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Grapefruit and stem detection play a crucial role in automated grape harvesting.
However, the dense arrangement of fruits in vineyards and the similarity in color
between grape stems and branches pose challenges, often leading to missed or
false detections in most existing models. Furthermore, these models’ substantial
parameters and computational demands result in slow detection speeds and
difficulty deploying them on mobile devices. Therefore, we propose a lightweight
TiGra-YOLOv8 model based on YOLOvV8n. Initially, we integrated the Attentional
Scale Fusion (ASF) module into the Neck, enhancing the network’s ability to
extract grape features in dense orchards. Subsequently, we employed Adaptive
Training Sample Selection (ATSS) as the label-matching strategy to improve the
quality of positive samples and address the challenge of detecting grape stems
with similar colors. We then utilized the Weighted Interpolation of Sequential
Evidence for Intersection over Union (Wise-loU) loss function to overcome the
limitations of CloU, which does not consider the geometric attributes of targets,
thereby enhancing detection efficiency. Finally, the model's size was reduced
through channel pruning. The results indicate that the TiGra-YOLOv8 model's
mAP(0.5) increased by 3.33% compared to YOLOvV8n, with a 7.49% improvement
in detection speed (FPS), a 52.19% reduction in parameter count, and a 51.72%
decrease in computational demand, while also reducing the model size by
45.76%. The TiGra-YOLOvV8 model not only improves the detection accuracy
for dense and challenging targets but also reduces model parameters and speeds
up detection, offering significant benefits for grape detection.
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1 Introduction

Grapes are heralded as the “queen of fruits” and possess
considerable economic value (Chen et al, 2023). Owing to their
nutritional and financial benefits, the area under grape cultivation
and the scale of production have been expanding annually (Sun et al,,
2022), with the global output reaching 75 million tons (Moro et al,
2021). Grape harvesting is a critical component of the grape industry’s
large-scale development. Harvesting is predominantly manual, a
process that requires significant labor, incurs high costs and is
relatively slow (Bac et al, 2014). Estimates suggest that manually
harvesting a ton of grapes costs three times more than mechanical
harvesting. Hence, compared to manual picking, mechanical
harvesting offers unparalleled advantages (Lin et al., 2023).

As a crucial branch of artificial intelligence, computer vision has
enabled many challenging functions for traditional methods. Since
their introduction, convolutional neural network models trained
using deep learning methods, such as Fast-R-CNN (Girshick, 2015),
Faster-R-CNN (Ren et al, 2015), YOLOv4 (Bochkovskiy et al.,
2020), and SSD (Liu et al., 2016), have achieved remarkable success
in computer vision. Consequently, methods based on computer
vision are receiving increasing attention in technical research across
various fields, particularly in remote sensing (Bai et al, 2024),
transportation (Dilek and Dener, 2023), and agriculture (Tian et al.,
2020). Target detection plays an essential role in harvesting robots,
where the rapid and accurate identification and localization of fruits
and pedicels are crucial to achieving automated harvesting (Luo
et al, 2016). Although the YOLOv8 model shows improved
performance over previous YOLO models in metrics like mAP,
its complex structure and high computational demand render it
unsuitable for deployment on endpoint devices. Therefore,
achieving a lightweight structure of the YOLOv8 model without
compromising its performance has become an important research
topic to advance grape automated harvesting technology.

Researchers have applied traditional detection methods to
detect objects in natural environments. Lin et al. (2020) proposed
a novel fruit detection technique in natural settings based on a
support vector machine classifier supported by color and texture
features. Chaivivatrakul and Dailey (2014) introduced a plant green
fruit detection technology based on texture analysis, assessing
interest features in pineapples and bitter gourds. Luo et al. (2018)
utilized a segmentation algorithm based on K-means clustering and
practical color components to detect the cutting points of stem
peduncles in overlap-ping grape clusters within unstructured
vineyards. Pérez-Zavala et al. (2018) developed a method for
grape berry recognition and grape bunch detection using a visible
spectrum camera. However, In the face of complex natural
environments, traditional target detection methods struggle to
adapt to changing conditions, such as variations in lighting,
occlusion and covering among detection targets, and dense
distribution of objects. This situation can lead to reduced
accuracy in final detection and identification, adversely affecting
the recognition of grape berries, pedicels and the determination of
harvesting locations.
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Amid the rapid advancement and widespread adoption of deep
learning, numerous methods from this domain have been applied in
agricultural contexts, primarily categorized into semantic segmentation
and object detection approaches (Lu and Luo, 2022). For example,
within the scope of semantic segmentation, Yu et al. (2019) introduced
the Mask-RCNN algorithm to generate mature fruit mask images,
enhancing the efficacy of machine vision in detecting fruits for
strawberry harvesting robots. Luo et al. (2015) employ improved
clustering image segmentation and point-line minimum distance
constraints, achieving an accuracy rate of 88.33%. Zhou et al. (2023)
used an enhanced YOLACT++ model for segmenting critical
structures of grapes, with the success rates of the picking point
localization methods increasing by 10.95 and 81.75 percentage
points. Liu et al. (2020) applied the Chan-Vese model for iterative
recognition of grape clusters, attaining an average accuracy of 89.71%
and a success rate of 90.91%. However, in practical applications, the
achievements of target detection in natural environments based on
semantic segmentation are relatively few. This arises from the extensive
time needed to prepare training sets, the models’ inability to perform in
real-time, and their significant size, which complicates deploying them
on embedded machines in contemporary agriculture.

Applying convolutional neural networks (CNNs) for object
detection for this task typically falls into two categories. The first
category encompasses two-stage object detection methods: R-CNN,
Fast R-CNN, and Faster R-CNN. These approaches extract object
regions and then perform CNN classification and regression on
those regions, constituting a detection strategy based on region
proposals. For instance, Gao et al. (2020) introduced a SNAP system
based on Faster R-CNN for multi-category apple detection,
achieving a frame rate of 0.241s. Behera et al. (2021) presented an
FR-CNN algorithm that utilizes Intersection over Union (IoU) for
plant fruit prediction, reaching an accuracy of 89% in fruit yield
estimation. The second category involves one-stage object detection
methods, such as YOLO and SSD. Ma et al. (2024) employed an
enhanced YOLOv8 model for real-time detection of apples in
orchard environments, achieving an average precision of 91.4%.
Wu et al. (2023) developed a stem localization method for grapes
from a top-down perspective using a lightweight YOLOv5m
detection algorithm based on HRNet, with a detection speed of
7.7 frames per second. It is evident that, compared to the CNN
series, the YOLO series achieves comparable performance and
higher computational efficiency in crop fruit detection.

