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Abstract: Grape leafhoppers (Erythroneura spp.) are major pests in grape cultivation, lead-
ing to significant economic losses. Accurate and efficient damage level assessment is crucial
for effective pest management and reducing financial impact. In this study, we catego-
rized damage into uninfested leaves and five damage levels (I–V) and constructed a grape
leafhopper damage dataset. Based on this dataset, we developed a lightweight detection
model for grape leafhopper damage levels, incorporating improvements to the YOLOv8n
architecture. The model employs FasterNet as the backbone network to enhance compu-
tational efficiency and reduce model complexity. It substitutes for the nearest-neighbor
upsampling with CARAFE to improve small target detection capabilities. Additionally, the
SE attention mechanism is integrated to optimize leaf feature extraction, thereby enhancing
recognition accuracy in complex vineyard environments. The experimental results demon-
strate that CSF-YOLO achieves a mAP of 90.15%, which is 1.82% higher than the baseline
model, YOLOv8n. Additionally, the model’s inference results can be accessed via mobile
devices, demonstrating the feasibility of real-time vineyard pest monitoring. This study
provides a solid technical foundation for advancing intelligent pest monitoring systems in
vineyards and the development of smart agriculture.

Keywords: grape leafhoppers; Erythroneura spp.; intelligent monitoring; damage level;
YOLOv8n; target detection

1. Introduction
As the world’s leading producer of table grapes and the third-largest grape grower,

China faces significant challenges from leafhopper infestations, which threaten its grape
industry [1,2]. These pests have spread widely across key grape-growing regions in China,
including Ningxia, Xinjiang, Henan, Shaanxi, and Shandong provinces [3,4]. In the Turpan
Basin of Xinjiang, infestations affect approximately 16,675 hectares annually, leading to
substantial yield losses estimated at RMB 30 million in severe outbreaks [4]. This pest poses
a substantial threat to the sustainability of China’s grape industry. Traditional monitoring
methods, such as visual inspection and yellow sticky traps [5], are inadequate due to the
leafhoppers’ cryptic morphology [6] and high mobility, which causes critical detection
delays. These delays further exacerbate crop losses and contribute to excessive pesticide use.
Currently, there remains no effective pest monitoring method to guide the management of
this pest.
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In recent years, advanced computer vision technology, particularly deep learning
methods, has shown potential in the detection and monitoring of plant pests and dis-
eases [7]. Originating in the 1950s and gaining momentum in the 1980s, deep learning
has revolutionized the field of agricultural pest and disease diagnosis by automating and
enhancing the accuracy and efficiency of detection processes.

Among deep learning models, convolutional neural networks (CNNs) have become
foundational in target detection algorithms due to their robust feature extraction capabilities.
For instance, Deepalakshmi et al. [8] employed CNNs to achieve over 94.5% accuracy in
distinguishing diseased leaves from healthy ones. Similarly, Kaya and Gürsoy [9] proposed
a deep learning-based method that fused RGB and segmented images to detect plant
diseases with a precision of 98.16%. These advancements highlight the effectiveness of
CNN-based algorithms in precise pest and disease detection.

The two primary categories of CNN-based target identification algorithms are single-
stage detectors and two-stage detectors. Due to their high detection accuracy, two-stage
detectors, such as Faster R-CNN [10], have produced excellent results in real-time disease
diagnosis. They typically employ an approach that combines fine classification and candi-
date region development. For instance, Bari et al. [11] used Faster R-CNN to diagnose rice
leaf disease with an accuracy of above 98%. However, due to its slower processing speed
and more intricate detection method, its application in real-time scenarios is limited. On the
other hand, one-stage detectors achieve faster detection by directly predicting bounding
boxes on the feature map. These include YOLO (You Only Look Once) and SSD (Single-Shot
MultiBox Detector) [12]. The YOLO series of algorithms [13–17] are particularly effective
due to their high detection efficiency. In particular, the YOLO family demonstrates strong
capabilities in pest and disease detection, benefiting from its high accuracy, low compu-
tational cost, and outstanding real-time performance. In recent years, researchers have
developed various improved versions of YOLO specifically for grape pest and disease
detection [18–21] with the aim of further enhancing detection performance and practical
usability [22–26]. Continuous advancements underscore YOLO’s strong suitability for this
task, reinforcing its position as a preferred choice for large-scale deployment.

