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To address the issues of high memory usage in mango detection tasks, we propose a lightweight mango detection
algorithm based on YOLOVS, called CS-YOLOVS. Firstly, in order to mitigate redundant calculations and memory
access, we substitute the backbone of YOLOvV8 with FasterNet. Secondly, we propose Channel Shuffle-Partial
Convolution (CS-PConv) module, which fuses the channel shuffle mechanism and Partial Convolution (PConv) to
enhance the exchange of information between convolutional and non-convolutional channels. Subsequently, CS-
PConv is used to replace the 1x1 convolution within the FasterNetBlock to design Channel Shuffle-FasterNetBlock
(CS-FasterNetBlock), solving the problem of limited receptive field. Finally, we devise the Shared Parameter Head
(SP-Head) by amalgamating the concept of shared weights with the CS-FasterNetBlock, not only diminishing the
initial network parameters but also amplifying the important features of mango. We validate the effectiveness of our
algorithm on both the MangoYOLO dataset. The experimental results demonstrate that the algorithm proposed in
this paper significantly reduces the number of model parameters by 63.3% and decreases GFLOPs by 6.0G, while
achieving an improvement of 0.6% in mAP0.5:0.95.

Published by Y.X.Union. All rights reserved.

1. Introduction

Mangoes are a commercially significant fruit crop with
considerable economic importance, thriving in tropical and
subtropical regions globally. Mangoes contain a variety of bioactive
compounds including vitamin C, B-carotene, and polyphenols, they
have extremely high nutritional value (Tharanathan et al.,2006; Singh
et al., 2013; Ntsoane et al., 2019). As labor availability in orchards
diminishes, manual picking has become increasingly challenging for
growers (Fennimore et al., 2008; Zhou H et al.,2022; Mail M F et
al.,2023). Consequently, the adoption of intelligent mango-picking
robots represents a promising approach to sustain productivity and
maintain product quality. However, the algorithms for mango
detection still face the following issues.

Model Complexity and Computational Resource Constraints:
Mango picking algorithms typically demand substantial
computational power and parameters, resulting in costly hardware
deployment. Despite these demands, the actual benefits derived from
costly hardware in outdoor mango picking environments do not
consistently align with the investment. The significant need for
computational resources impedes the widespread adoption of such
technologies. Consequently, it is imperative to explore lighter and
more efficient algorithms to reduce costs and enhance deplorability
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in real world settings.

Challenges in Mango Recognition within Agricultural Contexts:
The task of mango recognition in agriculture is plagued by the
complexity of environmental conditions. For instance, when
capturing images of mangoes in natural state presents numerous
challenges, including unstable lighting on the mango surfaces,
irregular mango shapes, shading caused by overlapping fruits, and
shadow variations induced by daily weather conditions (Karkee et al.,
2012; Gongal et al., 2015). These uncontrollable and complex factors
can significantly diminish the accuracy of mango identification.
Consequently, it is essential to develop robust mango recognition
algorithms and integrate them into mango-picking robots to
effectively accomplish the task of mango detection.

To address the challenges faced in mango picking tasks,
researchers have primarily focused on mango detection. In the
domain of mango detection, vision researchers have made significant
advances. Koirala et al. (2019) have developed a modified YOLO
architecture, termed MangoYOLO, which was deeper than YOLOv1
but shallower than YOLOv3 to optimize the speed of mango
detection. Xu Z F et al. (2020) conducted experiments with green
mangoes and proposed a lightweight green mango detection method
based on YOLOV3. J. S. Ignacio et al. (2022) employed the YOLOVS5
to identify mangoes and used the CIELAB color space to classify the
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maturity of the mangoes.

To comprehensively address the challenges associated with mango
picking tasks, this study focuses on reducing redundant computations,
decreasing the number of algorithmic parameters, and enhancing the
feature extraction capabilities of the detection heads. Building on
YOLOVS, this study introduces a lightweight mango detection
algorithm, called CS-YOLOvV8. The main contributions of this work
are as follows:

(1) Replacement of the backbone feature extraction network:
To address the issue of redundant computations caused by the
frequent use of regular convolutions in the YOLOvV8’s backbone, we
have adopted FasterNet (chen et al., 2023) as a replacement for the
original backbone. FasterNet optimizes the regular convolution
structure by using PConv, thereby reducing redundant computations
and memory access. This approach significantly decreases the
number of algorithmic parameters and computational complexity,
while still effectively extracting spatial features.