Although traditional deep learning methods have improved
detection accuracy, their networks are complex, necessitating
substantial storage space, and are thus generally unsuitable for
deployment on embedded devices. YOLOvVS is one of the
fundamental models in the YOLO series, offering a new state-of-
the-art model. However, due to the complexity of orchard lighting
and diverse backgrounds, the YOLOV8 detection algorithm still
needs to improve its object recognition. Moreover, due to the
relatively large size of the YOLOv8 model, deploying it on
embedded devices like harvesting robots remains challenging. To
address issues of large model size, slow detection speed, and low
accuracy, this paper introduces the TiGra-YOLOv8 model, a
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lightweight and high-precision solution designed to improve the
detection efficiency of grapefruit and grape stem in the natural
environment, achieving a lightweight model.

2 Materials and methods

2.1 Dataset

The grape dataset studied in this paper was collected on
September 9, 2023, at the Four Seasons Vineyard in Chengdu,
Sichuan Province, featuring the “Crimson” variety of grapes. We
captured the images with a Canon camera, positioning the lens
0.5m to 1.5m away from the grapes. Moreover, we acquired all
grape images under natural light from 12:00 to 4:00 PM. The dataset
was collected in the vineyard’s natural environment, having
different environmental conditions.

We annotated the dataset using the professional annotation
software Labellmg, marking grapefruits and grape stems with
rectangular boxes (Russell et al., 2008). We labeled the fruits
“grape” and the stems “grape root.” The collected dataset, after a
selection process, consisted of 913 images. However, when the
number of training samples is insufficient, it will often lead to
overfitting of the model, which will further affect the detection effect
of the model. Therefore, we expanded the original data set to 2500
through data enhancement technology, including image rotation,
adding noise, flipping, and changing brightness. The data
enhancement methods are shown in Figure 1. After image quality

Reduce Luminance

Flip

FIGURE 1

10.3389/fpls.2024.1407839

screening, we finally obtained 2411 data sets as training samples,
which were divided according to the ratio of 7:2:1, including 1687
training sets, 482 verification sets, and 242 test sets. The original
resolution of the images used for training the model was 5184x3456
pixels. To optimize the computational efficiency and ensure
compatibility with the YOLOv8 model, we resized the images to
640x640 pixels. It helps standardize the input size and balance the
trade-off between computational load and model performance.

2.2 TiGra-YOLOvVS8

YOLOVS is an end-to-end convolutional neural network based
on deep learning, comprising three main components: Backbone,
Neck, and Head. Unlike the Anchor-based approach used in earlier
models of the YOLO series, YOLOVS8 introduces an Anchor-free
method that achieves higher detection accuracy and speed (Lou
et al., 2023). In the Backbone of YOLOVS, the model extracts image
features through pooling and convolution, reducing the parameters
and computational load (del Pilar Martinez-Diz et al., 2020). After
upsampling and feature fusion, the Neck section sends three output
results to the Head layer for loss function calculation. For the
matching strategy, YOLOv8 employs the TaskAlignedAssigner
method (Feng et al, 2021), which matches positive and negative
samples for loss calculation based on the weighted results of
classification and regression scores.

This paper presents an enhanced TiGra-YOLOv8 model based
on the YOLOv8n model. As illustrated in Figure 2, we have

Gaussian Noise

Data enhancement methods. (A) Reduce Luminance; (B) Rotate; (C) Flip; (D) Gaussian Noise.
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FIGURE 2

TiGra-YOLOV8 network structure.

integrated the Attentional Scale Sequence Fusion module from the
weighted Bi-Directional Feature Pyramid Network ASF-YOLO into
the YOLO framework to improve the Neck section of YOLOv8
(Kang et al,, 2023). We have adopted the Adaptive Training Sample
Selection (ATSS) method for adaptive positive and negative sample
selection to refine the TaskAlignedAssigner label-matching
algorithm of YOLOV8 (Zhang et al., 2020). Additionally, we chose
the boundary box loss based on a dynamic non-monotonic focusing
mechanism (Wise-IoU) to replace the original CIoU loss function
of YOLOV8 (Tong et al., 2023). Finally, by employing the Random
channel pruning method, we have reduced the model’s size and
parameter count while ensuring accuracy, achieving a lightweight
model deployment (Liu et al., 2022).

2.3 Experimental detail

All models were trained under identical hardware conditions
and with the same initial training parameters to ensure fairness in
experimental comparisons. Mosaic data augmentation was turned
off once in the last ten training cycles to better fine-tune model
parameters. The specific initial training parameters are listed in
Table 1. The model accuracy reported in this paper is based on a
single training session. To ensure the reproducibility of the results, a
random seed was set during the training process. Hyperparameter
tuning was conducted using the validation set, and the test set’s final
accuracy was evaluated.

The experimental environment for this study included an RTX
3090 (24G) graphics card; Python version 3.8.16; CUDA version 11.7;
Torch version 1.13.1+cull7; and TorchVision version 0.14.1+cull7.
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2.4 Evaluation Index

Mean Average Precision (mAP) is the average of the Average
Precision (AP) across all categories, where AP represents the
average precision for each category. The formula for calculating
mAP is mAP = 1/mYAP(i), where m is the number of categories and
AP(i) is the average precision of the i-th category.

TP

P=—— % 100%
TP + FP

R=— P . 100%

“TP+FN ’

1
AP = /P(R)dR X 100%

0

1.k
mAP = - SAP; x 100%
i=1

mAP(0.5) and mAP(0.75) refer to the average precision of
each category at Intersection over Union (IoU) thresholds more
significant than 0.5 and 0.75, respectively. mAP(0.5:0.95)
denotes the mAP across different IoU thresholds, ranging from
0.5 to 0.95, with a step size 0.05. Loc denotes localization errors,
Dupe indicates duplicate detection errors, and FalsePos
represents overall error metrics, including duplicate detection,
incorrect classification, localization errors, and background
confusion. Model Size, Parameters, and GFLOPS, respectively,
refer to the storage size, number of parameters, and
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TABLE 1 Initial training parameters.

Parameter Form/Value

epochs 150
batch 16
close_mosaic 10

workers 8

optimizer SGD
dropout 0.3
seed 42

1Ir0 0.01

Irf 0.01

computational cost of the model, commonly used to evaluate the
size of a network model. FPS, or frames per second, measures the
number of images that can be detected per second and is used to
assess the detection speed of the network model.

3 Model Improvement
3.1 Neck

3.1.1 ASF network structure

Integrating the Attentional Scale Sequence Fusion (ASF)
module from ASF-YOLO into the YOLO framework to enhance
the Neck component of YOLOv8 enables a more effective
combination of high-dimensional information from deep feature
maps with detailed information from shallow feature maps. The

10.3389/fpls.2024.1407839

ASF feature extraction network consists of Scale Sequence Feature
Fusion (SSFF), Triple Feature Coding (TPM), and Channel and
Position Attention Model (CPAM) modules. Its network structure
is depicted in Figure 3.