Despite these advancements, earlier versions, such as YOLOv3 [14] and YOLOv4,
still exhibit limitations in detecting small targets within complex backgrounds. Although
YOLOv5 and YOLOv7 [15] incorporate significant optimizations, they continue to suffer
from speed bottlenecks and missed detections of small targets, restricting their effectiveness
in real-time vineyard monitoring. While YOLOv8n [16] improves detection accuracy, it
struggles to differentiate visually similar damage levels and requires substantial computa-
tional resources, making real-time inference on mobile devices challenging.

Most existing studies primarily focus on binary detection—determining only the
presence or absence of pests and diseases—without accurately quantifying infestation
severity. However, in precision agriculture, assessing damage levels is crucial for targeted
pest control and yield optimization. Therefore, this study aims to develop a lightweight
model that automatically identifies grape leafhopper damage levels by balancing high
detection accuracy with low computational complexity. The proposed model is designed to
accurately distinguish between various damage levels in complex vineyard environments
while meeting the demands of real-time inference on mobile devices, thereby providing
robust technical support for pest and disease monitoring in precision agriculture. The main
contributions of this work are as follows:

(1) A high-quality dataset for grape leafhopper damage classification was constructed,
categorizing damage levels into five distinct levels to support model training and
evaluation.
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(2) A lightweight grape leafhopper damage detection model, CSF-YOLO, is proposed
based on an improved YOLOv8n. This model significantly enhances feature extraction
and detection accuracy while achieving a lightweight design through the integration
of the FasterNet lightweight architecture, the CARAFE (Content-Aware ReAssembly
of FEatures) upsampling module, and the SE (Squeeze-and-Excitation) attention
mechanism.

(3) Ablation experiments, comparative experiments, and mobile deployment tests were
conducted to verify the model’s robustness and practical usability.

2. Materials and Methods
2.1. Characteristics of Grape Leafhopper Infestation and Classification of Damage Levels
2.1.1. Characteristics of Grape Leafhopper Infestation

Leafhoppers (Erythroneura spp.) represent significant pests on the grapes. In the adult
stage, leafhoppers congregate on the undersides of grape foliage and pierce and extract sap
from the leaves, which results in the emergence of small and grayish-white specks known
as “stippling” on the leaves. These specks could progressively enlarge and become more
pronounced as the leafhoppers persist in their feeding activities. On Cabernet Sauvignon,
Figure 1 compares the leaves of healthy grape leaves with those infested by leafhoppers.
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Figure 1. Healthy leaves and leaves infested by leafhoppers on Cabernet Sauvignon: (a) healthy leaves;
(b) leaves infested by leafhoppers.

2.1.2. Grape Leafhopper Infestation Symptoms Classification

Grape leafhoppers inflict varying levels of damage on grape leaves, significantly
reducing photosynthetic efficiency and overall plant health. To systematically evaluate
and quantify infestation severity, this study categorizes grape leafhopper damage into
five distinct levels based on long-term field observations. The classification is primarily
determined by the proportion of damaged leaf area and the percentage of affected leaves.
This standardized grading system ensures consistency in damage assessment and facilitates
automated detection using deep learning models. The specific classification criteria are
detailed in Table 1, while Figure 2 visually illustrates the characteristic symptoms associated
with each damage level.
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Table 1. Classification of damage levels caused by grape leafhoppers.

Injurious Symptoms Grade Ratio of Infested Spot Area to Leaf Area

uninfested leaf No infested spots
Grade I leafhopper infestation 0–5%
Grade II leafhopper infestation 5–25%
Grade III leafhopper infestation 25–50%
Grade IV leafhopper infestation 50–75%
Grade V leafhopper infestation >75%Agronomy 2025, 15, 741 4 of 17 
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Figure 2. Leafhopper damage levels: (a) Level 0; (b) Level I; (c) Level II; (d) Level III; (e) Level IV; 
(f) Level V. 
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Figure 2. Leafhopper damage levels: (a) Level 0; (b) Level I; (c) Level II; (d) Level III; (e) Level IV;
(f) Level V.

