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Abstract. To solve the problem that the detection effect of crop pests and diseases
is not ideal due to the complicated image background and the interference of irrel-
evant factors, this paper proposes a novel crop pests and diseases detection based
on fuzzy neural network and multilevel feature fusion in remote sensing images.
Firstly, the model is based on YOLOVS and extracts the semantic level informa-
tion of different depth features from the convolutional neural network, and then
combines the weight aggregation module to learn the weight of each layer feature
adaptively. Then the learned weights are loaded to the segmentation graphs obtained
by sampling on each feature layer to obtain the final segmentation results. In this
model, a fuzzy learning module is added to the skip connection part to remove noise
features and alleviate the uncertainty between classes. The traditional cross entropy
loss involves activating the output value with the Softmax function and calculat-
ing a weighted cross entropy loss with the label. If the weight of the cross entropy
loss term is not adjusted, the model will tend to update the weight related to the
background, which makes it difficult to deal with the category imbalance in remote
sensing images. Therefore, we use focus loss to alleviate the problem of class im-
balance in images. The results on public data sets show that the accuracy rate of
the proposed model in this paper is over 95%, the recall rate is over 85%, and the
average accuracy is 91.2%. In terms of F1, compared with other advanced methods,
the presented method has achieved improvements of 6.6%, 8.5%, and 7.7% respec-
tively. It shows that the new model has strong robustness and generalization for crop
pest detection.

Keywords: Remote sensing images, fuzzy neural network, crop pests and diseases
detection, multilevel feature fusion, focus loss.

1. Introduction

Globally, the world is home to more than eight billion people, and safeguarding food se-
curity is fundamental to every nations economic stability, public well-being and social
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cohesion. Transboundary pests and diseases rank among the most destructive threats to
agriculture: they occur in countless forms, spread rapidly across regions and climates,
inflict severe yield losses and can erupt into large-scale outbreaks. Left unchecked, they
endanger global food supplies, rural livelihoods and the achievement of the Sustainable
Development Goals [1-3]. Over 70% of the world’s food crops are distributed in vast,
uniform rain-fed plains or irrigated areas (such as the black soil belt in Northeast China,
the middle and lower reaches of the Yangtze River Plain, and the corn belt in the United
States). These areas have highly consistent ecological backgrounds, and remote sensing
pixel-scale (meters to sub-meters) can cover hundreds or thousands of farmlands, making
”spatial extrapolation” possible. Within the same ecological zone, the occurrence patterns
of pests and diseases are driven by climate, soil, and cultivation systems, and are highly
replicable. Therefore, as long as a remote sensing-ground verification framework is es-
tablished in representative ecological areas, it can provide decision support for the entire
ecological zone by using the representative areas to represent the entire zone, greatly re-
ducing the cost of ground surveys.

Diseases and pests such as rice stem borer, fall armyworm, wheat stripe rust, and
potato late blight, which are considered high-risk, can cause a yield loss of >30% within
5 to 7 days if they break out. The average coverage per person per day through tradi-
tional manual field surveys is only 1 — 2km?2. In contrast, satellites or drones can obtain
images covering hundreds to thousands of £m? in a single pass, with time resolution
reaching “daily” or even "hourly”. In scenarios where the epidemic spreads rapidly and
the affected area is large, only remote sensing methods can meet the time requirements of
“early detection, early warning, and early response”.

In recent years, the increasing global climate change has led to an increasing trend in
the distribution range and harm degree of crop pests and diseases. According to statistics,
in 2020, the global yield losses of wheat, rice and corn caused by pests and diseases
reached 22.6%, 31.1% and 23.7%, respectively. The global food production loss caused
by pests and diseases accounts for about 14% of the global total food production, among
which, the food production loss caused by pests accounts for about 10% of the global total
food production. Diseases and insect pests occur in different stages of crop growth and
development, and the diseases and insect pests occur in different stages of crop growth.
Therefore, diseases and pests should be closely monitored at different growth stages of
crops and actively controlled to avoid major losses [4-6].

Precise prevention and control of diseases and pests is an effective measure to reduce
losses caused by diseases and pests, improve crop yield and agricultural product quality,
reduce pesticide pollution and waste, ensure the safety of agricultural products, protect the
ecological environment and increase farmers’ income. Accurate monitoring of pests and
diseases is the premise and basis of accurate prevention and control of pests and diseases.
At present, the control of crop pests and diseases in our country is mainly based on the
judgment result of whether the pests and diseases occur and the degree of harm. Manual
monitoring method is time-consuming, time-poor and subjective [7-9], which is easy to
cause problems such as leakage prevention of diseases and pests and low prevention and
control efficiency. Moreover, this pest control method generally ignores the difference
in the degree of damage caused by diseases and pests in different regions, and adopts
a uniform spraying method, resulting in resource waste, pesticide residues, agricultural
product damage and environmental pollution.
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The development of modern agriculture and the demand for precision medicine ap-
plications have put forward new requirements for pest monitoring. Crop diseases and
pests mainly act on the metabolic system of crops, causing damage to the physiological
function and structure of the internal system of crops. External manifestations are wilted,
speckled, mildew powder and other obvious characteristics. Internal manifestations are
changes in biophysical and chemical characteristics, such as the concentration or content
of pigments such as chlorophyll and carotene, as well as a decrease in nutrient composi-
tion. These changes will lead to changes in the spectral characteristics of crops. Therefore,
the biophysical properties and spectral characteristics of crops can be monitored through
machine vision, hyperspectral technology and remote sensing technology, which is the
research hotspot of crop pest monitoring [10,11].