(2) CS-FasterNetBlock: In order to solve the problem of accuracy
loss caused by FasterNet replacement of the backbone, we revisit the
structure of the FasterNetBlock within the FasterNet. Building upon
the PConv and integrating the channel shuffle mechanism proposed
by the ShuffleNet (Zhang et al., 2018), we have developed a novel
convolutional module, termed CS-PConv. In CS-PConv, a channel
shuffle mechanism is introduced subsequent to the partial
convolution layers, which enhances the intercommunication between
convolved and non-convolved channels, thereby augmenting the
capability of feature extraction from PConv. Subsequently, we have
substituted the 1x1 convolutional layers in the FasterNet Block with
CS-PConv, culminating in the design of the CS-FasterNetBlock. This
refinement not only expands the receptive field and enriches the
diversity of output features but also achieves enhanced detection
accuracy with minimal additional cost.

(3) SP-Head: In order to solve the problem of large computational
resource consumption caused by the multiple use of 3 X3 regular
convolutions in the detection head in the original YOLOVS, this study
introduces the concept of shared parameters (Yerimah et al., 2024)
and integrates the CS-FasterNetBlock into the detection head. The
new detection head is named SP-Head. By sharing detection heads of
YOLOVS, the number of parameters is significantly reduced. With
the CS-FasterNetBlock, the receptive field is further improved and
the detection head feature extraction is enhanced. In ablation
experiments, the SP-Head is not only more lightweight, but also has
higher mango detection accuracy.

2. Related Work

2.1 YOLOvS

Published in 2023, YOLOVS was designed to integrate the most
effective features of various real-time object detection models.
YOLOV8 offers models in a range of sizes, including YOLOv&n,
YOLOV8s, YOLOv8m, YOLOVSI, and YOLOvVS8X, to accommodate
diverse application scenarios. To minimize computational
redundancy in simpler tasks with complex models, we selected the
smallest model, YOLOv8n, after balancing detection accuracy and
model parameter quantity. This model consists of three primary
components: the Backbone, Neck, and Head, as shown in Fig. 1.

Backbone: YOLOvVS8 utilizes an enhanced CSPDarknet53
(Mahasin et al., 2022) as its backbone network, responsible for
feature extraction tasks, which includes the Conv, C2f, and SPPF

modules. The Conv module performs regular convolution, Batch

Normalization (BN), and Sigmoid Linear Unit (SiLU) on the input
image to produce the output. The C2f structure, designs for learning
residual features, employs gradient shunt connections to ensure a rich
flow of network information. The SPPF module converts feature
maps of arbitrary sizes into fixed-size feature vectors by sequentially
passing through three 5x5 maxpool operations, followed by
cascading. This design reduces the computational load, effectively
decreasing the algorithm's latency.

Neck: The Neck component primarily facilitates the integration of
multi-scales features, composed of two main elements: the Feature
Pyramid Network (FPN) (Lin et al., 2017) and the Path Aggregation
Network (PAN) (Liu et al., 2018). FPN constructs a feature pyramid
to extract feature maps and achieve feature fusion across various
levels. In contrast, PAN enhances the fusion process by utilizing
convolutional layers to merge feature maps while preserving spatial
information. The PAN-FPN combines up-sampling and down-
sampling techniques in order to fuse shallow positional information
with deeper semantic information, enhancing the transmission of
localization and semantic features and significantly improving object
detection across multi-scales.

Head: The detection head of YOLOv8 employs a widely-used
decoupled head structure, comprising two heads: the category
detection head and the bounding box detection head. This
architecture captures category and location data from objects at
various scales via three distinct sets of feature maps, each varying in
size.
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Fig. 1. YOLOVS structure.
3. Design of CS-YOLOVS algorithm

This study addresses the issues of high memory usage in mango
detection models by improving the YOLOv8 model in three key areas.
Firstly, it is experimentally confirmed that substituting YOLOv8’s
backbone network with FasterNet significantly reduces both the
algorithm’s parameter counts and its computational complexity.
Secondly, the CS-PConv convolutional module is developed to
enhance information exchange among convolutional channels by
incorporating the channel shuffle mechanism from the ShuffleNet.
The CS-FasterNetBlock is created by substituting the 1x1
convolutional layer in the FasterNetBlock with the CS-PConv, which
broadens the receptive field and enhances the model's detection
accuracy. Finally, we devise the SP-Head by amalgamating the
concept of shared weights with the CS-FasterNetBlock. This SP-
Head not only addresses the issue of excessive parameters due to
computational redundancy in the target detection head but also
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elevates the precision of target detection. The improved model is
named CS-YOLOVS8 and its network structure is shown in Fig. 2.
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Fig. 2. The CS-YOLOV8 network structure. In its backbone, a channel feature
fusion module, CS-FasterNetBlock, is designed to embed into the FasterNet
network as the backbone of feature extraction. In its neck, PAN-FPN fuses shallow
positional information with deep semantic information. In its head, three shared
parameter detection heads with different scales are designed for feature prediction.