2.2. Data Acquisition and Pre-Processing

In this study, leaf image data of Cabernet Sauvignon grapes were collected from Yuan’s
Winery grape growing site in Yinchuan City, Ningxia (38.5◦ N, 106.04◦ E). To ensure the
generalization of the dataset, a diversity of image sampling strategies was used. As shown
in Table 2, images from different periods, seasons, grape growth cycles, and weather
conditions were included. Figure 3 shows the images of grape leaves collected under
different weather conditions. The acquisition capture device was an iPhone 13 (Apple Inc.,
Cupertino, CA, USA), and all images were saved in JPG format. During the acquisition
process, the distance between the leaves and the camera was approximately 30 cm. After
eliminating unnecessary and blurred images in the first step of the screening process, we
obtained 2689 excellent images of grape leaves.

Table 2. Sampling strategy table.

Sampling Strategy Description

Sampling time August–September 2023, April–September 2024
Season Spring, Summer, Fall

Grape growth stage Leaf unfolding, flowering, young fruiting, and ripening
Weather Sunny, Cloudy, Rainy
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Figure 3. Images under different weather conditions: (a) Sunny; (b) Cloudy; (c) Rainy.

This study used the ImgAug library (version 0.4.0) to augment the original images,
reducing the risk of neural network overfitting and simulating variations in vineyard
images caused by differences in shooting angles, lighting conditions, and environmental
interference. In particular, the panning operation was used to simulate changes in the
leaves under different shooting positions; the rotation operation reflected how wind or
changes in shooting angle caused the leaves to deviate from their orientation; the brightness
adjustment simulated the color changes in the leaves under different lighting conditions;
and the addition of noise was used to simulate the environmental disturbances and noises
during the image acquisition process. After data augmentation, there were 7938 images.
Figure 4 shows the effect of data enhancement.
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Following image preprocessing, we annotated the images using the LabelImg pro-
gram (version 1.8.6), dividing them into six groups based on the condition of the leaves:
uninfested leaf and Grades I–V leafhopper infestation. The annotation results were saved
in XML format. To make sure the dataset has a good representation at every stage, we
randomly divided the data according to a 7:2:1 ratio when building it. In the end, we
acquired 5556 images for the training set, 1588 images for the validation set, and 794 images
for the testing set.

2.3. Improved Strategy of YOLOv8 Model: CSF-YOLO

To overcome the limitations of the original YOLOv8n [16] model, including interfer-
ence from complex grape leaf backgrounds, overlapping leaves, insufficient detail extrac-
tion across damage levels, and the excessive computational demands that hinder both
accuracy and mobile deployment, this study proposes CSF-YOLO, a lightweight and en-
hanced detection model. Specifically, CSF-YOLO replaces the CSPDarkNet53 backbone
with the FasterNet architecture to reduce model parameters and computational complex-
ity. Additionally, it integrates the CARAFE (Content-Aware ReAssembly of FEatures)
upsampling module to enhance fine-grained feature representation and incorporates the
SE (Squeeze-and-Excitation) attention mechanism to mitigate background interference,
thereby improving detection precision. The architecture of CSF-YOLO is illustrated in
Figure 5.
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2.3.1. FasterNet Lightweight Network

To enhance the model’s efficiency for grape leafhopper infestation level detection on
mobile platforms, this study integrates the FasterNet lightweight network, proposed by
Chen et al. [27], replacing the CSPDarkNet53 backbone feature extraction network of the
original YOLOv8n. FasterNet’s main innovation is its local convolution method, partial
convolution (PConv). Figure 6 illustrates its network’s structure. In contrast to traditional
convolution, which treats all input channels equally, PConv dramatically reduces the overall
computation while ensuring that crucial local information is properly captured by applying
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convolution filters to a subset of the input channels. Consequently, FasterNet lowers model
parameters and FLOPs while maintaining the representation of characteristics that are
necessary for accurate detection. The computational workload of PConv is expressed in
terms of floating-point operations as follows in Equation (1):

h × w × k2 × c2
p (1)