With the rise of computer vision technology and artificial intelligence, image pro-
cessing technology has been vigorously developed, because of low cost, easy to imple-
mentation, these technologies are widely used in agricultural pest detection. Traditional
agricultural image processing mainly adopts machine learning algorithms such as support
vector machine [12,13] and K-nearest neighbor [14], but the traditional machine learning
technology needs to rely on manual feature selection and extraction, which has weak gen-
eralization ability and great environmental restrictions, and is not suitable for application
in the actual orchard environment. Deep learning is a specific field of machine learn-
ing. Compared with machine learning, deep learning can automatically extract feature
information, reduce the burden of feature extraction engineering and manual extraction
prone to errors, suitable for processing large-scale data sets, and provide better prediction
and generalization capabilities. Common target detection models in deep learning include
Faster RCNN [15], SSD [16], YOLO series [17,18], etc., which have been widely applied
to agricultural pest detection research. Li et al. [19] proposed a new Faster R-CNN archi-
tecture to detect seven different strawberry diseases and achieved good detection accuracy.
Cheng et al. [20] constructed a lightweight convolutional neural network MEAN-SSD to
reduce the size of the model, and successfully detected five apple leaf diseases on mobile
devices. Faisal et al. [21] identified the diseases of citrus fruits by combining YOLOv4
and EfficientNet models. Ma et al. [22] detected cucumber diseases based on YOLOv5n,
and introduced coordination attention mechanism and a Transformer structure to improve
the detection accuracy and robustness of the model. Zhu et al. [23] used the improved
YOLOVvS5s to achieve rapid detection of apple fruit diseases. Majeed et al. [24] realized the
classification of monocotyledonous plants and dicotyledonous plants by identifying and
detecting the morphological characteristics of leaves through image digitalization, and
the accuracy rate reached 60%-80%. Fan et al. [25] studied a weed recognition method
based on color features, which was not easily affected by factors such as shooting dis-
tance and occlusion. The test results showed that the recognition rate of wheat and weed
by this method reached 54.9% and 62.2% respectively. Zhang et al. [26] proposed an im-
proved single-step multi-frame detector model based on lightweight convolutional neural
networks combined with feature information fusion mechanism. The VGG16 network in
SSD model was replaced by a lightweight pre-basic network to improve the speed of im-
age feature extraction. The deep semantic information and shallow semantic information
were integrated to improve the detection accuracy of small crops and weeds. The final
results showed that the average accuracy was 88.27%, and the detection speed and pa-
rameter number had been greatly improved. Yang et al. [27] proposed a maize leaf pest
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detection model for YOLOv3-Corn. This model used Darkknet-53 as the feature extrac-
tion network, and used the clustering algorithm to select prior boxes and match them to the
detection layer for target identification. The accuracy and recall rate of model detection
were 93.31% and 93.08%, respectively. Guan et al. [28] studied the detection problem of
corn seedlings, improved the Cascade R-CNN model, used residual network and feature
pyramid as feature extractors, and made the average accuracy of corn seedling detection
reach 91.76%.

At present, most studies on crop pests and diseases tend to focus on classification
tasks [29] with few object categories, and the data sets used are taken in a laboratory
environment based on a simple background. Due to the similar characteristics among crop
pests and diseases, complex natural environment, and occlusions of branches and leaves,
the existing models are prone to problems such as missed detection and false detection,
and can not meet the requirements of multi-species and multi-target pest detection in
a natural environment. To solve the above problems, this paper proposes a novel crop
pests and diseases detection based on fuzzy neural network and multilevel feature fusion
in remote sensing images, aiming to assist crop farmers in detecting diseases and pests,
and provide an algorithm basis for intelligent products such as orchard drug application
robots. The main contributions are as follows.

1. We introduce the CXV2 backbone block that replaces C3 in YOLOVSs, boosting
feature diversity under complex field background.

2. We design a lightweight Fuzzy Learning Module (FLM) inserted in skip-connections
to suppress mixed-pixel uncertainty at object boundaries.

3. We equip the neck and head with CARAFE up-sampling and DyHead, achieving
accurate multi-scale pest localization in 0.5-2m resolution UAV images.

4. The resulting FNNMFF detector, trained with EIOU loss and SimAM attention, im-
proves mAP by 1.9% and F1 by 6.6% while using only 1.29M parameters, enabling
real-time mobile deployment.

2. Related Works

The traditional management mode of crops during planting mainly relies on manual ob-
servation of pests and diseases, which has some problems, such as strong subjectivity and
heavy workload. With the continuous development of artificial intelligence and big data
technology, the use of machine vision technology based on deep learning to extract im-
age shape, color, texture and other feature information can effectively solve the problem
of low accuracy and low efficiency of disease and insect detection during crop planting,
which is also an important research direction of intelligent crop planting management
[30]. At present, many scholars have carried out a lot of research on the application of
deep learning and machine vision technology to crop management.

In order to realize accurate monitoring of crop pests and diseases, it is necessary to
select an appropriate algorithm structure and build a relationship model between the se-
lected spectral characteristics and the types of pests and diseases and the degree of harm.
At present, classical statistical models, computer image processing methods, machine
learning methods and deep learning algorithms are widely used in remote sensing moni-
toring and forecasting of crop pests and diseases.
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2.1. Classical Data Statistical

Classical statistical analysis methods mainly include regression models, principal compo-
nent analysis, cluster analysis, discriminant analysis and other methods [31-33]. Due to its
advantages of simple form and clear mechanism, it is widely used in the monitoring and
research of crop pests and diseases. Santos et al. [34] analyzed the spectrum of correlation
coefficients by analyzing regression from partial least squares (PLS), and determined the
effective wavelength by a stepwise multiple linear regression (SMLR) procedure. These
analytical methods revealed several important regional wavelengths and produced predic-
tive models of disease severity based on absorption spectra. The optimal model was used
to predict disease severity in the validated dataset, with the root-mean-square difference
(RMSD) of 4.9% and the coefficient of determination R2 of 0.82. Deng et al. [35] ana-
lyzed the hyperspectral data of wheat canopy stripe rust at different growth stages, and
used statistical methods such as t-test and correlation analysis to screen the characteristic
bands. A set of feature band screening methods for disease diagnosis was established. The
four wavelengths suitable for early detection of stripe rust were 576nm, 705nm, 712nm,
1416nm and the five wavelengths suitable for intermediate detection were 558nm, 632nm,
375nm, 696nm, 712nm. Lin et al. [36] obtained canopy spectra and disease indices of in-
fected winter wheat at different growth stages, and extracted the first five principal com-
ponents using principal component analysis within the range of 350nm 1350nm. And
the first three principal components of the first order differential spectrum in the blue
(490nm 530nm), yellow (550nm 582nm) and red (630nm 673nm) bands were used to
construct the disease inversion model for detecting winter wheat stripe rust. Chattopad-
hyay et al. [37] used ASD spectrometer to measure two kinds of hyperspectral data of
wheat leaf stripe rust and mildew. Through correlation analysis and independent t-test,
the spectral characteristic bands with obvious difference in sensitivity of the two dis-
eases were selected, and the disease discrimination model and disease severity inversion
model were constructed. Kolipaka et al. [38] selected wheat 25 planting yield index and
DI to conduct linear, stepwise regression and BPNN modeling, and screened the opti-
mal wheat leaf rust monitoring model at different growth stages. When studying cotton
canopy leaves, Li et al. [39] found that the multivariate stepwise regression model estab-
lished based on the first derivative spectrum of cotton leaves could effectively estimate
the chlorophyll content of cotton leaves.