During forward propagation, the SSFF module merges feature
maps from different spatial scales, preserving scale-invariant
features and enhancing the representation of multi-scale
information. This process ensures that the model can effectively
detect objects of varying sizes and shapes. The TFE module further
processes these feature maps by adjusting their scales and
combining them into a unified feature map. This helps in
accurately identifying small and overlapping targets by providing
a comprehensive multi-scale context. The CPAM module applies
attention mechanisms to focus on relevant spatial and channel-wise
information, enhancing the localization and classification of small
targets like grape stems. This selective attention improves the
model’s ability to differentiate between similar objects and detect
fine details.

During backward propagation, the enhanced feature
representation and selective attention mechanisms provided by
ASF-YOLO result in more stable and informative gradients
during backward propagation. This leads to more efficient
parameter updates and faster convergence, Stabilizing the
gradient flow. The multi-scale fusion and attention mechanisms
ensure that the model learns robust and discriminative features,
which are essential for accurate detection. The gradients calculated
for these features are more informative, leading to better weight
adjustments and improved model performance.

3.1.2 SSFF module
The SSFF module effectively merges feature maps from different
spatial scales (e.g., layers P3, P4, P5), capturing scale-invariant

$320%320%64

Upsampling
Unsqueeze

P2

SiLU

Squeeze

1160*160%128

P3

 80*80*256

H P4
T 40%40%512

P5

20%20%1024

'\‘ Backbone

FIGURE 3
ASF module structure.
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features that remain consistent despite variations in size or shape.
This capability is crucial for detecting grapes of various sizes within
a cluster, as it enables the model to recognize both small individual
grapes and larger grape clusters.

The grape-scaled images inputted into the SSFF can be obtained
by the following method:

Fo(w, h) = Go(w, h) x f(w, h)

1 2 2 2
G w, h) = e—(w +h*)/20
o(w. ) 2ro?

where f(w, h)denotes a 2D input image with width w and height
h. Fy(w, h) is generated by smoothing under a 2D Gaussian filter
through convolutions. ¢ represents the standard deviation
parameter of the 2D Gaussian filter used for convolution.

3.1.3 TFE module

The TFE module enhances the detection of small, densely
overlapping objects like individual grapes within a cluster by
examining and comparing image variations across different scales.
By magnifying and combining feature maps from large, medium,
and minor scales, the TFE module ensures that even the smallest
details are captured and emphasized. The module adjusts the scales
of input feature maps (large, medium, and small) to a standard
scale, allowing for effective fusion and comparison. This adaptation
aids the model in recognizing grapes irrespective of their size,
leading to improved detection accuracy for both small and large
grape clusters. The TFE module is illustrated in Figure 4.

FTFE = Concat(F,, Fm’ Fs)

Frpp represents the output feature map of the TFE module, with
F,F,,F, enoting the large, medium, and small-sized feature
maps, respectively. The information output by the TFE is
integrated into each feature map branch through the PANet
structure, combined with the multi-scale information output by
the SSFF module into the P3 branch for subsequent attention
network feature extraction.

10.3389/fpls.2024.1407839

3.1.4 CPAM module

The CPAM module employs channel attention mechanisms to
focus on the most relevant channels in the feature maps. By
prioritizing channels containing critical information about grape
clusters and fruits, the model can more accurately identify and
classify these objects. This is particularly useful for distinguishing
closely packed grapes from background elements. The CPAM
module also applies spatial attention mechanisms to highlight
significant spatial regions within the feature maps. This enhances
the model’s ability to localize small targets like individual grapes
and grape stems, improving detection precision and reducing false
positives. By integrating inputs from the TFE and SSFF modules,
the CPAM module ensures that both high-order multi-scale
features and detailed spatial information are utilized. This
comprehensive integration enables the model to effectively detect
and differentiate grape clusters and individual grapes in complex
and cluttered scenes. The structure of CPAM is shown in Figure 5.

3.2 Label-matching policy

YOLOvV8 employs the TaskAlignedAssigner label-matching
strategy, which selects positive samples based on a weighted score
of classification and regression scores. The TiGra-YOLOv8 model
this paper introduces utilizes the Adaptive Training Sample
Selection (ATSS) label-matching algorithm. As illustrated in
Figure 6, blue boxes represent the ground-truth boxes (gt), and
red boxes represent the anchor boxes (anchor). ATSS calculates the
distances x1, x2, x3 between each anchor and its center point if a
feature map generates three anchors for grape stems and fruits. If
x1< x2< x3, it selects the anchors corresponding to the shorter
distances x1 and x2 as candidate positive samples. For L levels of
feature maps, L*2 candidate positive samples are chosen.
Subsequently, the IoU between each candidate positive sample
and the gt is calculated, followed by the calculation of the mean
and variance of the IoUs. The threshold for selecting positive
samples is t = m + g, where m is the mean and g is the variance.
Finally, based on the threshold t for each layer, the actual positive

Downsampling

ConvBNSiLU

I MaxPooling I

MaxPooling

(1C,18)

Add HConVBNSiLU

(1C,28) (1C,18) \
(1C.18) I\ (C,IS) % |3c1s)
| Medium I ConvBNSiLU g
~— o]
Upsampling /

(2C,0,5S) (1C,0.5S) (1C,1S)
ConvBNSiLU Nearest ConvBNSiLU
(1C,18)

FIGURE 4
TFE module structure.
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CPAM module structure.

samples to be included in the training are selected from the
candidate positive samples.

During forward propagation, ATSS optimizes the selection of
positive and negative samples, ensuring that the model learns
features from more representative samples. These features are
more indicative of the actual objects, improving the model’s
ability to detect and distinguish grape clusters and individual
grapes. By focusing on adaptively chosen samples, the model can
better localize and classify objects, leading to higher detection
accuracy and fewer false positives. This is crucial for identifying
small, densely packed objects such as grapefruits within clusters. In
the backward propagation process, the improved selection of
training samples results in more stable and informative gradients,
enhancing the efficiency of parameter updates and speeding up

model convergence. By ensuring a more balanced distribution of
positive and negative samples across different object scales, ATSS
facilitates more effective learning of multi-scale features, which is
particularly beneficial for accurately detecting both small individual
grapes and larger grape clusters.