When the channel count in the convolution process is reduced to one-fourth, the
computational complexity of PConv is merely one-sixteenth that of traditional convolution.
The quantity of floating-point operations for PConv is detailed in Equation (2):

h × w × 2cp + k2 × c2
p ≈ h × w × 2cp (2)

When the number of channels utilized in the convolution operation is reduced to
one-fourth, the memory access required is correspondingly only one-fourth that of tra-
ditional convolution methods. In Equations (1) and (2), h, w, and k denote the height,
width, and size of the convolution kernel of the feature map, respectively, while cp indi-
cates the number of channels in conventional convolution. This efficient design enables
FasterNet to significantly improve detection accuracy while being computationally suitable
for deployment on mobile devices in real-time grape leafhopper infestation monitoring.
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2.3.2. CARAFE Upsampling Module

In the original YOLOv8n architecture, the feature pyramid’s upsampling process
employs nearest neighbor interpolation, which relies solely on pixel locations and neglects
semantic context. This limitation restricts the perceptual domain, hindering the model’s
ability to capture the fine details of different infestation levels of grape leafhoppers, par-
ticularly when dealing with small, subtle lesions. To address this issue, the present study
integrates the CARAFE upsampling module [28], significantly improving upsampling
quality and enhancing the model’s ability to perceive varying infestation levels of grape
leafhoppers.

The CARAFE module achieves high-quality upsampling through two key components:
the kernel prediction module and the feature reorganization module. As shown in Figure 7,
the kernel prediction module generates diverse convolutional kernel parameter maps based
on input features, enabling the adaptive capture of fine details in local regions of grape
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leaves. The feature reorganization module then applies these kernels to the input features,
effectively enhancing the resolution of the upsampled feature map and preserving crucial
details related to different infestation levels. In the grape leafhopper damage detection task,
this method enables more precise identification of small lesions, improving the model’s
accuracy in complex vineyard environments.
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The CARAFE sampling process is delineated as follows: Initially, to mitigate com-
putational complexity, the feature map of size H × W × C is downsampled to Cm using
a 1 × 1 convolution, thereby reducing the number of channels C of the input feature
map to Cm and generating a feature map of size H × W × Cm. Subsequently, a kup × kup

convolution operation is performed to create the reconfiguration kernel, resulting in a
feature map of size H × W × σ2k2, where σ denotes the upsampling multiplicity and kup

represents the predicted size of the upsampled kernel. The channel is then expanded into
the spatial dimension and normalized using softmax to yield an upsampled kernel of size
H × σW × k2

up. Finally, the input feature map is processed through the feature reorganiza-
tion module, where for each position in the output feature map, a kup × kup region centered
at that position is extracted, and a dot-product operation is conducted with the predicted
up-sampling kernel to derive the output value for the corresponding position. Notably, dif-
ferent channels at the same position in the output feature map utilize the same upsampling
kernel, ensuring efficient information utilization and parameter conservation. Following
this processing, the resulting upsampled feature map attains dimensions σH × σW × C.

2.3.3. SE Attention Mechanism

The intricate nature of the grape cultivation environment, coupled with the significant
overlap of leaves, hampers the model’s ability to accurately identify individual grape leaves.
In addition, multiple symptoms of diseases and pests often appear on grape leaves, which
increases the risk of model misjudgment. To enhance the model’s performance and bolster
its detection capabilities in complex backgrounds, this study incorporates the Squeeze-and-
Excitation attention mechanism [29] between the neck network and the detection head.
Traditional convolutional neural networks (CNNs) typically process features across all chan-
nels using identical weights, which may lead to the model overlooking crucial information
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while incorporating irrelevant noise or redundant data into the decision-making process.
The SE module addresses this limitation by adaptively modeling global information and
dynamically adjusting the response strength of each channel. This mechanism effectively
suppresses redundant data and background noise, allowing the model to maintain a stable
focus on the target areas, even in complex environments. As a result, detection accuracy
and robustness are significantly enhanced.