3.1 FasterNet and PConv

The extensive use of regular convolutions alongside C2f in the
backbone network of YOLOvS leads to significant redundant
computations and a high volume of floating-point operations
(FLOPs), resulting in increased model latency. The relationship
between latency, FLOPs, and floating-point operations per second
(FLOPS) is represented as Eq. (1).

FLOPs
Latency = ———— @)
FLOPS

FasterNet is a lightweight network proposed by chen et al. in 2023
with a network backbone that reduces latency and improves
computational speed by increasing the number of FLOPS while
effectively reducing the number of FLOPs. PConv is a convolution
module in the FasterNet network, and its working principle is shown
in Fig. 3. The PConv module efficiently extracts spatial features by
minimizing computational redundancy and memory accesses,
thereby reducing both the computational load and parametric volume
of the network, while maintaining a constant output feature map and
channel size.

Due to the high similarity of feature maps across various channels,
employing regular convolution for feature extraction can result in
computational redundancy and increased memory usage. The PConv
module selectively applies regular convolution operations to certain
input channels, leaving the remaining channels unchanged, thereby
enhancing the network’s capacity to distill key features from
numerous similar and redundant feature maps. The FLOPs associated
with the PConv module are represented as Eq.(2):

FLOPs,,,, =hxwxk®xc,’ )

In the formula, 4 and w are the width and height of the feature map,
k is the size of the convolution kernel, and ¢, is the number of
channels for conventional convolution. In actual implementation, ¢
is 1/4 of ¢y, so the FLOPs of PConv is only 1/16 of that of regular
convolution.

Chen et al. proposed a FasterNetBlock based on the PConv,
comprising a PConv layer followed by two sequentially connected

1x1 convolutional layers. This module is characterized by its
simplicity, minimal parameter count, and high processing speed. Its
structure is shown in Fig. 3. Furthermore, excessive utilization of
normalization and activation layers may result in diminished feature
diversity, so only BN and Rectified Linear Unit (ReLU) are added to
the two 1x1 convolutional layers of FasterNetBlock. Among these,
BN enhances training speed and accuracy, whereas ReLU functions
as an activation mechanism to expedite model training and mitigate
the issue of gradient vanishing (Chen et al., 2023). Strategically
positioning normalization and activation layers between the two 1x1
convolutional layers within each FasterNet module optimizes latency
and preserves feature diversity.

In response to the challenges of large model parameters and
difficulty in hardware deployment due to computational redundancy
in the YOLOVS, apply to mango detection tasks, replacing the
backbone network of YOLOvVS with FasterNet can decrease both
computational and memory access, thereby rendering the backbone
more lightweight.
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Fig. 3. FasterNet network structure.

3.2 CS-FasterNetBlock

Although PConv applies regular convolution to select input
channels for feature extraction while keeping the rest of the channels
unchanged, thereby significantly reducing memory access, this
convolutional operation is restricted to the channels within each
group. Consequently, there is no exchange of information between
the convolutional and non-convolutional channels, which diminishes
the network’s prediction accuracy. Therefore, to address the decrease
in accuracy resulting from the substitution of YOLOVS8’s backbone
network with the FasterNet network, this paper proposes the CS-
PConv convolution module, which adds the channel shuffle
mechanism after PConv. This structure facilitates information
exchange between each channel group following partial convolution,
boosts the model’s capacity to acquire global information, and
increases the accuracy of network predictions. Simultaneously,
substituting some of the 1x1 convolutions with channel shuffle can
significantly reduce the number of parameters and expedite the
feature fusion process among convolutional channels. The CS-PConv
structure is shown in Fig. 4.
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Fig. 4. CS-PConv structure.