3.3 10U loss

In the YOLOV8 network, CIoU is the bounding box regression
loss function. It calculates the loss by considering the overlap area
between predicted boxes and ground-truth boxes, the distance
between their center points, and the aspect ratio, with the

formula detailed below:

FIGURE 6
Grape stem and fruit pre-selection frame.
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£CIDU:1—IOU+@+11V

CIoU employs a monotonic focusing mechanism aimed at
enhancing the fitting capability of the bounding box loss.
However, when the object detection training set contains low-
quality examples, indiscriminately reinforcing the regression for
low-quality examples could hinder the improvement of model
detection performance (Zheng et al, 2020). Consequently, this
paper adopts a dynamic non-monotonic focusing mechanism loss
function, WIoU, which constructs distance attention based on
distance metrics, resulting in WIoUvl. The formula for this loss
function is as follows:

Lwiouv = RwiouLiou

2 2
O e
WIoUv3 defines an outlier degree to describe the quality of
anchor boxes, assigning smaller gradient gains to anchors with a
more considerable outlier degree. This effectively prevents harmful
gradients from low-quality examples, allowing the loss function to
focus more on samples of average quality and improve the overall
model performance.

*

B=1U € (0,409

ToU

Lwiouvs = YLwioun

_B
SaP

During training, WiseloU enhances the model’s ability to learn

14

from complex and varied object shapes by providing more
informative feedback on the quality of predictions. This leads to
better localization and classification performance, as the model is
trained to optimize for a metric that closely aligns with the practical
requirements of accurate object detection in vineyards. The
improved feedback mechanism helps the model to fine-tune its
predictions more effectively, reducing the number of false positives
and false negatives.

In the evaluation phase, WiseloU offers a more reliable and
discriminative measure of the model’s detection performance.
Traditional IoU can sometimes overestimate the accuracy of
detection when dealing with minor or partially overlapping
objects. WiseloU mitigates this issue by providing a more detailed
and context-aware assessment, ensuring that the model’s
performance metrics more accurately reflect its real-world
detection capabilities. Moreover, WiseIoU contributes to the
robustness of the detection model by improving its generalization
across different environmental conditions and image qualities. By
accounting for various object shapes and contextual nuances, the
model trained with WiseIoU is better equipped to handle variations
in lighting, occlusion, and background clutter commonly
encountered in vineyard images. This leads to more consistent
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and reliable detection results, enhancing the overall effectiveness of
the model in practical agricultural settings.

3.4 Channel pruning

This study employs the Random channel pruning(RCP)
method, offering a novel approach to estimating the contribution
of neurons (filters) to the final loss. During training, the
contribution to the final loss is analyzed based on average
gradients and weight values, and iteratively, neurons with lower
scores are removed. The model takes a trained network as input
during the pruning process and prunes it at a reduced learning rate
during iterative fine-tuning. Following fine-tuning, the model’s
accuracy is restored.

The RCP algorithm contributes to the robustness and adaptability
of the detection model, encouraging the model to learn redundant and
complementary features across different channels. This redundancy
ensures that the model can still perform accurately even if specific
channels are removed. For the detection of grape clusters and fruits,
this means that the model can maintain high detection accuracy despite
variations in grape size, shape, occlusion, and lighting conditions,
which are commonly encountered in vineyard images. RCP also aids
in mitigating overfitting. Reducing the number of channels and, thus,
the model’s capacity helps prevent the model from memorizing the
training data. Instead, it promotes the learning of generalizable features
that are applicable to unseen test data. This characteristic is particularly
beneficial for detecting grape clusters and fruits, where the model must
generalize well across different vineyard locations and conditions. By
focusing on essential features and discarding redundant ones, RCP
ensures that the model remains effective and accurate in detecting
grape clusters and fruits in a wide range of scenarios.

4 Results
4.1 Comparison of neck

In the Neck section, this paper implements six distinct
enhancements to the YOLOv8n model: YOLOv8n-CARAFE,
YOLOv8n-EfficientRepBipan, YOLOv8n-GDFPN, YOLOv8n-
GoldYolo, YOLOv8n-HSPAN, and YOLOv8n-ASF. Table 2
displays the comparative results of these network models in terms
of mAP, FalsePos, and ModulSize.

Data analysis from Table 2 reveals that YOLOv8n-ASF achieves
an mAP(0.5) and mAP(0.5:0.95) of 1.78% and 5.92% higher than the
Baseline, respectively. Simultaneously, FalsePos and ModulSize are
reduced by 27.28% and 1.69% compared to the Baseline. Although
YOLOv8n-EfficientRepBipan and YOLOv8n-GDFPN also show a
significant improvement in mAP compared to the Baseline, its
FalsePos and ModulSize are higher, indicating that while
YOLOv8n-GoldYolo may increase accuracy in grape detection, it
results in more detection errors and has a larger storage volume,
making it less suitable for deployment in embedded devices like
automated grape harvesting robots. Among the improved network
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TABLE 2 Neck end network model improvement comparison.

10.3389/fpls.2024.1407839

mAP(0.5) mAP(0.5:0.95) FalsePos Moc(lhlj‘l)Size

YOLOv8n(Baseline) 0.900 0.557 6.89 5.9
YOLOV8n-CARAFE 0.909 0.593 5.83 6.2
YOLOv8n- EfficientRepBipan 0.915 0.569 5.16 5.6
YOLOv8n-GDFPN 0.914 0.576 5.83 6.5
YOLOv8n-GoldYolo 0.910 0.580 5.38 11.8
YOLOv8n-HSPAN 0.910 0.583 5.99 4.2
YOLOV8n-ASF 0.916 0.590 5.01 6.0

The bold values in the table are the best methods in the experiment and their corresponding experimental data.

models, YOLOv8n-ASF demonstrates the best comprehensive
improvement in grape detection.

4.2 IoU loss function
comparison experiment

To investigate the impact of loss functions on the performance
of the improved model, we set YOLOv8n as the Baseline and a
model with enhancements to the Neck section and label matching
strategy, YOLOv8n+ASF+ATSS, as Model A. This paper compares
the mAP values and FalsePos of five commonly used IoU loss
functions: IoU, EloU, MDPIoU, and Wise-IoU. The comparative
results of these loss functions are shown in the table.

Table 3 shows that the YOLOv8n model using the Wise-IoU
loss function achieves higher detection accuracy. Compared to the
original YOLOv8n model using the CIoU loss function, mAP(0.5)
and mAP(0.5:0.95) increased by 3.11% and 7.36%, respectively, with
FalsePos decreasing by 35.84%. Relative to Model A, which
improved both the Neck section and label matching strategy,
mAP(0.5) and mAP(0.5:0.95) increased by 1.19% and 1.35%,
respectively, with FalsePos decreasing by 18.89%. These results
indicate that using the Wise-IoU loss function can stabilize the
model’s bounding box regression and improve prediction accuracy.