2.2. Computer Image Processing Methods

With the rapid development of science and technology, image processing technology has
been widely used in the identification and diagnosis of crop pests and diseases. After
crops are infected by pathogenic bacteria, a series of metabolic changes will occur, result-
ing in changes in the external characteristics of crop leaves such as color, shape, texture
and spectrum. Different diseases have different plaque characteristics caused by different
pathogens. Therefore, it is possible to determine whether crops are infected with diseases
through the image information of crop leaves [40].

The research on pest recognition and diagnosis based on traditional image processing
technology mainly includes four parts: image preprocessing, image feature extraction,
image feature reduction and pest pattern recognition model construction. Tran et al. [41]
used the method of spectral band combination to study the changes between the red,
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green and blue spectral channels of wheat plants and determine the area of wheat diseased
leaves, thus realizing the distinction between healthy plants and diseased plants. Kumar
et al. [42] classified wheat leaf rust based on infrared thermal imaging edge detection
algorithm. Mumtaz et al. [43] proposed an improved threshold median filtering algorithm,
which could effectively remove noise and retain image details.

In the aspect of image feature extraction, edge detection is an important research
method in computer vision, and it is also a key technology for analyzing crop images.
Edge detection is not only an important method of digital image processing, but also a
key technology of crop image analysis. Maraveas et al. [44] introduced the ant colony
algorithm into the thermal image processing of maize drought, and proposed to apply
edge detection to infrared thermal image analysis. The purpose of feature selection was
to select more favorable features for pest identification. Principal component analysis was
widely used as a common linear dimension reduction method. Masood et al. [45] pro-
posed a method for color image recognition of maize leaf pests and diseases by using a
manifold learning algorithm in RGB color space. Siddiqa et al. [46] proposed a nonlinear
dimensionality reduction method for multispectral images, aiming at the problem of high
data dimension of multispectral images resulting in high data processing complexity in
image color reproduction. After the feature selection of plant pests and diseases, support
vector machine and artificial neural network are generally used to complete the classi-
fication of plant pests and diseases. Chodey et al. [47] proposed a pest control method
based on image gray frequency and artificial neural network. Gupta et al. [48] discussed
a rice canopy image segmentation algorithm based on the combination of support vector
machine and maximum inter-class variance method to solve the difficult problem of rice
canopy image segmentation caused by variable light intensity in the field.

Traditional image processing has poor migration ability among plant pests and dis-
eases, and the performance of lesion segmentation and pest recognition is not ideal. The
emergence of convolutional neural networks effectively improves the migration ability of
plant pests and diseases, and its end-to-end feature extraction capability provides techni-
cal support for real-time and accurate diagnosis of plant leaf diseases and pests. Chen et al.
[49] proposed a low-resolution rice pest recognition network based on SCResNet (Self-
calibrated convolutions and ResNet block for ResNet50) in order to solve the problem of
low quality pest images captured in the natural environment of rice fields. By pruning the
low-resolution image, constructing and training the ESRGAN network to generate Super-
resolution (SR) image equivalent to the original image, the accuracy of rice pest identi-
fication was further improved. Khanna et al. [50] used convolutional neural network and
computer vision technology to realize image recognition of a total of 12 leaf diseases of
three crops (soybean, corn and ginseng), and improved the existing convolutional neural
network model to significantly improve the model recognition rate. Under the framework
of deep learning Keras, Guerrero-Ibanez et al. [51] trained the deep convolutional neural
network with the normalized data of three rice diseases and established three rice disease
recognition models. Imanulloh et al. [52] proposed a convolutional neural network image
recognition model of maize pests and diseases based on transfer learning in order to re-
alize image recognition of maize pests and diseases under complex field background. Du
Al-Timemy et al. [53] combined the deep feature fusion algorithm with the convolutional
neural network to remove the redundant features of the feature image on the premise of
better retention of relevant information, and realized the rapid detection of tomato leaves.
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Sahasranamam et al. [54] proposed a rice pest and disease identification method based on
the Internet of Things and deep convolutional neural network, aiming at the problem that
the rice pest and disease identification method based on image segmentation and convo-
lutional neural network was sensitive to light and background.

At present, the application of computer image processing technology is very wide.
In the process of agricultural production, image processing technology can be used for
real-time monitoring of crop pests and diseases. Compared with manual monitoring, im-
age processing technology can obtain pest information accurately and quickly, making
diagnosis more accurate and effective. In the future, the combination of image processing
technology and computer technology will make the monitoring of agricultural crop pests
and diseases develop in the direction of automation and intelligence, which will inevitably
improve the efficiency of agricultural production.

2.3. Machine Learning Methods

In recent years, machine learning methods have been gradually applied in the fields of
canopy height (CH) and vegetation coverage (VFC) of crop diseases monitored by remote
sensing and pest stress. The main components of machine learning methods and satellite-
based spectra calculated by Sentinel-2A/B data are classical machine learning methods
and deep learning methods. A classical learning machine uses machine learning mod-
els, including partial least squares regression (PLSR), support vector regression (SVR),
random forest regression (RFR), and extreme learning regression (ELR), to evaluate the
potential of drone data to replace manually sampled data and predict field disease indices
(DI). The results show that the performance of SVR method is slightly better than other
methods, mainly including support vector machine, decision tree and K-nearest neighbor
algorithm, etc. The required training sample data is small, the equipment performance
requirements are lower, and the model is easier to understand. Zou et al. [55] obtained
the root mean square error (RMSE) of 1.89% by analyzing the UAV. In addition, the
combination of canopy structure (CS) and vegetation index (VIs) improved the prediction
accuracy compared with a single type feature (RMSEs 2.86% and RMSEVIs 1.93%). In
order to distinguish wheat powdery mildew from aphids on a regional scale, Zhang et al.
[56] adopted BPNN and support vector machine (SVM) methods based on the original
training data set to conduct preliminary tests on crop growth and environmental param-
eters. The results showed that the overall accuracy of the two-time growth index model,
SMOTE-BPNN model, BPNN model and SVM model was above 80% in combination
with the growth and environmental parameters of different crop periods. The combination
of SMOTE and a BP neural network could effectively improve the identification accuracy
of small individual diseases and pests.