The channel shuffle mechanism was first introduced in the
ShuffleNet network, and its structure is shown in Fig. 5. This
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mechanism reorders the channel groupings of the feature map to
enhance feature communication across different groups. In traditional
grouped convolution, the channels of the feature map are segmented
into multiple groups, enabling convolution operations to take place
within each group’s channels. Since the channels from different
groups operate independently, this approach substantially reduces
computational complexity. However, this grouping structure also
results in information isolation among different group channels,
thereby reduce the network’s accuracy. Introducing channel shuffle
disrupts this isolation, facilitating increased information exchange
among groups, which enhances both the performance and accuracy
of the network. Divide the number of input channels n equally into
group groups, with each group containing n//group of channels.
Change the shape of the input channel number to (group, n//group).
The obtained new channel can be transposed and then flattened to
complete the channel shuffle. In response to the restricted
information exchange between convolutional and non-convolutional
channels resulting from PConv in the FasterNet network, which
diminishes network accuracy, a channel shuffle mechanism has been
incorporated following PConv to enhance network accuracy.
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Fig. 5. Channel Shuffle structure.
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Fig. 6. (a) FasterNetBlock structure (b) CS-FasterNetBlock structure.

In this study, we reexamined the structure of FasterNetBlock. This
block incorporates two 1x1 convolutional layers following PConv,
which reduce the number of parameters and accelerate training speed.
However, the receptive field of 1x1 convolutions is relatively small,
limiting the acquisition of global features. To address these issues,
this paper proposes CS-FasterNetBlock based on FasterNetBlock and
CS-PConv, as shown in Fig. 6. Firstly, replacing PConv with CS-

PConv enhances the information exchange between convolutional
and non-convolutional channels, and improves the model's ability to
obtain and interact with global information. Secondly, CS-PConv is
used to replace the two 1x1 convolutional layers in the
FasterNetBlock to increase the receptive field and reduce the loss of
effective mango feature information, thereby optimizing the accuracy
of the model.

3.3 SP-Head

The head of YOLOVS utilizes a popular decoupled head structure,
distinguishing the classification head from the detection head. The
detection head identifies the category and position information of
objects by using three identical detection modules on three feature
maps of varying sizes (Qu et al., 2023). Each detection module
comprises a category detection branch and a bounding box detection
branch. The specific structure is shown in Fig. 7.

Conv —— Conv —— Conv2d —— Bbox.loss
Input

Conv — Conv — Conv2Zd — Cixloss

Fig. 7. Structure of the original YOLOVS head.

We reexamine the Head section of YOLOvV8 and discover that it is
consists of three detection modules, each featuring three detection
branches. Each branch includes two 3x3 convolutional layers and one
1x1 convolutional layer. Consequently, there are 12 layers of 3x3
convolutions in the Head section of YOLOVS. Due to the use of a
large amount of regular convolution in the detection module, this part
of the parameter counts accounts for 25.0% of the entire network
architecture. Considering that the focus of this paper is on mango
picking tasks, which are conducted in outdoor environments, lower
computational complexity and lightweight models are more
advantageous for actual hardware deployment. Based on the concept
of shared parameters, we redesign the Head section of YOLOVS.
Replace multiple regular convolutions with CS-FasterNetBlock,
which aims to further reduce the parameter count and maximize the
utilization of convolution operations, thereby reducing computational
redundancy in the detection head. Simultaneously, CS-
FasterNetBlock expands the receptive field of the detection head and
enhances its feature extraction ability for mango target. In addition,
the structure of the category detection branch and bounding box
detection branch remains unchanged. We rename this new detection
head as SP-Head, as shown in Fig. 8.
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Fig. 8. SP-Head Structure.

4. Experimental results and analysis

4.1 Experimental environment

The experimental environment configuration for this paper is
shown in Tab. 1. The training phase of this experiment adopts unified
parameters. The Stochastic Gradient Descent (SGD) (Ruder et al.,
2017) optimizer is used, with an initial learning rate of 0.01, weight
attenuation coefficient of 5X10-4, momentum parameter of 0.937,
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batch size set to 2, and training epochs of 300 epochs.

Tab. 1. Experimental parameter configuration.

Name Configuration
Windows 10
Python 3.8.17

Operating system
Development Languages

Frameworks Pytorchl.13.1+cudall.7
CPU Inter Core i7-7700
GPU GeForce GTX 1660 Ti (8G)

4.2 Experimental data

This paper uses the open dataset MangoYOLO (Koirala et al., 2023)
proposed by the Central Queensland University (CQU) as the mango
object detection dataset. This dataset aims to detect mango fruits in
tree canopy images. A total of 1730 images were obtained using a 5-
megapixel RGB digital camera and 720W LED floodlighting on an
agricultural multifunctional vehicle running at a speed of 6
kilometers per hour at night. These images are randomly divided into
a training set (1300 images), a validation set (215 images), and a
testing set (215 images).

