
5.64.4

Research on the Identification of
Wheat Fusarium Head Blight
Based on Multispectral Remote
Sensing from UAVs

Ping Dong, Ming Wang, Kuo Li, Hongbo Qiao, Yuyang Zhao, Fernando Bacao, Lei Shi, Wei Guo and

Haiping Si

Special Issue
Application of Uncrewed Aerial Vehicles (UAVs) in Vegetation Monitoring

Edited by

Dr. Tim Whiteside

Article

https://doi.org/10.3390/drones8090445

https://www.mdpi.com/journal/drones
https://www.scopus.com/sourceid/21101017244
https://www.mdpi.com/journal/drones/stats
https://www.mdpi.com/journal/drones/special_issues/Y283G211JG
https://www.mdpi.com
https://doi.org/10.3390/drones8090445


Citation: Dong, P.; Wang, M.; Li, K.;

Qiao, H.; Zhao, Y.; Bacao, F.; Shi, L.;

Guo, W.; Si, H. Research on the

Identification of Wheat Fusarium

Head Blight Based on Multispectral

Remote Sensing from UAVs. Drones

2024, 8, 445. https://doi.org/

10.3390/drones8090445

Academic Editor: Tim Whiteside

Received: 7 July 2024

Revised: 28 August 2024

Accepted: 30 August 2024

Published: 30 August 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

drones

Article

Research on the Identification of Wheat Fusarium Head Blight
Based on Multispectral Remote Sensing from UAVs

Ping Dong 1,2 , Ming Wang 1, Kuo Li 1, Hongbo Qiao 1, Yuyang Zhao 1,2, Fernando Bacao 2,3 , Lei Shi 1 ,

Wei Guo 1,* and Haiping Si 1,2,*

1 College of Information and Management Science, Henan Agricultural University, Zhengzhou 450046, China;

dongping@henau.edu.cn (P.D.); wangming@stu.henau.edu.cn (M.W.); likuo@stu.henau.edu.cn (K.L.);

qiaohb@henau.edu.cn (H.Q.); yuyangzhao@henau.edu.cn (Y.Z.); shilei@henau.edu.cn (L.S.)
2 International Joint Laboratory of Agricultural Big Data and Artificial Intelligence in Henan Province,

Henan Agricultural University, Zhengzhou 450046, China; bacao@novaims.unl.pt
3 NOVA Information Management School (NOVA IMS), Universidade Nova de Lisboa, Campus de Campolide,

1070-312 Lisboa, Portugal

* Correspondence: guowei@henau.edu.cn (W.G.); haiping@henau.edu.cn (H.S.)

Abstract: Fusarium head blight (FHB), a severe ailment triggered by fungal pathogens, poses a

considerable risk to both the yield and quality of winter wheat worldwide, underscoring the urgency

for precise detection measures that can effectively mitigate and manage the spread of FHB. Addressing

the limitations of current deep learning models in capturing detailed features from UAV imagery,

this study proposes an advanced identification model for FHB in wheat based on multispectral

imagery from UAVs. The model leverages the U2Net network as its baseline, incorporating the

Coordinate Attention (CA) mechanism and the RFB-S (Receptive Field Block—Small) multi-scale

feature extraction module. By integrating key spectral features from multispectral bands (SBs) and

vegetation indices (VIs), the model enhances feature extraction capabilities and spatial information

awareness. The CA mechanism is used to improve the model’s ability to express image features,

while the RFB-S module increases the receptive field of convolutional layers, enhancing multi-scale

spatial feature modeling. The results demonstrate that the improved U2Net model, termed U2Net-

plus, achieves an identification accuracy of 91.73% for FHB in large-scale wheat fields, significantly

outperforming the original model and other mainstream semantic segmentation models such as

U-Net, SegNet, and DeepLabV3+. This method facilitates the rapid identification of large-scale FHB

outbreaks in wheat, providing an effective approach for large-field wheat disease detection.