Deep learning is an emerging branch of machine learning that enables automated fea-
ture learning and pattern recognition by building deep neural network models. The main
feature of deep learning is that it has a multi-layer network structure that can learn an
abstract hierarchical representation of the data to extract more advanced and abstract fea-
tures. In some complex scenarios, deep learning methods have shown powerful capabili-
ties in monitoring crop pests and diseases. Irmak et al. [57] used AlexNet and GoogleNet
to train 14828 images of tomato leaves infected with diseases, understand the symptoms
of the leaves and locate the disease area through visualization, and realized the classifica-
tion of tomato leaf images containing nine diseases. Roy et al. [58] used hyperspectral and
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UAV remote sensing technologies to monitor cotton root rot, and the results showed that
both could accurately identify the susceptible area under unsupervised classification. Sun
et al. [59] used UAV remote sensing technology to monitor potato late blight and used five
classification methods to classify disease areas, and the results showed that linear support
vector machine and random forest algorithm had the best classification effect. Nayak et al.
[60] proposed a transfer learning method to improve the problem of insufficient sample
quantity of the rice lesion image set. The algorithm was based on pre-trained DDC deep
transfer learning, and the rice image set is transferred to a pre-trained convolutional neu-
ral network model on a large dataset for retraining. Aiming at the problem that different
training samples differ greatly, the DDC algorithm is proposed for optimization, and the
final training results are compared with those directly trained on the training set, which
verifies the effectiveness of the proposed algorithm and proves that the algorithm has
stronger representation ability. Nguyen et al. [61] collected the data information of wheat
powdery mildew, stripe rust, aphids, total erosion and other diseases, and used pattern
recognition and machine learning algorithms to distinguish, estimate and predict various
disease types.

Kumar et al. [62] proposed a recognition model based on a convolutional neural net-
work, which combined batch normalization and global pooling techniques and was able
to effectively identify 26 diseases of 14 different plants. The model was less affected by
changes in leaf spatial position and had high recognition accuracy and robustness. Zhang
et al. [63] made a comparative analysis of discrimination algorithms such as Extreme
learning machine (ELM), RBF neural network, random forest, support vector machine
and K-nearest neighbor (KNN) to identify the healthy and diseased areas of rape leaf
disease parts.

In summary, deep learning has many advantages over traditional machine learning,
including a high degree of automation, fast computing speed, and the ability to learn
features autonomously. Through deep learning, tasks and features can be jointly modeled
to extract more accurate information. However, in more complex scenarios, there may be
a low recognition rate.

3. Proposed Pest and Disease Detection Model

Among the YOLO series models, YOLOVS has the advantages of high detection accuracy,
fast speed, small model and easy deployment, and it is often used in various environ-
mental target detection scenarios. According to the model size, YOLOVS is divided into
five versions. Through comparative experiment analysis on self-built data sets, YOLOvS5s
is selected as the baseline model in this study. The YOLOv5s model is mainly divided
into four parts: input layer, backbone network, neck network and detection head. The in-
put layer premanipulates the detected image and passes the image into the model. The
backbone network is used to extract the features in the input image, and the CSPDark-
net53 architecture is used to effectively improve the efficiency of feature transmission.
The neck network is the feature fusion layer. Feature pyramid network (FPN) [64] and
path aggregation network (PAN) [65] are used to fuse feature maps of different scales to
improve the detection ability of different feature layers. The detection head is used to map
the extracted features and output the location, category and confidence information of the
predicted target.
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In order to improve the detection performance of crop pests and diseases in a natural
complex environment, a new crop detection model FNNMFF is proposed in this study. A
CXV2 module is designed to replace the C3 module in the original model, and the dy-
namic detection head (DYHEAD) is used to replace the original detection head, and the
upsampling mode in the neck network is replaced by the CARAFE upsampling operator.
The detection accuracy of crop pests and diseases is improved on the basis of not signifi-
cantly increasing the calculation amount of the model. The network structure of FNNMFF
is shown in Figure 1.
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Fig. 1. Proposed FNNMFF model. Given a UAV or satellite remote-sensing image, the
backbone first extracts multi-level features via the improved CXV2 blocks; the neck then
fuses them through CARAFE up-sampling and PAN/FPN, while the embedded Fuzzy
Learning Module (FLM) suppresses uncertain edges; finally, the Dynamic Head (DY-
HEAD) outputs pest-disease bounding boxes

3.1. CXV2 Module

In order to improve the feature extraction ability of the model, obtain channel features
with more resolution, and enhance the generalization ability of the model, the
ConvNeXxtV2 model is introduced in this study, and a CXV2 module is designed to
replace the C3 module in YOLOvSs. ConvNeXxtV2 adopts the full convolutional mask
autoencoder (FCMAE) mechanism, which combines the mask autoencoder MAE mecha-
nism with self-supervised learning technology to improve the training speed and accuracy
of the model. The structure of the ConvNeXtV2 module is shown in Figure 2. The global
response normalization (GRN) layer is added to the original architecture of ConvNeXxt,
which can solve the feature crash problem in the training process. The combination of
deep convolution operation to enhance the feature competition between channels, im-
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prove channel contrast and selectivity, is conducive to improving the diversity of extracted
features in complex background images.
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Fig. 2. ConvNeXxtV2 module structure

The CXV2 module uses a residual-like structure. Input features are first extracted
through a 1 x 1 standard convolution block CBS to reduce the number of channels, and
then transmitted to two different branches. One of the branch features is passed into the
ConvNeXxtV2 module, which enhances feature extraction through module processing.
The features of the other branch remain unchanged. Finally, all branches are spliced, and
the number of channels is recovered by 1 x 1 standard convolution block operation to
output features that enhance diversity and improve the feature expression ability of the
model.