Figure 8 is referenced from Hu et al. [29] to illustrate the structure of the SE attention
module. Initially, an Ftr operation is executed on the input feature map X to derive the
feature map U. Following this, the Fsq operation condenses the feature map into 1 ×
1 × C feature vectors through global average pooling. Subsequently, the Fex operation
is employed for dimensionality reduction and recovery via two fully connected layers:
the first layer compresses the 1 × 1 × C feature vectors to lower dimensions to decrease
computational load and learn inter-channel relationships, while the second layer restores
the compressed feature vectors to the original channel count C, producing a weight vector
that matches the number of channels. This weight vector is then normalized to a range
between 0 and 1 using a sigmoid function. Ultimately, the Fscale operation applies the
derived attention weights to each channel feature, thereby amplifying relevant features and
attenuating those that are extraneous. This improvement provides a practical solution to
challenges such as leaf overlap and the interference caused by multiple pests and diseases
in grape leafhopper infestation detection.
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3. Results
3.1. Experimental Environment and Evaluation Indicators
3.1.1. Experimental Environment

The experimental environment of this paper is as follows. The operating system is
Windows 11 (64-bit), the CPU is a 12th Gen Inter Core™ i9-12900k, the system memory
is 32 GB, and the graphics card is an NVIDIA RTX A4000 (NVIDIA Corporation, Santa
Clara, CA, USA). The PyTorch (version 2.0.1) deep learning framework is used, and the
editor is PyCharm (version 2022.3.3) Network. The model is trained using the PyTorch
deep learning framework, with the editor being PyCharm. The training parameters are
as follows: the input images are resized to 640 × 640 pixels, the batch size is set to 16 for
each training iteration, the optimizer used is SGD, and a total of 300 training epochs are
performed. The initial learning rate is set to 0.01, with weight decay applied at a rate of
0.0005 after each epoch.
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3.1.2. Evaluation Indicators

This study aims to thoroughly evaluate the model’s performance using multiple
metrics, including accuracy (Precision, P), recall (Recall, R), average precision, mean average
precision (mAP), Giga Floating-Point Operations Per Second (GFLOPs), and the number of
parameters. The calculations for P, R, and mAP are derived from Equations (3)–(5).

P =
TP

TP + FP
× 100% (3)

R =
TP

TP + FN
× 100% (4)

mAP =
∫ 1

0
P(R)dR × 100% (5)

where TP represents the count of true positive instances correctly identified, FP denotes the
count of false positives, and FN indicates the count of false negatives.

3.2. Model Training and Results
3.2.1. Ablation Experiment

To assess the influence of enhancement strategies on the model’s detection efficacy,
this study employs YOLOv8n as a reference point. The research incorporates the FasterNet
lightweight architecture, the CARAFE upsampling module, and the SE attention mech-
anism individually while also conducting a comprehensive analysis of the synergistic
effects of these three enhancement strategies on model performance. The findings from the
ablation experiments are presented in Table 3.

Table 3. Improved model ablation test results.

No. FasterNet CARAFE SE P/% R/% mAP/% FLOPs/GB Params/M

1 - - - 84.35 83.06 88.33 8.10 3.01
2

√
- - 82.46 80.33 86.95 7.10 1.99

3 -
√

- 85.02 82.58 89.71 7.80 3.15
4 - -

√
84.13 84.37 89.21 8.10 3.02

5
√ √

- 84.50 83.55 88.41 7.50 2.84
6

√
-

√
85.03 83.25 88.72 7.30 2.66

7 -
√ √

85.41 83.40 89.19 7.60 3.03
8

√ √ √
85.95 83.99 90.15 7.00 2.59

√
indicates that the module is used; - indicates that the module is not used.

Table 3 demonstrates that replacing the YOLOv8n backbone with FasterNet reduces
the model’s parameter count and computational cost by 33.9% and 12.3%, respectively,
resulting in a significant enhancement in computational efficiency. FasterNet employs
partial convolution (PConv) to focus on specific input channels, optimizing resource al-
location and mitigating early feature loss due to excessive downsampling in complex
backgrounds. However, this lightweight approach leads to a 1.38% decrease in mAP, as
it may compromise global feature aggregation, thereby impairing the representation of
certain lesion areas.