4.3 Evaluation Metrics

In this study, Precision(P), Recall(R), and mAP0.5:0.95 are used
as evaluation indicators for object detection. The calculation method
for mAP is represented as Eq. (6).

Precision = L 3)
TP+ FP
Recall = _Ir 4)
TP+ FN
AP = J-OI Precision d Recall 5)
N
AP
map - 220 ©)
N

In the Eq. (3), TP represents the number of samples predicted as
positive for a positive class, FP represents the number of samples
predicted as positive for a negative class, and FN represents the
number of samples predicted as negative for a positive class. In the
Eq. (5), The P-value and R-value are two contradictory parameters.
Ideally, a detection model with both high P-value and R-value would
have better performance. Therefore, it is necessary to combine the
Average Precision (AP) to combine these two evaluation indicators
and evaluate the performance of the model. AP is equal to calculating
the integral of P corresponding to each R. The mAP value can be
obtained by adding up the AP values of detection results from
different categories and dividing them by the total number of
categories (denoted as N). mAPO.5 represents the average precision
of the detection model when its IoU is set to 0.5, and mAP0.5:0.95
represents the average precision of the detection model when its IoU
is set to 0.5 to 0.95 (with an interval of 0.5 values).

In addition, this study selects GFLOPs and Params as evaluation
metric to measure the size of the model.

4.4 YOLOVS version comparative study

To cope with different detection tasks, YOLOVS provides models
of different sizes at n/s/m/l/x scales, with different focuses on
processing speed and recognition accuracy, providing diverse choices
to meet different computing resources and real-time processing needs.

In order to avoid computational redundancy of complex models for
simple tasks, we conduct a comparative experiment on five versions
of YOLOVS, and the experimental results are shown in Tab. 2.

By conducting a comparative study of different versions of
YOLOvS8, we find that while other models slightly improve
recognition accuracy compared to YOLOVS8n, the increase is minimal.
Among them, YOLOVSI has the highest accuracy but only improves
by 0.5%. However, the number of parameters and GFLOPs of
YOLOV8I is 20 times that of YOLOvS8n. This significant increase in
model complexity is disadvantageous for deployment in hardware
environments with limited computational resources, such as in
agricultural scenarios. Further analysis shows that the R of the other
four versions of YOLOVS are not as good as that of YOLOvS8n. This
phenomenon can be attributed to the increased number of
convolutional kernels in the network, which, while enhancing the
depth of feature extraction, also leads to the loss of some mango
features in the original images, thereby reducing the recall rate. In
agricultural scenarios with limited hardware computational resources,
using complex models for simple tasks results in computational
redundancy. Therefore, to balance detection accuracy and model
parameters, we ultimately choose the smallest model, YOLOv8n, as
the detection model. This choice not only ensures high detection
accuracy but also effectively reduces the consumption of
computational resources, making it well-suited for the practical needs
of agricultural scenarios.

Tab. 2. YOLOV8 version comparative experiment. n/s/m/l/x are different sizes of
YOLOvV8 models, which change the depth of the network and the number of
convolutional kernels.

Model P/% R/%

mAP0.5:0.95/%  Params/M  GFLOPs/G

YOLOv8n  96.0 96.6 73.3 3.0 8.2

YOLOv8s 963  96.1 73.7 11.1 28.4

YOLOv8m 958 96.0 73.5 259 79.1

YOLOvS81 963 96.1 73.8 43.6 165.4

YOLOv8x 959 96.0 73.7 68.1 257.4
4.5 Ablation study

In this section, we will validate the effectiveness of our respective
modules on the algorithm through three ablation experiments,
specifically targeting Fasternet, CS-FasternetBlock, and SP-Head.
The number of iterations for each ablation experiment is the same.

As shown in Tab. 3, replacing the backbone of YOLOv8 with
FasterNet significantly reduces the number of parameters by 43.3%,
which is more conducive to model hardware deployment. However,
this significant reduction in parameter quantity comes at a cost,
resulting in a slight decrease in mAP0.5:0.95 at the mango detection
from 73.3% to 71.8%. In order to further improve the accuracy of the
model, we reexamine the FasternetBlock and reconstruct the module
CS-FasternetBlock to enhance the communication between channel
information and improve the receptive field. The reconstruction of
this module makes the mAP0.5:0.95 increase by 1.3%, and the
parameter quantity remains unchanged. Finally, by integrating the
concept of shared parameters with the CS—FasternetBlock module, a
new shared detection head SP-Head is reconstructed. Compared to
the original network, YOLOVS achieves a 63.3% reduction in
parameter count, a decrease of 6.0 GFLOPs, and an improvement of
0.6% in mAP0.5:0.95.