TABLE 3 Comparison of model performance after improved
loss function.

mAPO.5) o T'O%.  FalsePos
YOLOv8n(Baseline) 0.900 0.557 6.89
YOLOvV8n+ASF+ATSS(A) 0917 0.590 5.45
A+IoU 0.919 0.589 5.13
A+EIoU 0.926 0.602 4.96
A+MPDIoU 0.926 0.592 4.30
A+ShapeloU 0.922 0.588 532
A+Wise-IoU 0.928 0.598 4.42

The bold values in the table are the best methods in the experiment and their corresponding
experimental data.
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4.3 Ablation experiment

Ablation experiments were conducted to validate the
effectiveness of the Attentional Scale Sequence Fusion (ASF)
module, Adaptive Training Sample Selection (ATSS) label
matching strategy, and the enhanced Wise-IoU loss function
within the TiGra-YOLO network model for grape detection. The
results, showcasing mAP values across various IoU thresholds and
comparative metrics for different error types, are presented in
Table 4, where “x” denotes the absence of the corresponding
enhancement module and its presence otherwise.

In Table 4, the mAP values for TiGra-YOLOVS across different
IoU ranges were 0.928, 0.619, and 0.598, respectively. These values
represent an increase of 3.11%, 13.16%, and 7.36% over the original
YOLOV8n (Baseline). Moreover, localization errors (Loc), duplicate
detection errors (Dupe), and overall error metrics (FalsePos)
decreased by 19.68%, 62.66%, and 35.84% compared to the
original YOLOv8n model. This indicates that the TiGra-YOLOv8
model significantly enhances the accuracy of grapefruit and stem
detection. This improvement can be attributed to the ASF module,
which increases detection precision for small targets like grape
stems by filtering out irrelevant background noise and retaining
valuable information for object detection.

Furthermore, the ATSS matching strategy effectively filters
positive and negative samples. It is an adaptive selection method
that divides training samples based on the statistical features
(variance and mean) of grapes and their stems. Finally, the Wise-
IoU, employing a dynamic non-monotonic focusing mechanism for
bounding box loss, optimizes model performance based on the
overlap between predicted and actual grape stems, assessing
accuracy and providing a gradient gain allocation strategy focused
on anchors of average quality to enhance detector performance.

4.4 Channel pruning experiment

This study conducted experiments on six commonly used
pruning methods, setting YOLOv8n as Baselinel and YOLOv8n
+ASF+ATSS+WiseloU as Baseline2. The pruning rate (speed_up)
was set to 2.0, with global_pruning set to False, meaning that the
number of pruned channels per layer was roughly consistent.
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TABLE 4 Comparison of ablation experimental indexes.

10.3389/fpls.2024.1407839

VY:)SS_ mAP(0.5)  mAP(0 FalsePos
x X X 0.900 0.547 0.557 5.69 0.75 6.89
V X x 0916 0.588 0.590 4.52 0.62 5.01
Y 3 x 0.917 0.605 0.590 4.89 0.46 5.45
V «l v 0.928 0.619 0.598 457 0.28 4.42

x means that this module was not used in this round of experiment, \ means that this module was used in this round of experiment.
The bold values in the table are the best methods in the experiment and their corresponding experimental data.

Performance metrics such as model size, parameter count,
computational cost, FPS, and mAP were compared, as shown
in Table 5.

Comparing the six pruning models with the Baselines
revealed that Random achieved the best overall performance
metrics. Compared to Baselinel, it improved mAP by 3.33% and
FPS by 7.49%. Compared to Baseline2, mAP increased by 0.21%
and FPS by 32.72%, while model size, parameter count, and
computational cost were reduced by 50% compared to both
Baseline models.

To explore the impact of the pruning rate on model
performance, the study chose the Random pruning method
and experimented with pruning rates of 1.5, 1.7, and 2.0. A
pruning rate of 1.5 implies that the computational cost of the
pruned model is 2/3 of the original model, meaning that 1/3 of
the original channel connections were removed from the
network. Similarly, pruning rates of 1.7 and 2.0 indicate that
the computational cost of the pruned model is 1/1.7 and 1/2 of
the original, respectively. After pruning, the network underwent
fine-tuning to compensate for lost connections, restoring
accuracy and improving overall network performance. The
comparative results are presented in Table 6.

Analysis of Table 6 shows that the Random pruning method
achieved the highest mAP and FPS at a pruning rate of 2.0, with the
smallest model size, parameter count, and computational cost. The
value of mAP(0.5) increased compared to the pre-pruning model
and both Baselines, indicating that this pruning method optimally

TABLE 5 Comparison of indicators after pruning.

enhances the comprehensive performance of the model at a pruning
rate of 2.0.

4.5 Network model
comparison experiment

This experiment contrasts the detection heatmaps of YOLOvVS
and TiGra-YOLOVS, as shown in Figure 7.

From the heat maps of A and B in Figure 7, it can be seen that
compared to the original YOLOv8 model’s heatmap, the improved
model’s heatmap exhibits more distinct edges and contours, with a
more concentrated focus on the centers of the target objects.This
indicates that the TiGra-YOLOv8 model proposed in this paper can
better focus on the features of detection targets, thereby enhancing
detection accuracy.

We also compared the improved model with existing models,
such as YOLOv5n, YOLOv7-tiny, YOLOv8n, and YOLOV9-c, with
the results presented in Table 7.

According to the table, compared to YOLOv5n, the mAP(0.5)
increased by 2.87%, while Parameters and GFLOPS decreased by
19.47% and 6.67%, respectively. Compared to YOLOv7-tiny, the
mAP(0.5) increased by 3.91%, with Parameters and GFLOPS
decreasing by 87.56% and 67.94%, respectively. Compared to
YOLOV8n (Baseline), the mAP(0.5) increased by 3.33%, with
Parameters and GFLOPS decreasing by 52.19% and 51.72%,
respectively. Compared to the currently available YOLOv9-c

ModulSize
M) Parameter GFLOPS mAP(0.5)

YOLOVS: A .

OLOvén 59 3.20M 87 1066.3 0.900
(Baselinel)
(Baseline2) 6.0 3.05M 8.5 863.6 0.928
L1 1144.1 0.928
Lamp 1144.4 0.915
Group_taylor 1144.9 0.922
32 1.53M 4.2

Group_norm 1142.3 0.920
Group_hessian 1140.8 0.925
Random 1146.2 0.930

The bold values in the table are the best methods in the experiment and their corresponding experimental data.
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TABLE 6 Comparison of different pruning rate indicators.