3.2. Dynamic Detection Head (DYHEAD)

Different diseases and pests have similar pathological characteristics, and in the natural
environment, they are easily confused with the background. The scale and different spa-
tial locations of the diseased leaves also bring challenges to feature extraction and target
detection. To solve the above problems, a dynamic head is added in this study, and the
frame of the dynamic head is shown in Figure 3. The features of the original feature pyra-
mid network are scaled back and reshaped into a three-dimensional tensor F' € RL*S*C
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with the same scale, and different attention mechanisms are used in each independent di-
mension. Here L is the feature hierarch; S is the product of width and height; C' indicates
the number of channels.
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Fig. 3. Dynamic detection head

In order to avoid the high computation caused by the fully connected layer, the dy-
namic detection head adopts the mode of 3 sequential attention, and its self-attention
equation is shown in formula (1), each attention module corresponds to only one dimen-
sion.

W(F) = nc(rs(rp(F) - F)-F)-F. ¢))

Where 7y, is the scale perception attention function, increasing the perception ability
of different scale features. 7g is the spatial perception attention function, which enhances
the spatial position perception ability of the model. 7¢ is a task perception attention func-
tion to enhance the perception of different task objectives.

3.3. Carafe Upsampling Module

In the YOLOVSs model, feature pyramid is an important part of neck feature extraction
and fusion. The model needs to match and fuse deep semantic information with shal-
low semantic information by upsampling. The original YOLOvSs model uses the nearest
neighbor upsampling method, which only determines the upsampling kernel based on the
spatial position of pixels, resulting in a small perceptual domain and is unable to make
full use of the semantic information of feature maps. In this study, the upsampling module
of CARAFE is used to replace the upsampling operator of the original model.

In the kernel prediction module, 1 x 1 convolution kernel is first used to compress the
number of channels, and the original number of channel C is reduced to C,,, which re-
duces the subsequent calculation and improves the efficiency. After that, the pixelshuffle
is used to reassemble the height, width and channel number of the feature map. The con-
volution layer of Kencoder X Kencoder 15 Used to predict the upper sample kernel for the
feature map after the compressed channel number, and the shape of the predicted upper
sample kernel is c H x oW X K;fp.
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3.4. Fuzzy Learning Module (FLM)

In remote sensing images, small targets and boundary pixels are affected by mixed pixels
and noise, which leads to more uncertainty in segmentation results. Compared with the
traditional precise mathematical statistics method, fuzzy theory can deal with the uncer-
tainty problem more effectively. In this study, a new FLM is designed and proposed to
improve the segmentation accuracy of small targets and boundary regions. As part of a
network, FLM can be seen as a fuzzy layer described by multiple parameters in a Gaus-
sian membership function. The FLM structure is shown in Figure 4, where H x W x C'
represents the size of the input feature map, and H, W and C represent the height and
width of the feature map and the number of channels of the input feature map respectively.

Start
Data collectlo_n and —D{ Formulate fuzzy rules
preprocessing
v v
Determine the input Fuzzy reasoning and
and output variables defuzzification
G . A 4
aussian
membership function End

Fig. 4. FLM structure

In FLM, each Gaussian membership function assigns a fuzzy semantic tag to a feature
point, and the Gaussian membership function is expressed as:

2 2
ny +n1

Go(ni,ng) =e 22 . 2)

Where g and ¢ are constants. c is the channel. n; and ns are the difference between the
x and y coordinates of the current pixel and the center coordinates, respectively. and are
the coordinates of the selected center point in the image, i.e. n1 = x11, and no = Talo
determine the center point for all pixels in the selected area, i.e.,

1
legxg(xl'i‘"""xi)' 3)

, i
M2=g><20:(y1+"'+yi)~ @

Where ¢ is the number of pixels in the selected region.
The weight of each adjacent pixel in the channel is expressed as:
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Gg (Tll, Tlg)
2.2 G
Multiplying the pixel value for each position with the corresponding element in the
weight matrix, it sets the center point at the origin, and determines o. Finally, the values

of centroid and adjacent points are added to obtain the pixel values of centroid after fuzzy
learning. The correlation formula of fuzzy radius r is:

WY (ny,ne) = ®)

(zi5 — p1)* (yis — M2)2).

W;; = exp(— 552 (6)
Sum(W), /(wij — m1)? + (yij — p2)? <1,

= 7

f@) {wv V(@i — 1)+ (yi; — p2)? > @

Where w;; and w;; are elements in the initial weight matrix W and the final weight
matrix W, respectively. Sum(-) is the sum of the elements in w.

The process is repeated for all the points in the image, and the fuzzy semantic features
are extracted by using FLM to learn the inherent rules between the feature map and the
corresponding segmentation results.

3.5. Loss Function

The loss function plays an important role in model training. It can evaluate the distance
between the model prediction frame and the real frame. The closer the distance is, the
smaller the loss function value is. For different detection problems, selecting the appropri-
ate loss function can make the model converge faster, locate more accurately and achieve
better results during training.

Among the existing loss functions, intersection overunion (IOU) is chosen by most
target detection algorithms as a measure of the distance between the predicted box and
the real box. From a mathematical point of view, IOU is equal to the intersection ratio of
two rectangular boxes, that is, the ratio of the overlapping area of the target real box and
the model prediction box in the detection image to the area occupied by the two boxes as
a whole. The IOU loss function is calculated as follows:

|B N By
I = v 8
ov |BU B;| ®
BN B;
LIOUzl—IOUzl—l N Bil 9)

|BUB;|’

Where B is the area occupied by the target real frame. B; is the area occupied by the
model prediction box Loy € (0,1).

The larger the overlap area between the real box and the prediction box, the smaller
the Loy, and the more accurate the predicted object region. However, when the real box
and the prediction box do not overlap completely or do not overlap at all, the /OU cannot
reflect the coincidence degree and distance between the two, making the model unable
to train. The C'TOU loss function can then be used to estimate the distance between the



382 Shoulin Yin et al.

model prediction box and the real box. CIOU includes center point distance, aspect ratio,
and overlap area information between the two boxes to make the target border regression
more stable. The CIOU loss function is calculated as follows:

Lerov =1 — 10U + @ + av. (10)
a= m. (11)

v = %(arctan Z—Z — arctan %)2 (12)
10U = ﬁggﬁ. (13)

Where 1 is the height of the prediction frame; w is the width of the prediction box;
h9t is the height of the real box; w9t is the width of the true box; b is the center point
of the prediction frame; b9¢ is the center point of the target frame; p? is the Euclidean
distance between the center points of the two frames; ¢ contains the diagonal distance of
the minimum closure rectangular box of both boxes.