Tab. 3. Ablation experiment. Where A represents Fasternet, B represents SC-
Fasternet Block, and C represents SP-Head.
A B C P% R/% mAP0.5:0.95/%

Params/M  GFLOPs/G
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96.0  96.6 73.3 3.0 8.2
v 95.1 95.6 71.8 1.7 5.1
v v 954 958 73.1 1.7 5.1
v v v 964 966 73.9 1.1 2.2

The red square in Fig. 9 indicates the predicted result of mango
target recognition. Based on the comparison of effects in Fig. 9, the
following conclusions can be drawn. 1) The improved algorithm
demonstrates higher confidence in mango detection. For instance, in
the first, second, third, and fourth rows, the confidence scores for
mango predictions by the enhanced model surpass those of YOLOvS
and are more accurately aligned with the labeled positions. This
improvement is attributed to the SP-Head's feature extraction module,
CS-FasternetBlock, which focuses more on mango-specific features
and refines their extraction. 2) In terms of identifying occluded
mango targets, our improved algorithm significantly outperforms the
original network. It accurately detects targets obscured by leaves,
enhancing the recognition accuracy of occluded targets. For example,
in the second and third rows, the proposed algorithm successfully
identifies these occluded targets. 3) The proposed method accurately
recognizes mango targets in both simple and complex backgrounds,
as demonstrated in the first and fourth rows. Moreover, our model
significantly reduces the parameter count and computational
complexity of YOLOVS, making it more suitable for deployment on
hardware with limited computational resources.

(a) (b) (¢ (d)

Fig. 9. Example results of our model on On-tree mango instance segmentation
dataset. (a)image, (b)label image, (c)YOLOVS, (d)CS-YOLOVS.

4.6 Comparative experiments

In this section, we aim to illustrate the advantages of CS-YOLOv8
in mango detection. Regarding mango recognition, we evaluate
several advanced object detection models, comprising lightweight
models such as YOLOv5n (Jocher et al., 2022), YOLOvV6 (Li et al.,
2022) and YOLOv7-Tiny (Wang et al., 2023). These models
underwent training and testing utilizing the MangoYOLO dataset,
with evaluation metrics including P, R, and mAP0.5:0.95 for object
detection.

As shown in Tab. 4, we evaluate our model on the MangoYOLO
dataset. Based on the results, the following conclusions can be drawn.
1) The CS-YOLOVS network achieved a mAP0.5:0.95 metric of 73.9%
on the MangoYOLO dataset. Compared to lightweight networks
YOLOv5n, YOLOv6 and YOLOV7-tiny, there is a slight advantage

in target recognition accuracy. The reason for this is that the CS-
FasterNetBlock module can enhance information exchange between
channels and greatly improve the receptive field, enhancing the
backbone network's ability to extract target recognition features. 2)
The CS-YOLOVS8 network has reached the lowest level in terms of
parameter count and GFLOPs. Compared to the lightest YOLOv5n
in the YOLO series, GFLOPs have decreased by 4.9G. This is
because the SP-Head reduces information redundancy, significantly
reduces parameters, and integrates the CS-FasterNetBlock module,
without causing a decrease in its accuracy.

Tab. 4. Comparative experiment on MangoYOLO dataset.
Model P/% R/% mAP0.5:0.95/% Params/M  GFLOPs/G

YOLOvSn 967 949 73.1 25 7.1

YOLOV6 954 964 732 3.1 8.4

YOLOVI- 951 o4 72.9 6.1 133
tiny

YOLOv8n 960 96.6 733 3.0 8.2
Cs-

Voo %64 966 73.9 1.1 22

5. Conclusions

The experimental results have proven that our proposed CS-
YOLOvV8 model can effectively solve the problems of high device
memory usage. Our model can effectively detect mango, while
maintaining lightweight and without the need for geometric
estimation of picking point characteristics. This model has undergone
various optimizations and enhancements compared to the original
YOLOv8. Through effective analysis of on YOLOvV8 version
comparative experiments, module ablation experiments, and
detection algorithm comparison experiments, we reduce the number
of model parameters by 63.3% compared to the original network and
decrease GFLOPs by 6.0G and an improvement of 0.6% in
mAPO0.5:0.95. The future research focus will be on how to better
control network parameters and deploy models on embedded devices,
while significantly improving the detection accuracy of mango
detection.
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