The CARAFE module employs a content-aware upsampling mechanism, increasing
mAP by 1.72%. In grape leafhopper detection, lesions are often small and irregular, and
traditional nearest neighbor interpolation typically fails to capture these fine details, leading
to missed lesions. CARAFE dynamically generates adaptive kernels based on local features,
reconstructing high-resolution feature maps that preserve critical details. This allows the
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model to detect subtle differences between varying infestation levels, enhancing its ability
to identify small lesions and improving overall accuracy.

The SE attention mechanism adaptively adjusts channel weights, improving mAP
by 0.88%. In vineyard environments, severe leaf overlaps can cause the model to merge
multiple leaves into a single entity, obscuring lesion boundaries or misclassifying healthy
leaf edges as damaged. The SE module enhances the representation of target leaves while
suppressing irrelevant background interference, thereby improving the model’s ability to
distinguish individual leaves.

Integrating FasterNet with SE results in a 1.5% improvement in mAP, with SE com-
pensating for FasterNet’s limitations in feature representation and maintaining high de-
tection accuracy in complex backgrounds. Additionally, combining CARAFE with SE
enhances mAP by 2.3%, significantly improving the detection of small lesions in intri-
cate backgrounds. The fusion of CARAFE with FasterNet achieves a mAP of 88.72% (a
2.5% improvement over YOLOv8n) with 7.30 G and 2.66 million parameters, balancing
computational efficiency with detection accuracy, especially for small lesions in complex
environments.

Finally, integrating FasterNet, CARAFE, and SE leads to only a slight increase in com-
putational complexity while boosting mAP by 2.9%. This configuration delivers the highest
detection performance across all test scenarios while retaining the model’s lightweight
nature. Therefore, CSF-YOLO efficiently and accurately classifies grape leafhopper damage
in complex vineyard environments, effectively balancing computational efficiency and
detection accuracy.

3.2.2. The Comparison Experiments of CSF-YOLO Other with State-of-the-Art Object
Detection Models

To evaluate the performance of CSF-YOLO in pest and disease detection, we conducted
comparative experiments using a range of mainstream object detection models, including
SSD [12], Faster R-CNN [10], YOLOv5, YOLOv7 [15], YOLOv8n [16], YOLOv9 [17], and
YOLOv10. These models span traditional detection methods from state-of-the-art deep
learning approaches and have demonstrated robust performance in pest and disease
detection tasks. To ensure a fair and meaningful comparison, all models were trained and
evaluated under consistent training environments, identical parameter settings, and with
uniform input resolution (640 × 640).

The experimental results in Table 4 demonstrate that CSF-YOLO outperforms other
models in several key metrics. Specifically, CSF-YOLO achieves a mAP of 90.15%, which is
an improvement of 24.66% over SSD (65.49%), 11.01% over Faster R-CNN (79.14%), 4.68%
over YOLOv5 (85.47%), 5.62% over YOLOv7 (84.53%), 1.82% over YOLOv8n (88.33%),
2.19% over YOLOv9 (87.96%), and 2.06% over YOLOv10 (88.09%). As highlighted in rows
5 and 7 of Table 4, these improvements indicate that CSF-YOLO exhibits superior overall
recognition accuracy in detecting grape leafhopper damage. Additionally, its recall rate
(83.99%) and precision (85.95%) surpass those of all the comparative models, as shown in
rows 2, 4, and 6 of Table 4, further validating the model’s robustness in complex vineyard
scenarios.