ModulSize

speed_up M) Parameters GFLOPS mAP(0.5)
YOLOv8n(Baselinel) 5.9 3.20M 8.7 1066.3 0.900
Baseline2 6.0 3.05M 8.5 863.6 0.928
1.5x 41 2.02M 56 1028.4 0.929
1.7x 3.6 1.79M 5.0 1063.5 0931
2.0x 3.2 1.53M 4.2 1146.2 0.930

The bold values in the table are the best methods in the experiment and their corresponding experimental data.

YOLOv8n TiGra-YOLOv8

FIGURE 7
Comparison of detection heat maps. (A) YOLOvVS; (B) TiGra-YOLOVS.

TABLE 7 Comparison of indicators of different models. model size by half. Specifically, the integration of ASF-YOLO into the
neck of the TiGra-YOLOvV8 model plays a crucial role in enhancing

Model mAP(0.5)  Parameters GFLOPS feature aggregation and improving the model’s capability to capture
YOLOV5n 0.904 1.90M 45 intricate details within images, thereby contributing significantly to the

overall improvement in precision. The adoption of the ATSS matching

YOLOV7-tiny 0.895 123M 13.1 . . . . .
strategy provides a dynamic approach to selecting positive and negative
YOLOv8n 0.900 3.20M 8.7 samples during the training process. It ensures that the model learns
YOLOV9-c 0.892 25.30M 1021 from a representative set of training samples, leading to more robust
TiGea. learning and better generalization. The utilization of the Wise-IoU loss
YOLOVS(ours) 0.930 1.53M 4.2 function considers both the overlap and the distance between predicted

The bold values in the table are the best methods in the experiment and their corresponding and ground truth boxes. This dual consideration ensures that the

experimental data. model predicts the location of objects with greater accuracy. The

implementation of the Random pruning algorithm is instrumental in

model, the mAP(0.5) increased by 4.26%, with Parameters and  reducing the model’s size by eliminating redundant and less significant

GFLOPS decreasing by 93.95% and 95.88%, respectively. parameters while preserving critical features. In fact, the reduced

The detection accuracy, parameter count, and computational ~ complexity can lead to more focused learning, as evidenced by the
load for grape recognition in natural environments have improved  4.1.4 observed increase in precision post-pruning.

compared to both previous and the most recently proposed YOLO The significant improvements in detection accuracy and

series models. reduction in model size achieved by the TiGra-YOLOv8 model

have important implications for its potential application in

agricultural settings. The enhanced precision of the model, which

5 Discussion allows for more accurate identification of grapefruits and stems, can

improve the efficiency of grape harvesting processes and reduce

This study proposes a lightweight detection method based on  waste. The observed reduction in model size, achieved through the

YOLOVS. It attains a detection accuracy of 93% while reducing the — implementation of the Random pruning algorithm, indicates a
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promising direction towards making the model more
computationally efficient. This reduction in complexity suggests the
potential for the model to be adapted for deployment on devices with
limited computational resources. However, additional work is
required to evaluate the performance and feasibility of the TiGra-
YOLOV8 model on such low-resource hardware.

The results of this study demonstrate the advantages of our
approach when compared to those reported in the existing literature.
Traditional machine learning algorithms, commonly used in earlier
studies, need help to adapt to varying environmental conditions and
typically exhibit lower accuracy. Additionally, instance segmentation
models, while precise, are often large and computationally intensive,
posing challenges for deployment on resource-constrained devices. The
prediction accuracy of the TiGra-YOLOvV8 model on this dataset is
better than that of classical object detection models such as YOLOv5
and YOLOVS, which indicates that the model has particular potential in
dealing with such tasks.

6 Conclusion and prospect

In this study, aimed at recognizing grapefruits and their stems
in natural environments, we constructed a dataset from self-
captured images of grapefruits and stems, considering the
complex backgrounds, density, and occlusions typical of orchard
settings. We designed a lightweight object detection model, TiGra-
YOLOVS, incorporating the ASF module into the YOLOv8 network
structure. The model also features modifications to the IoU loss
function and the positive and negative sample matching strategy,
enhancing detection accuracy. Furthermore, model size was
reduced through channel pruning. This lightweight approach is
significant for deploying the model on mobile devices. In summary,
the TiGra-YOLOv8 model achieved a detection accuracy of 93%,
with a model size of 3.2M, a parameter count of 1.53M, a
computational cost of 4.2 GFLOPS, and an FPS of 1146.2.
Compared to YOLOV5 and other models, TiGra-YOLOV8 boasts
higher detection accuracy and lower model parameters.

Despite the positive findings of this study, there are certain
limitations. Firstly, it should be noted that the dataset used in this
study was derived solely from a single crop species, thus
necessitating future testing and validation on more diverse
datasets. Secondly, when deploying and applying the model in
practice, practical factors such as device compatibility and real-
time performance need to be taken into consideration. Additionally,
although model pruning techniques have successfully reduced
model complexity, further optimization is still necessary to
accommodate a broader range of application scenarios. In future
research, we will explore mobile deployment of the model and
deploy the TiGra-YOLOv8 model on small computing devices.
Additionally, we plan to collect more diverse grape datasets and
train a more generalized TiGra-YOLOvS8 model.

In summary, the lightweight detection method based on
YOLOvV8 proposed in this study demonstrated exceptional
performance in detecting grape fruit and grape stalk, thereby

Frontiers in Plant Science

12

10.3389/fpls.2024.1407839

offering a novel technical approach for agricultural automation
and intelligence. Future studies will further investigate the model’s
generalization ability and practical application potential.

Data availability statement

The raw data supporting the conclusions of this article will be
made available by the authors, without undue reservation.

Author contributions

XW: Conceptualization, Data curation, Formal analysis,
Methodology, Software, Visualization, Writing - original draft,
Writing - review & editing. RT: Conceptualization, Data curation,
Formal analysis, Software, Validation, Visualization, Writing — review
& editing. JM: Project administration, Writing — review & editing. YN:
Investigation, Writing — review & editing. ZX: Writing — review &
editing. ZC: Validation, Writing — review & editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This study
has been funded by the Science and Technology Department of
Sichuan Province (Contract number: 2022NSFSC0172
and 22ZDYF0095).

Acknowledgments

Thanks to Four Seasons Vineyard for helping with data
acquisition and Professor Jiong Mu from Sichuan Agricultural
University for her valuable comments.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

frontiersin.org


https://doi.org/10.3389/fpls.2024.1407839
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Wou et al.