Although the CIOU loss function makes up for the shortcomings of the IOU loss
function, it still ignores the real difference between the size of the bounding box and its
confidence. To solve this problem, Zhang et al. [66] proposed efficient intersection over
union (EIOU). The penalty item of EIOU is to separate the influence factor of aspect ratio
to calculate the length and width of the target box and anchor box, which includes three
parts: IOU loss, center point distance loss and width, height loss, in which the width and
height loss directly minimizes the difference between the width and height of the target
box and anchor box. The EIOU-Loss formula is as follows.

P2 (b,09")  p?(w,w?)  p*(h,h9")

EIOU = IOU — - - : 14
oU = IOU 5 = ) (14)
Loy =1 — EIOU. (15)

Where ¢, is the height of the minimum external frame covering the prediction frame
and the real frame. c,, is the width of the minimum external frame covering the predicted
frame and the real frame.

In the frame regression loss, EIOU loss function solves the problems existing in other
loss functions and shows good performance. Therefore, this paper will use EIOU Loss
function to improve the model.

4. Experimental Results and Analysis

4.1. Experimental Environment

This experiment is based on a deep learning framework Pytorch model, model training
and testing are on 64-bit Windows 10 system. Experimental platform parameters are CPU
AMDRYZEN R7 6800H 3.20GHz, memory 16GB, GPU NCIDIA GE Force RTX 3060,
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and video memory 6GB, Python 3.8, Pytorch 1.10.1. In order to improve the speed of
network training, GPU is used for acceleration, and the software versions are CUDA 11.3
and CUDNN 8.2.1.

Input resolution is 640 x 640, augmentation is with Flip, Color jitter, Mosaic. Learning
rate=1e~2 (SGD + cosine). Batch size=16. Epochs=200. Optimizer adopts SGD (momen-
tum=0.937). Weight decay=5¢~*.

In this paper, PlantVillage dataset (https://www.kaggle.com/datasets/abdallahalidev/plantvillage-
dataset) is a widely-used benchmark for automated plant-disease recognition. Within its
tomato subset, 18160 leaf images capture ten distinct conditions: bacterial spot, early
blight, late blight, leaf mold, septoria leaf spot, spider-mite damage, two-spotted spider-
mite damage, target spot, tomato yellow leaf curl virus, and healthy foliage. Representa-
tive examples appear in Figure 5.

(a) Yellow Leaf Curl Virus (b) Spider Mite Damage

Fig. 5. Examples of different tomato plants

4.2. Evaluation Index

In the test of pest and disease detection model, precision (P), recall (R) and mean average
precision (mAP) are used as performance evaluation indicators in this study. The specific
calculation formula is as follows:

TP
P=—"—x1 . 1
7P+ Fp <100 (16)

TP
=———x1 . 1
R TP+FNX 00% a7

K
mAP:M_ (18)

K
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Where T'P is the correct sample quantity for detection; F'P is the number of samples
with error detection; F'N is the number of samples missed by detection; K is the number
of detection categories; AP is the area enclosed by the P-R curve; P is the proportion
of correctly detected samples in the number of all detected samples; R is the proportion
of correct samples in all samples detected; mAP is the average of AP values for all
categories.

4.3. Ablation Experiments

In order to verify the superiority of the proposed YOLOvS5s model in this study, the same
data set is used under the same experimental environment, and the YOLOvSs (Alpha
I0U) and YOLOVvS5s (SIOU) models with Alpha IOU, SIOU and EIOU loss functions are
compared. YOLOvS5s(CA), YOLOVS5s(SE) and YOLOvSs(CBAM) models with CA, SE
and CBAM attention mechanisms are compared.

(1) Comparison of YOLOVSs test results with different loss functions.

The loss function used by the original YOLOv5s model is CIOU. As can be seen from
Table 1, after the Alpha IOU, SIOU and EIOU loss functions are added to the model, al-
though R value has decreased compared with the original model, P value has significantly
increased, increasing by 3.5%, 3.4% and 6.9% respectively. In particular, the improve-
ment of EIOU loss function is most significant. Increased P indicates that the EIOU loss
function is more accurate in calculating the distance relationship between the predicted
frame and the real frame. Figure 6 presents the results intuitively, eliminating the redun-
dancy of numbers, which makes it easier for readers to understand.

Table 1. Comparison of test results with different loss functions/%

Model P R mAP
YOLOv5s(CIOU) 89.3 | 83 88.3
YOLOvS5s(Alpha IOU) | 92.8 | 81 88.7
YOLOV5s(SIOU) 9271793 | 874
YOLOV5s(EIOU) 96.2 | 79.3 | 88.2

(2) Comparison of YOLOVS5s test results with different attention mechanisms.

As can be seen from Table 2, no matter what attention mechanism module is added to
the original YOLOv5s model, the performance is significantly improved compared with
the original model. For example, P after adding CA attention mechanism is 3.5% higher
than the original model, R after adding SE attention mechanism is 1.9% higher than the
original model, and R and mAP after adding CBAM attention mechanism are 0.7% and
2.4% higher than the original model, respectively. After the addition of SimAM attention
mechanism, R improves by 1.3% compared to the original network. The improvement of
R shows that adding attention mechanism can make the model better evaluate the weight
proportion of different features, and make the target detection result more accurate.

(3) Comparison of YOLOVS5s test results with the simultaneous improvement of loss
function and attention mechanism.
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Model P R mAP
YOLOVS5s 89.3 | 83 88.3
YOLOV5s(CA) 92.8 | 82.1 | 88.7
YOLOV5s(SE) 88 84.9 | 88.3
YOLOv5s(CBAM) | 89.1 | 83.7 | 90.7
YOLOv5s(SimAM) | 89.1 | 84.3 | 88.2

YOLOvSs(CBAM)  YOLOvSs(SimAM)

YOLOvSs

YOLOvSs(CA)

YOLOv5s(SE)
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Fig. 7. Comparison of test results with different attention mechanisms
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In the above experiments, the loss function and attention mechanism in improved
YOLOVS5s are compared respectively. The effects of improving both the attention mecha-
nism and the loss function on model performance will be further explored below. As can
be seen from Table 1, EIOU loss function has the better effect, so it is only necessary to fix
EIOU as the model’s loss function by combining and comparing it with CA, SE, CBAM
and SimAM attention mechanism respectively. As can be seen from Table 2 (Figure 7)
and Table 3 (figure 8), the P of the improved YOLOVSs is 4.3%, 5.0%, 2.5% and 5.4%
higher than that of the original model respectively. The R of CA and SE attentional mech-
anisms decreases by 0.4% and 2.7% respectively, while CBAM and SimAM attentional
mechanisms increases by 1.0% and 0.5%. The mAP of CA, CBAM and SimAM attention
mechanism increases by 0.4%, 1.1% and 1.9% respectively, while SE attention mecha-
nism decreases by 0.9%. In particular, the P, R and mAP of YOLOvS5s(EIOU+SimAM)
model are generally superior to other improved models, which proves that the improved
model proposed in this study can effectively detect crop pests and diseases.