In terms of computational efficiency, CSF-YOLO also demonstrates significant advan-
tages. The model’s FLOPs are only 7.0 G, which is a reduction of 13.58% compared to
YOLOv8n (8.1 G), as seen in row 5 of Table 4. Furthermore, the number of parameters
(2.59 M) is 13.95% lower than YOLOv8n (3.01 M). This optimization enables CSF-YOLO to
maintain high performance while substantially reducing computational resource require-
ments, making it well-suited for deployment on resource-constrained mobile devices. In
contrast, traditional models such as SSD (FLOPs = 122.4 G, Params = 4.35 M) and Faster
R-CNN (FLOPs = 148.3 G, Params = 41.02 M) suffer from excessive computational com-
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plexity, which makes them unsuitable for real-time monitoring applications. Additionally,
YOLOv5 (15.5 G) and YOLOv7 (74.8 G) still exhibit significantly higher computational
costs compared to CSF-YOLO. Although YOLOv8n achieves competitive mAP perfor-
mance, its FLOPs (8.1 G) and parameters (3.01 M) remain inadequate for extreme efficiency
requirements.

Table 4. Detection effect comparison of different models on the test set.

Model P/% R/% mAP/% FLOPs/GB Params/M

SSD [12] 69.17 61.21 65.49 122.40 4.35
Faster R-CNN [10] 78.53 75.67 79.14 148.30 41.02

YOLOv5 83.16 81.35 85.47 15.50 3.43
YOLOv7 [15] 83.48 81.24 84.53 74.80 5.36

YOLOv8n [16] 84.35 83.56 88.33 8.10 3.01
YOLOv9 [17] 84.82 83.05 87.96 10.70 2.62

YOLOv10 84.04 82.93 88.09 8.70 2.70
CSF-YOLO 85.95 83.99 90.15 7.00 2.59

In conclusion, the CSF-YOLO model not only excels in detecting grape leafhopper
damage levels but also offers a lightweight solution that enables deployment on mobile
devices, thereby providing a practical approach for real-time grape field monitoring.

To evaluate the performance of the CSF-YOLO model, we used a 5-fold cross-
validation method to avoid the accidental nature of the model results. Table 5 shows
the experimental results. The average mAP value of the model is 89.90 ± 0.32, which is
significantly better than YOLOv8n (87.78% ± 0.49). In addition, the paired t-test results of
CSF-YOLO and the baseline model (t = 8.15, p = 0.0012 < 0.005) show that the performance
improvement is statistically significant. These results demonstrate the effectiveness of the
CSF-YOLO model in identifying and classifying grape leafhopper damage.

Table 5. The 5-fold cross-validation results table.

Model
mAP/%

Mean Standard
DeviationFold1 Fold2 Fold3 Fold4 Fold5

YOLOv8n 88.56 87.47 88.03 87.13 87.72 87.78 0.49
CSF-YOLO 89.65 90.16 89.94 89.45 90.31 89.90 0.32

3.2.3. Performance Comparison of CSF-YOLO and YOLOv8n

To evaluate the performance of the CSF-YOLOv8 model, we randomly selected images
from the test set exhibiting varying degrees of damage and complex backgrounds and
conducted comparative detection experiments with YOLOv8n. Figure 9 presents the
detection results.

In Figure 9a, YOLOv8n failed to detect the leaf on the left side (ground truth: unin-
fested leaf) and erroneously detected the lesions in the center as Grade II (ground truth:
Grade I). In Figure 9b, the CSF-YOLO model successfully detected the uninfected leaf at
the top of the image, whereas YOLOv8n not only missed the leaf but also misidentified
the part of the leaf in the upper as Grade III. In Figure 9c, the CSF-YOLO model accurately
detected Grade II lesions with a higher confidence score, while YOLOv8n misidentified
them as Grade I (ground truth: Grade II) with a lower confidence score.
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Overall, the CSF-YOLO model effectively enhances the detection capability for varying
levels of grape leafhopper damage, significantly reducing missing and false detections.

3.3. Deployment of CSF-YOLO on Mobile

To facilitate the application of the improved model in agricultural production, this
study developed a grape leafhopper pest identification and control system based on a
WeChat mini-program. The system allows users to upload images of grape leaves images
and perform real-time inference and prediction using the program’s recognition function.
The system’s test page and results, which are shown in Figure 10, demonstrate its effective-
ness in field environments. Experimental results indicate that the system accurately assesses
the severity of grape leafhopper damage, meeting practical production requirements and
showing strong potential for real-world application.
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4. Discussion
Deep learning has emerged as a crucial tool in agricultural pest detection; however,