Keywords: disease identification; multispectral; fusarium head blight; CA attention mechanism;

image segmentation

1. Introduction

FHB is a devastating disease in winter wheat caused by the fungal pathogen Fusarium
graminearum [1]. This disease can lead to severe grain yield losses and a decline in food
quality [2]. Additionally, the mycotoxins produced by Fusarium graminearum contaminate
the grain, posing significant health risks to humans and animals [3]. In recent years,
factors such as climate change and alterations in cultivation practices have contributed to
the regional expansion of FHB in China, with increased frequency and disease severity
indices. Consequently, FHB has become one of the most critical constraints on wheat
production safety and food quality in the country [4]. On 15 September 2020, the Ministry
of Agriculture and Rural Affairs of the People’s Republic of China classified FHB as a
“Class I Crop Disease and Pest” [5]. Therefore, timely detection of FHB is of paramount
importance for improving the management of infected fields.

However, traditional monitoring of FHB predominantly focuses on the scale of
individual spikes or ears, lacking solutions that can encompass the scale of entire fields
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and broader regions for disease monitoring [6–9]. Although some researchers have
developed remote monitoring methods for FHB in large wheat fields using specific large
machinery such as tractors or utility vehicles [9–11], these methods are often complex,
potentially damaging to crops, and challenging to implement for comprehensive and
continuous field disease monitoring. In recent years, unmanned aerial vehicle (UAV)
remote sensing technology has provided a new approach to field-scale disease monitoring
with its flexibility, nondestructiveness, and efficiency. UAV remote sensing can quickly
acquire environmental and crop growth information, playing a crucial role in smart
agriculture and precision agriculture [12]. Currently, UAV remote sensing technology has
been widely applied in various fields, including soil salinity assessment [13], vegetation
classification [14], crop growth parameter estimation [15], yield prediction [16,17], and
crop disease monitoring [18]. Additionally, some researchers have attempted to use UAV-
based multispectral imagery to monitor FHB at the field scale [19]. These findings have
inspired further exploration into the application of UAV-based multispectral imagery for
the detection of FHB in wheat fields.

In recent years, the widespread use of multispectral imagery has provided new con-
cepts and methods for crop disease monitoring. Infection of plants by different pathogens
causes specific changes in the biochemical composition of plants, such as the content and
distribution of chlorophyll, water, and cellulose. These changes lead to differences in the
response of plants to spectra, such as damage to the cell wall and cell membrane due to
pathogen infection, changes in cell structure affecting light scattering and absorption,
impaired physiological functions such as photosynthesis altering spectral characteristics
and efficiency of light use, and changes in leaf morphology and color affecting spectral
response. Multispectral imaging technology can accurately detect these subtle spectral
changes caused by specific pathogens, thus providing a basis for disease identification
and monitoring. Compared to hyperspectral equipment, multispectral equipment has
lower costs associated with purchase and maintenance. In fields such as agriculture
and forestry, where there is a need for rapidly acquiring large-area surface information,
multispectral imagery has broad application prospects. Rodriguez et al. [20] used five
machine learning algorithms, including random forest (RF), Gradient Boosting Classifier
(GB), Support Vector Machine (SVM), and k-Nearest Neighbors (KNN), to monitor potato
late blight using UAV-based multispectral imagery. Ye et al. [21] applied Artificial Neural
Network (ANN), RF, and SVM classification algorithms to UAV multispectral images
(including blue, green, red, red-edge, and near-infrared bands) to monitor Fusarium wilt
of banana. The overall accuracies of the SVM, RF, and ANN were 91.4%, 90.0%, and 91.1%.
Nahrstedt et al. [22] classified clover and grass plants based on spectral information (red,
green, blue, red-edge, near-infrared) from high-resolution UAV multispectral imagery
and texture features from a random forest classifier, with a final overall accuracy of more
than 86%. These studies emphasize the potential of UAV multispectral imaging for crop
disease monitoring.