References

Bac, C. W., Hemming, J., and Van Henten, E. J. (2014). Stem localization of sweet-
pepper plants using the support wire as a visual cue. Comput. Electron. Agric. 105, 111-
120. doi: 10.1016/j.compag.2014.04.011

Bai, R, Lu, J., Zhang, Z, Wang, M., and Wang, Q. (2024). AeroDetectNet: A
lightweight, high-precision network for enhanced detection of small objects in aerial
remote sensing imagery. Measurement Sci. Technol. 35. doi: 10.1088/1361-6501/ad41fe

Behera, S. K, Rath, A. K, and Sethy, P. K. (2021). Fruits yield estimation using Faster R-
CNN with MIoU. Multimedia Tools Appl. 80, 19043-19056. doi: 10.1007/s11042-021-10704-7

Bochkovskiy, A., Wang, C. Y., and Liao, H. Y. M. (2020). Yolov4: Optimal speed and
accuracy of object detection. arXiv preprint arXiv:2004.10934. doi: 10.48550/
arXiv.2004.10934

Chaivivatrakul, S., and Dailey, M. N. (2014). Texture-based fruit detection. Precis.
Agric. 15, 662-683. doi: 10.1007/s11119-014-9361-x

Chen, J., Ma, A,, Huang, L., Su, Y., Li, W., Zhang, H,, et al. (2023). GA-YOLO: A
lightweight YOLO model for dense and occluded grape target detection. Horticulturae
9, 443. doi: 10.3390/horticulturae9040443

) del Pilar Martinez-Diz, M., Eichmeier, A., Spetik, M., Bujanda., R., Diaz-Fernandez.,
A, Diaz-Losada,, E, et al. (2020). Grapevine pruning time affects natural wound
colonization by wood-invading fungi. Fungal Ecol. 48, 100994. doi: 10.1016/
j.funeco.2020.100994

Dilek, E., and Dener, M. (2023). Computer vision applications in intelligent
transportation systems: a survey. Sensors 23, 2938. doi: 10.3390/s23062938

Feng, C., Zhong, Y., Gao, Y., Scott, M. R., and Huang, W. (2021). “Tood: Task-
aligned one-stage object detection,” in 2021 IEEE/CVF International Conference on
Computer Vision (ICCV). Montreal, QC, Canada: IEEE Computer Society, 3490-3499.
doi: 10.1109/ICCV48922.2021.00349

Gao, F, Fu, L, Zhang, X., Majeed, Y., and Zhang, Q. (2020). Multi-class fruit-on-
plant detection for apple in SNAP system using Faster R-CNN. Comput. Electron.
Agric. 176, 105634. doi: 10.1016/j.compag.2020.105634

Girshick, R. (2015). “Fast R-CNN,” in 2015 IEEE International Conference on
Computer Vision (ICCV), Santiago, Chile, IEEE Computer Society, pp. 1440-1448.
doi: 10.1109/ICCV.2015.169

Kang, M., Ting, C,, Ting, F., and Phan, R. (2024). ASF-YOLO: A novel YOLO model
with attentional scale sequence fusion for cell instance segmentation. Image and Vision
Computing 147. doi: 10.1016/j.imavis.2024.105057

Lin, G, Tang, Y., Zou, X., Cheng, J., and Xiong, J. (2020). Fruit detection in natural
environment using partial shape matching and probabilistic Hough transform. Precis.
Agric. 21, 160-177. doi: 10.1007/s11119-019-09662-w

Lin, J., Wang, H., Zou, X., Zhang, P., Li, C., Zhou, Y., et al. (2023). Obstacle avoidance
path planning and simulation of mobile picking robot based on DPPO. J. System
Simulation 35, 1692-1704.

Liu, W., Anguelov, D., Erhan, D., Szegedy, C., Reed, S., Fu, C.-Y,, et al. (2016). “SSD:
Single shot multibox detector,” in European conference on computer vision.Berlin,
German. Springer, Cham. 9905, 22-37. doi: 10.1007/978-3-319-46448-0_2

Liu, S., Chen, T., Chen, X,, Shen, L., Mocanu, D. C., Wang, Z., et al. (2022). The
unreasonable effectiveness of random pruning: Return of the most naive baseline for
sparse training. arXiv preprint arXiv:2202.02643. doi: 10.48550/arXiv.2202.02643

Liu, P., Zhu, Y., Zhang, T., and Hou, J. (2020). Algorithm for recognition and image
segmentation of overlapping grape cluster in natural environment. Trans. Chin. Soc.
Agric. Eng. (Transactions CSAE) 36, 161-169. doi: 10.11975/j.issn.1002-
6819.2020.06.019

Lou, H., Duan, X., Guo, J., Liu, J., Liu, H., Gu, J., et al. (2023). DC-YOLOVS: small-
size object detection algorithm based on camera sensor. Electronics 12, 2323.
doi: 10.3390/electronics12102323

Lu, H, and Luo, M. (2022). Survey on new progresses of deep learning based
computer vision. J. Data Acquis. Process 37, 247-278. doi: 10.16337/j.1004-
9037.2022.02.001

Frontiers in Plant Science

13

10.3389/fpls.2024.1407839

Luo, L, Tang, Y., Lu, Q., Chen, X,, Zhang, P., Zou, X, et al. (2018). A vision
methodology for harvesting robot to detect cutting points on peduncles of double
overlapping grape clusters in a vineyard. Comput. industry 99, 130-139. doi: 10.1016/
j.compind.2018.03.017

Luo, L., Tang, Y., Zou, X,, Ye, M., Feng, W,, Li, G,, et al. (2016). Vision-based
extraction of spatial information in grape clusters for harvesting robots. Biosyst. Eng.
151, 90-104. doi: 10.1016/j.biosystemseng.2016.08.026

Luo, L., Zou, X,, Xiong, J., Zhang, Y., Peng, H., and Lin, G. (2015). Automatic
positioning for picking point of grape picking robot in natural environment. Trans.
Chin. Soc. Agric. Eng. (Transactions CSAE) 31, 14-21. doi: 10.3969/j.issn.1002-
6819.2015.02.003

Ma, B., Hua, Z., Wen, Y., Deng, H., Zhao, Y., Pu, L, et al. (2024). Using an improved
lightweight YOLOv8 model for real-time detection of multi-stage apple fruit in
complex orchard environments. Artif. Intell. Agric. 11, 70-82. doi: 10.1016/
j.aiia.2024.02.001

Moro, K. I. B., Bender, A. B. B, da Silva, L. P., and Penna, N. G. (2021). Green
extraction methods and microencapsulation technologies of phenolic compounds from
grape pomace: A review. Food Bioprocess Technol. 14, 1407-1431. doi: 10.1007/s11947-
021-02665-4

Pérez-Zavala, R., Torres-Torriti, M., Cheein, F. A., and Troni, G. (2018). A pattern
recognition strategy for visual grape bunch detection in vineyards. Comput. Electron.
Agric. 151, 136-149. doi: 10.1016/j.compag.2018.05.019