Table 3. Font sizes

Model P R mAP
YOLOvV5s(EIOU+CA) 93.6 | 82.6 | 88.7
YOLOV5s(EIOU+SE) 943 | 80.3 | 87.4

YOLOvVSs(EIOU+CBAM) | 91.8 | 84 | 89.4
YOLOvVSs(EIOU+SimAM) | 94.7 | 83.5 | 90.2

S0
85
: I I I
75
70

YOLOv5s(EIOU+CA) YOLOv5s(EIOU+SE) YOLOvwSS(EIOU+CBAM)  YOLOvSs(EIOU+SimAM)

M PN R W mAP

Fig. 8. Comparison of test results with different loss functions and attention mechanisms

4.4. Comparison Experiment

To further verify the performance of the YOLOvSs(EIOU+SimAM) model, the perfor-
mance is compared with the original YOLOvVSs model. After 200 iterations of the training
set on YOLOVSS(EIOU+SimAM), P is 92.3%, R is 94.1%, and mAP is 95.3%. As can be
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seen from Table 4 and Table 5, the performance of the improved model is significantly
improved compared with the original model.

Table 4. YOLOv5s comparison of model performance/%

Iteration | P R mAP
50 95.1 | 82.8 | 83.7
100 89.4 1 90.2 | 89.8
150 90.8 1 91.2 | 90.9
200 92.0 |1 93.8 | 94.7

Table 5. FNNMFF comparison of model performance/%

Iteration | P R mAP
50 86.7 | 88.5 | 87.8
100 90.5 [ 91.7 | 90.4
150 91.9 924 |93.6
200 92.3194.1 953

The original models of FNNMFF and YOLOVSs are tested with 200 images of maize
crop pests and diseases in the test set. As can be seen from Table 6, overall P, R and mAP
of the improved model have increased by 5.4%, 0.5% and 1.9% respectively compared
with the original model. In the detection of slime, rust and plaque, it is found that P of
the FNNMFF model is 4.6%, 12.1% and 3.8% higher than that of the original model.
Compared with the original model, the R of the FNNMFF model is increased by 7.6%
and 3.1%, respectively. When detecting the images of slime worms, grey planthopper and
rust disease, it is found that compared with the original model, the mAP of the FNNMFF
model is increased by 4.7%, 2.4% and 1.9% respectively.

Table 6. Font sizes

Type Model P R mAP
Slime YOLOVSs | 89.7 | 79.2 | 88.7
Slime FNNMFF | 94.3 | 86.8 | 93.4
Grey planthopper | YOLOVSs | 89.9 | 95.5 | 96.8
Grey planthopper | FNNMFF | 90.9 | 98.6 | 99.2
Rust disease YOLOvSs | 85.8 | 78.2 | 82.3
Rust disease FNNMFF | 979 | 72.0 | 84.2
Spot disease YOLOvSs | 91.9 | 79.2 | 85.3
Spot disease FNNMFF | 95.7 | 76.8 | 84.0
Average YOLOvS5s | 89.3 | 83.0 | 88.3
Average FNNMFF | 94.7 | 83.5 | 90.2
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The 6.2% Recall drop on rust is mainly attributed to 68% of missed instances being<
32 x 32 pixel lesions under large-view UAV images. CARAFEs 5 x 5 kernel enlarges
the receptive field and smooths faint rust edges, causing 4.8% FN. Besides, the fixed
3 x 3 Gaussian window in FLM treats low-contrast rust margins as uncertain pixels and
suppresses them, introducing another 2.1% FN. Tuning CARAFE kernel to 3 x 3 and
making daptive in FLM recovered Recall to 76.4% (see Table 6-EXP), at the cost of 0.7%
mAP reduction on other classes. Therefore, the reported 72.0% is a conservative value that
keeps the best overall performance; readers should not interpret it as model instability.

The experimental results show that the improved boundary regression loss function
makes the model more accurately locate and identify the slime, rust and plaque images,
and P is also significantly improved. After adding attention mechanism module to the
model, background interference can be suppressed, feature extraction ability can be im-
proved, and R can be improved. By combining the two and improving the model at the
same time, the P, R and mAP of the model can be significantly improved. It can be seen
that FNNMFF model can more effectively detect maize crop pests and diseases. Through
the comparison and analysis of the above experiments, it can be verified that the FNNMFF
model in this study has the best detection effect on maize pests and diseases.

In this experiment, the proposed FNNMFF model in this paper is compared with
FieldPlant [67], LIDL [68] and DLIC [69] under the same experimental conditions to
further verify the effectiveness of FNNMFF in the detection of pests and diseases. Table
7 shows the experimental results of different models.

Table 7. Comparison with different methods

Model P R F1 parameters | Floating-point arithmetic
FieldPlant | 72.4% | 70.2% | 70.3% | 21289813 | 3.672 x 10°

LIDL 71.1% | 67.4% | 68.4% | 23000405 | 4.258 x 107

DLIC 72.8% | 69.0% | 69.2% | 4214853 2.251 x 10%

FNNMFF | 79.2% | 74.3% | 76.9% | 1291963 1.53 x 108

As can be seen from Table 7, compared with the other three networks, the accuracy
rate of the FNNMFF model is increased by 7.8%, 7.3%, 7.1% and 6.6% respectively, and
the F1 value is increased by 6.6%, 8.5%, 7.7% and 7.0% respectively. In terms of model
performance, the number of FNNMFF model parameters is only 1.29 x 10°, and the
floating point computation is 1.53 x 108. The FNNMFF network model is much smaller
than other network models. It can be seen that the FNNMFF network model is far superior
to other models in terms of recognition accuracy and model performance, indicating that
the FNNMFF network model has certain advantages in the identification of pests and
diseases.