its effectiveness heavily depends on the availability of high-quality datasets and the de-
velopment of efficient detection models. This study introduces dual innovations in both
data and methodology: the creation of the first specialized image dataset focusing on
grape leafhopper (Erythroneura spp.) damage and the development of a five-level damage
severity classification based on the proportional area of leaf lesions. Specifically, the dataset
includes 7938 leaf images from Cabernet Sauvignon grapes, representing various seasons,
weather conditions, and growth stages, with data augmentation techniques applied to
simulate complex field environmental factors. Additionally, the damage severity classifica-
tion, developed through long-term field observations, quantified leafhoppers’ damage into
Levels I–V, overcoming the limitations of traditional binary detection approaches that only
classify the “presence or absence” of pests. This innovation not only enhances the practical
applicability of the model but also supports precision pesticide application and damage
assessment.

In terms of model design, CSF-YOLO strikes a balance between high accuracy and
low computational costs by integrating the lightweight FasterNet backbone, the CARAFE
upsampling module, and the SE attention mechanism. Experimental results demonstrate
that the model achieves a mAP of 90.15% on our custom dataset, surpassing YOLOv8n by
1.82% while reducing FLOPs by 13.58%. The successful deployment of the model of mobile
devices further confirms its potential for real-world applications.

Despite these promising results, several limitations remain. First, the current dataset
includes leaf images from only a single grape variety (Cabernet Sauvignon) in the Ningxia
region, and the study addresses only one pest type—leafhoppers. Future research could
expand the dataset to encompass multiple grape varieties and regions, consider environ-
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mental factors such as lighting, and incorporate other common grape pests to improve the
model’s generalizability. Second, the model’s ability to detect severely deformed targets
(e.g., folded leaves), other species of pest and disease damage, and densely overlapping
objects requires further refinement. Finally, although CSF-YOLO has been preliminarily de-
ployed on mobile devices, further optimization of its performance is required. A promising
direction for future research involves integrating CSF-YOLO with sensor networks and un-
manned aerial vehicle (UAV) technology. By combining real-time environmental data from
sensor networks (e.g., temperature, humidity, and soil moisture) with UAV-based imaging,
the model’s ability to monitor vineyard conditions comprehensively can be significantly
enhanced. Moreover, coupling CSF-YOLO with a decision support system (DSS) would
enable automated pesticide application recommendations. Based on the severity of pest
damage, the DSS would adjust pesticide dosages accordingly, optimizing resource use and
minimizing the over-application of chemicals. These advancements would facilitate the
practical deployment of the model in large-scale vineyards, enhancing pest and disease
management while promoting sustainable viticulture practices.

5. Conclusions
To enable the rapid and accurate detection of grape leafhopper damage levels in com-

plex environments, this study constructs a comprehensive grape leafhopper damage dataset
and proposes an improved detection model, CSF-YOLO, built upon this dataset. First,
the model replaces the CSPDarkNet53 backbone in YOLOv8n with the lighter FasterNet
network to reduce model complexity. Second, the CARAFE upsampling module is adopted
in place of the traditional nearest-neighbor upsampling method, effectively addressing
the issue of small target detection. Finally, the SE attention mechanism is incorporated
before each detection head to enhance feature extraction, thereby improving the model’s
performance in challenging vineyard environments. Experimental results demonstrate that
CSF-YOLO achieves P, R, and mAP values of 85.95%, 83.99%, and 90.15%, respectively,
surpassing the baseline YOLOv8n model by 1.60%, 0.93%, and 1.82%. The model signif-
icantly improves feature extraction, reducing both missed detections and false positives.
Furthermore, CSF-YOLO’s parameters and FLOPs are 2.59 M and 7.0 G, respectively, rep-
resenting a reduction in parameter count and computational complexity by 13.95% and
13.58% compared to the YOLOv8n baseline. Notably, CSF-YOLO enables real-time access
to detection results on mobile devices, highlighting its practical potential for vineyard
pest monitoring. In conclusion, CSF-YOLO provides substantial technical support for
the automation and intelligence of grape leafhopper damage monitoring, advancing the
application of smart agricultural technologies in grapevine cultivation.
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