To extract more critical information on crop diseases from multispectral remote sensing
data, researchers have proposed a variety of spectral features, among which vegetation
indices (VIs) are the most representative. Gao et al. [23] constructed normalized difference
texture index (NDTI), difference texture index (DTI), and ratio texture index (RTI) features,
which are sensitive to wheat FHB, and constructed a monitoring model by using KNN and
so forth to achieve a final monitoring accuracy of 93.63% for the disease. Zeng et al. [24]
optimized the feature space constructed by 22 vegetation index features and 40 texture
features, combined with KNN, RF, and SVM algorithms to construct a PM monitoring
model for rubber trees, achieving more than 88% accuracy rate to monitor whether it is
infected with rubber powdery mildew. Narmilan et al. [25] used vegetation indices, such as
the Modified Soil-Adjusted Vegetation Index (MSAVI), Normalized Difference Vegetation
Index (NDVI), and Excess Green (ExG) in XGBoost (XGB), random forest (RF), and decision
tree (DT) to detect sugarcane white leaf disease and achieved 94% accuracy in detecting the
disease using XGB and RF and KNN. Feng et al. [26] extracted thermal infrared parameters
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and texture features from thermal infrared images and red, green, blue (RGB) images,
combined with vegetation indices from hyperspectral data, and used SVM and other algo-
rithms to achieve detection of wheat powdery mildew. Rivera-Romero et al. [27] identified
different disease levels of powdery mildew on cucurbit plants using RGB images and
color transformations based on SVM with up to 94% recognition accuracy. Geng et al. [28]
integrated diverse multispectral band configurations, encompassing RGB (red–green–blue),
NRG (near-infrared–red–green), NER (near-infrared–red edge–red), and additional spectral
bands, to conduct a comparative analysis of the segmentation performance of various
algorithms, including Mask R-CNN, YOLOv5, YOLOv8, and other exemplar segmentation
techniques specifically tailored for maize seedling plants. Their findings revealed that the
YOLOv8 model, when applied to the NRG bands, achieved remarkable accuracy levels,
surpassing 95.2% in bbox_mAP50 and 94% in segm_mAP50, demonstrating its superiority
for this application. These studies demonstrate the effectiveness of VIs and RGB in crop
disease monitoring. However, previous research has typically used VIs and RGB sepa-
rately. The combined performance of VIs and RGB in crop disease monitoring has not been
studied, indicating a potential area for further investigation.

Existing research on FHB identification in wheat predominantly employs machine
learning techniques such as RF, SVM, ANN, and KNN. However, these machine learning
methods face limitations when dealing with complex image tasks. Traditional machine
learning methods are relatively constrained in handling high-dimensional, nonlinear, and
abstract features, often requiring manual feature engineering to enhance model perfor-
mance. Additionally, the performance of machine learning methods may be limited when
processing large-scale data. In contrast, deep learning methods offer greater flexibility
in learning abstract features directly from data, reducing the reliance on manual feature
engineering. Deep learning models, through hierarchical learning, can automatically
capture complex patterns and relationships within images, making them more suitable
for addressing the diversity and complexity of FHB in wheat. This capability positions
deep learning as a more robust approach for FHB identification, capable of handling the
intricacies associated with this disease.

Based on the comprehensive review of previous studies, this research employs a
deep learning approach, utilizing the U2Net neural network model that can efficiently and
accurately identify target objects or features in an image. The study selects the optimal
vegetation index for identifying FHB in wheat. Subsequently, the selected vegetation indices
are fused with multispectral bands such as RGB, red edge (RE), and near-infrared (NIR).
This fused data are then used to train a high-recognition-rate neural network classification
model tailored for field-scale FHB identification in wheat fields. To address the issue of
insufficient detail capture in UAV imagery by deep learning networks, this study introduces
the Coordinate Attention (CA) mechanism and the RFB-S multi-scale feature extraction
module to enhance the model. The CA attention mechanism highlights important spatial
positions, thereby enhancing the network’s perception of local spatial details and improving
reconstruction of details and edges. The RFB-S multi-scale feature extraction module
extracts richer features, enhancing the network’s representational capacity and robustness.
The technical flowchart adopted in this paper is shown in Figure 1.
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Figure 1. Workflow diagram for FHB identification with UAV.