In here, we add the sensitivity analysis experiments. The results are shown in Table 8.
When ¢ = 1.0, the overall performance and boundary IoU reach local optimality.
The adaptive o further increases the boundary IoU to 85.3% (due to dynamic matching
of pixel contrast to avoid excessive suppression of low-contrast boundaries). The 3 x 3
window is more suitable for small lesion boundaries (such as rust lesions smaller than
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Table 8. Results of Sensitivity Analysis for Key Parameters of FLM/%

Setting P R mAP | IoU | FN
0=0.5 93.8 | 82.1 |89.5 | 783|387
o=1.0 94.7 1835|902 | 82.6 | 6.2
o=1.5 94.5182.8 899 |80.1|75
0=2.0 932|819 |89.1 |764 |93
0=2.5 92.6 | 80.7 | 88.6 | 73.2| 11.5
Adaptive o 94.9 | 842 1905 | 853 |48
Window size=3 x 3 | 94.7 | 83.5 | 90.2 | 82.6 | 6.2
Window size=5 x 5 | 94.3 | 82.9 | 89.8 | 81.2 | 7.1

32 x 32 pixels), while the 5 x 5 window causes loss of small boundary details due to its
overly large receptive field.

We conduct 5 sets of comparative ablation experiments. Ablation-1 represents the
removal of the Gaussian membership function (replaced by a simple weighted average).
Ablation-2 represents a fixed o value of 1.0 with the adaptive mechanism removed. Ablation-
3 represents the removal of the ambiguous semantic labels while retaining the noise sup-
pression function. Ablation-4 indicates the complete removal of FLM with the original
jump connection retained. The experimental results are shown in Table 9. MPC is the
accuracy of mixed pixel classification.

Table 9. Font sizes

Module P R mAP | IoU | MPC
FNNMFF | 94.7 | 83.5]90.2 | 82.6 | 89.3
Ablation-1 | 92.1 | 80.3 | 87.5 | 74.2 | 78.6
Ablation-2 | 94.1 | 82.7 | 89.5 | 79.8 | 85.1
Ablation-3 | 93.5 | 81.9 | 88.8 | 77.5 | 82.4
Ablation-4 | 91.8 | 80.1 | 87.1 | 72.3 | 76.9

The complete FLM has the best performance in all indicators, demonstrating the syn-
ergy of the fuzzy rules (Gaussian membership function), adaptive parameters, and seman-
tic labels. The performance of Ablation-1 declines the most (mAP 2.7%, MPC 10.7%),
indicating that the Gaussian membership function is the core of FLM by distributing fuzzy
weights to suppress the category ambiguity of mixed pixels. The adaptive Ablation-2 vs
complete FLM) increases the boundary IoU by 2.8%, proving that it can dynamically
adapt to different contrast boundary regions. The fuzzy semantic labels (Ablation-3 vs
complete FLM) increases the accuracy of mixed pixels by 6.9%, showing that it reduces
cross-category confusion through membership degree allocation.

Table 10 shows the lightweight performance comparison with mainstream tiny mod-
els.

As shown in Table 10, FNNMFF achieves significantly superior detection perfor-
mance with only 1.29M parameters and 0.153 GFLOPs, which is 32% fewer parame-
ters and 96% less computation than YOLOvVS5n, while mAP is improved by 14.4%. This
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Gaussian weight Function  Outp!
- 100 [

Fig.9. FLM Gaussian membership function weight distribution heatmap (Select the
boundary area of the rust lesion (with dense mixed pixels), and display the input fea-
ture map, the Gaussian weight heat map of FLM (red = high weight, blue = low weight),
and the output feature map.)

Table 10. Lightweight performance comparison with mainstream tiny models

Model Params (M) | FLOPs (G) | mAP | F1

YOLOv5n 1.90 4.50 75.8 | 73.2
MobileNetV3-YOLO | 2.10 3.90 74.6 | 72.1
FNNMFF (Ours) 1.29 0.153 90.2 | 76.9

demonstrates that FNNMFF is not only lighter but also more accurate, making it highly
suitable for real-time mobile deployment in resource-constrained agricultural scenarios.

5. Conclusion

In this study, the deep learning object detection technology is applied to the detection of
crop pests and diseases, which has great practical significance for the control of citrus or-
chards, precise application of medicine and guarantee of citrus yield. In order to improve
the detection accuracy of multi-species and multi-target pests and diseases in the complex
background of natural orchards, an improved detection algorithm based on YOLOVS5s is
proposed. In this method, CXV2 module is used to replace the C3 module of the original
model, and ConvNeXtV2 module is introduced into the module to enhance the feature ex-
traction capability. Dynamic detection head is used to replace the original detection head
to enhance the perception of different spatial scales and different task targets. Lightweight
up-sampling operator CARAFE is used to replace the original up-sampling method and
strengthen the up-sampling work. The research results show that compared with other
commonly used algorithms, the model has better detection effect and stronger robustness.
The presented method has achieved an improvement of 1.9% over the average mAP of
the backbone network., which proves the effectiveness of the model, which can meet the
detection requirements in complex environments. Due to the small number of parameters,
it is easy to implement fast detection and mobile terminal deployment.
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Nevertheless, this study has two main limitations. First, the FNNMFF model was
trained and evaluated on single-temporal UAV and satellite imagery; it has not been veri-
fied with UAV multispectral time-series data that could reveal phenological dynamics un-
der recurrent pest stress. Second, the current architecture processes each image indepen-
dently and lacks an explicit temporal branch. Therefore, in our next work, we will embed
a lightweight Transformer-based time-series module to capture long-range phenological
dependencies and further enhance early-stage pest warning accuracy. These extensions
will be reported in a follow-up study.

This study is conducted on a computer device and has not been deployed to a mobile
device for field testing, so there may be some errors in the actual environment. In the
follow-up research work, we first will use Sentinel-2, unmanned aerial vehicle multispec-
tral and meteorological data to establish a 50k annotation database in different regions.
Then, we will develop a lightweight Transformer model that integrates temporal and spa-
tial attention, achieving an F1 score> 90% at a 10m resolution. Finally, we will expand
multi-hazard and multi-scale assimilation, generate regional risk maps, and support pre-
cise prevention and control.
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