Ren, S., He, K., Girshick, R., and Sun, J. (2017). “Faster R-CNN: Towards Real-Time
Object Detection with Region Proposal Networks,” in IEEE Transactions on Pattern
Analysis and Machine Intelligence, United States, IEEE Computer Soc, vol. 39 (6), pp.
1137-1149. doi: 10.1109/TPAMI.2016.2577031

Russell, B. C., Torralba, A., Murphy, K. P., and Freeman, W. T. (2008). LabelMe: A
database and web-based tool for image annotation. Int. . Comput. Vision 77, 157-173.
doi: 10.1007/s11263-007-0090-8

Sun, J., Gong, D., Yao, K,, Lu, B,, Dai, C,, and Wu, X. (2022). Real-time semantic
segmentation method for field grapes based on channel feature pyramid. Trans. Chin.
Soc. Agric. Eng. (Transactions CSAE) 38, 150-157. doi: 10.11975/j.issn.1002-
6819.2022.17.016

Tian, H., Wang, T., Liu, Y., Qiao, X,, and Li, Y. (2020). Computer vision technology
in agricultural automation—A review. Inf. Process. Agric. 7, 1-19. doi: 10.1016/
j.inpa.2019.09.006

Tong, Z., Chen, Y., Xu, Z., and Yu, R. (2023). Wise-iou: Bounding box regression loss
with dynamic focusing mechanism. arXiv preprint arXiv:2301.10051. doi: 10.48550/
arXiv.2301.10051

Wu, Z., Xia, F., Zhou, S., and Xu, D. (2023). A method for identifying grape stems
using keypoints. Comput. Electron. Agric. 209, 107825. doi: 10.1016/
j.compag.2023.107825

Yu, Y., Zhang, K., Yang, L., and Zhang, D. (2019). Fruit detection for strawberry
harvesting robot in non-structural environment based on Mask-RCNN. Comput.
Electron. Agric. 163, 104846. doi: 10.1016/j.compag.2019.06.001

Zhang, S., Chi, C,, Yao, Y., Lei, Z., and Li, S. Z.>. (2020). “Bridging the gap between
anchor-based and anchor-free detection via adaptive training sample selection,” in 2020
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Seattle,
WA, USA, IEEE Computer Society pp. 9756-9765. doi: 10.1109/
CVPR42600.2020.00978

Zheng, Z., Wang, P., Liu, W,, Li, ., Ye, R,, and Ren, D. (2020). “Distance-IoU loss:
Faster and better learning for bounding box regression,” in Proceedings of the AAAI
conference on artificial intelligence, Vol. 34. New York, USA: AAAI, 12993-13000. doi:
10.1609/aaai.v34i07.6999

Zhou, X., Wu, F,, Zou, X,, Meng, H., Zhang, Y., Luo, X,, et al. (2023). Method for
locating picking points of grape clusters using multi-object recognition. Trans. Chin.
Soc. Agric. Eng. (Transactions CSAE) 39, 166-177. doi: 10.11975/j.issn.1002-
6819.202309105

frontiersin.org


https://doi.org/10.1016/j.compag.2014.04.011
https://doi.org/10.1088/1361-6501/ad41fe
https://doi.org/10.1007/s11042-021-10704-7
https://doi.org/10.48550/arXiv.2004.10934
https://doi.org/10.48550/arXiv.2004.10934
https://doi.org/10.1007/s11119-014-9361-x
https://doi.org/10.3390/horticulturae9040443
https://doi.org/10.1016/j.funeco.2020.100994
https://doi.org/10.1016/j.funeco.2020.100994
https://doi.org/10.3390/s23062938
https://doi.org/10.1109/ICCV48922.2021.00349
https://doi.org/10.1016/j.compag.2020.105634
https://doi.org/10.1109/ICCV.2015.169
https://doi.org/10.1016/j.imavis.2024.105057
https://doi.org/10.1007/s11119-019-09662-w
https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/10.48550/arXiv.2202.02643
https://doi.org/10.11975/j.issn.1002-6819.2020.06.019
https://doi.org/10.11975/j.issn.1002-6819.2020.06.019
https://doi.org/10.3390/electronics12102323
https://doi.org/10.16337/j.1004-9037.2022.02.001
https://doi.org/10.16337/j.1004-9037.2022.02.001
https://doi.org/10.1016/j.compind.2018.03.017
https://doi.org/10.1016/j.compind.2018.03.017
https://doi.org/10.1016/j.biosystemseng.2016.08.026
https://doi.org/10.3969/j.issn.1002-6819.2015.02.003
https://doi.org/10.3969/j.issn.1002-6819.2015.02.003
https://doi.org/10.1016/j.aiia.2024.02.001
https://doi.org/10.1016/j.aiia.2024.02.001
https://doi.org/10.1007/s11947-021-02665-4
https://doi.org/10.1007/s11947-021-02665-4
https://doi.org/10.1016/j.compag.2018.05.019
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1007/s11263-007-0090-8
https://doi.org/10.11975/j.issn.1002-6819.2022.17.016
https://doi.org/10.11975/j.issn.1002-6819.2022.17.016
https://doi.org/10.1016/j.inpa.2019.09.006
https://doi.org/10.1016/j.inpa.2019.09.006
https://doi.org/10.48550/arXiv.2301.10051
https://doi.org/10.48550/arXiv.2301.10051
https://doi.org/10.1016/j.compag.2023.107825
https://doi.org/10.1016/j.compag.2023.107825
https://doi.org/10.1016/j.compag.2019.06.001
https://doi.org/10.1109/CVPR42600.2020.00978
https://doi.org/10.1109/CVPR42600.2020.00978
https://doi.org/10.1609/aaai.v34i07.6999
https://doi.org/10.11975/j.issn.1002-6819.202309105
https://doi.org/10.11975/j.issn.1002-6819.202309105
https://doi.org/10.3389/fpls.2024.1407839
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

	A lightweight grape detection model in natural environments based on an enhanced YOLOv8 framework
	1 Introduction
	2 Materials and methods
	2.1 Dataset
	2.2 TiGra-YOLOv8
	2.3 Experimental detail
	2.4 Evaluation Index

	3 Model Improvement
	3.1 Neck
	3.1.1 ASF network structure
	3.1.2 SSFF module
	3.1.3 TFE module
	3.1.4 CPAM module

	3.2 Label-matching policy
	3.3 IoU loss
	3.4 Channel pruning

	4 Results
	4.1 Comparison of neck
	4.2 IoU loss function comparison experiment
	4.3 Ablation experiment
	4.4 Channel pruning experiment
	4.5 Network model comparison experiment

	5 Discussion
	6 Conclusion and prospect
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher’s note
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


