruit features Picking oint Recognition erformance Time

Machine vision (color) Occlusion,separation √ Accuracy >76.55% —

Machine vision (color and shape) separation √ Accuracy >98.30% 0.89 s

MRS Faster R-CNN Occlusion,separation,overlapping － F1:95.29 —

Mask R-CNN Occlusion,separation,overlapping √ F1:89.85 0.13 s

YOLOv5-ASFF Occlusion,separation,overlapping － F1:88.03 0.02 s

Our Method Occlusion,separation,overlapping √ F1:98.62 0.10 s

The test scenarios included various occlusion types. A 
total of 118 strawberries (including 72 mature fruits) 
were tested, and the causes of harvesting failures were 
statistically analyzed. The primary failure reasons included 
missed detections, false detections (e.g., misclassifying 
immature strawberries as mature or incorrect category 
identification), and failures in harvest point localization. 
Table 6 presents the statistical results, demonstrating that 
the deployed DSW-YOLO model successfully detected 
most strawberries while achieving a relatively high 
success rate in harvest point localization.

In conclusion, the YOLOv8-SCE model exhibits 
excellent generalization capability and robustness, 
enabling accurate strawberry detection and harvest point 
localization, thereby fulfilling the precision requirements 
of the visual system for strawberry harvesting robots.

3  Conclusions

A lightweight YOLOv8-SCE model and a strawberry 
picking point localization method was proposed. The 
model achieves a detection speed of 38.44 FPS, with 
mAP@0.5 and precision rates of 99.04% and 99.23% 
respectively. It demonstrates stable performance in both 
fruit occlusion and complex background scenarios, 
showing significant pedicel recognition accuracy. The 
proposed picking point localization method, based on 
recognition results, achieves 91.11% localization accuracy 
in independent tests, with a single fruit processing time of 
96 ms. Physical robot tests confirm that the recognition 
and localization accuracy exceeds 92.07%, meeting 
practical harvesting requirements. The method is suitable 
for non-severe pedicel overlap scenarios. Future work will 
focus on enhancing dataset complexity and optimizing 
algorithms to improve anti-interference capabilities.

2.4 Practical Deployment and Performance 
Verification

To validate whether the proposed YOLOv8-SCE 
model meets the requirements for efficient and accurate 
target recognition in the visual system of a strawberry 
harvesting robot, the model was deployed on a strawberry 
harvesting robot equipped with a robotic arm, as shown 
in Fig.10. The robot is equipped with an RGB-D camera 
(RealSense D435i) capable of capturing color images of 
ground-planted strawberries. The robot synchronously 
moves with the robotic arm and the harvesting end-
effector during operation.

Fig.10 The strawberry picking robot

Table 6 Experimental results of YOLOv8-SCE model deployed 

on the strawberry picking robot

Target Detect Correct Accuracy/%

Strawberry Fruit 118 116 98.30

Strawberry Pedicel 164 151 92.07

Harvest Point Localization 72 68 94.44

To evaluate the recognition performance of the 
improved model in real-world scenarios and the harvesting 
performance of the integrated robot system, tests were 
conducted in strawberry-planted ridge environments. 
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