2. Materials and Methods

2.1. Data Acquisition

The experimental data were collected at the experimental farm of Henan Agricultural
University in Xuchang City (34◦08′ N, 113◦47′ E), as depicted in Figure 2. The experimental
field boasted a predominantly flat terrain, with the soil categorized as loam. The research
area encompassed a meticulous arrangement of 60 experimental plots, neatly divided into
three parallel rows, each accommodating 20 plots. Each plot measured approximately
1.5 m in length and 1 m in width. Spanning the years 2019 to 2020, the experimental wheat
varieties found their way into the soil during the autumnal season. Uniformity was the
cornerstone of plot management, with identical practices such as irrigation and fertilization
applied across all plots.

In the budding phase of wheat flowering, specifically in April 2021, a team of experts
embarked on a precise operation. They methodically selected wheat plants from each plot
at random and employed a micropipette to delicately inject a Fusarium oxysporum spore sus-
pension into the central and upper florets of the wheat ears. Following inoculation, the ears
were meticulously marked through awn cutting and subsequently enclosed in bags for a
duration ranging from 1 to 7 days. The incidence of the targeted phenomenon was primarily
orchestrated by a combination of artificial drip irrigation and natural cross-infection.

Data collection occurred on 18 May 2021. A DJI Phantom 4 Multispectral (SZ DJI
Technology Co., Shenzhen, China) was utilized for data acquisition, as depicted in Figure 3.
A DJI Phantom 4 is an integrated aerial surveying drone with multi-band imaging capabili-
ties, capable of capturing imagery data in multiple bands [29]. The drone is equipped with
six 1/2.9-inch CMOS sensors, including one color sensor for capturing true-color images
and five monochrome sensors for capturing RGB, RE, and NIR bands, as detailed in Table 1.
A top-mounted multispectral irradiance sensor continuously monitors the light intensity of
these five bands in real time, ensuring the accuracy of captured multispectral data through
compensation adjustments. The flight took place between 12:00 and 14:00 on a clear and
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windless day, with a flight altitude of 4 m and a ground spatial resolution of 1 cm. The
shooting interval was set to 2 s, with a 75% overlap in the flight direction and a 70% overlap
in the lateral direction. Each flight lasted approximately 27 min. To detect millisecond-level
errors in camera imaging time, the TimeSync time synchronization system was employed
for simultaneous triggering of photographs.

Figure 2. Overview of the experimental area. (a) Location of Xuchang City in Henan Province.

(b) Distribution and location of the experimental plots.

Figure 3. Diagram of DJI Phantom 4 Multispectral. Retrieved from (https://www.dji.com/cn/p4

-multispectral, accessed on 28 August 2024).

Table 1. Band information of DJI Phantom 4 Multispectral.

Names of the Bands Central Wavelength (nm) Wavelength Ranges (nm)

Blue 450 434–466
Green 560 544–576
Red 650 634–666
RE 730 714–746

NIR 840 814–866

2.2. Data Preprocessing

Using Pix4Dmapper (version 4.8.0), the original images captured by the drone are
stitched together. Firstly, the corresponding points are identified utilizing the flight POS
(Position and Orientation System) data. Then, the true positions and stitching parameters
of the original images are calculated through spatio-temporal measurements to establish
a point cloud model. Ultimately, utilizing the calibration panels with reflectance values
of 0.25, 0.5, and 0.75, the pixel values are transformed into surface reflectance values
across each spectral band, facilitating automatic calibration. This process is then optimized

https://www.dji.com/cn/p4-multispectral
https://www.dji.com/cn/p4-multispectral
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through image content enhancement and application of the block adjustment technique,
resulting in the generation of an orthophoto map.

The orthophoto map was opened using the ENVI software (version 5.6.3), where
the specific areas infected by FHB in the wheat fields were cropped out from the image
and exported as TIFF-formatted image files. Subsequently, a vector file was created in
the TIFF image coordinate system to annotate the target areas, and attribute fields were
added. In these attribute fields, the diseased parts were set to 255, representing the infected
regions, while the healthy areas were set to 128. The annotated information was effectively
converted into raster data through vector-to-raster conversion. Finally, the raster data were
cropped based on the range of the original TIFF images to ensure consistency between the
label data and the original images. The resulting labels are shown in Figure 4.

Figure 4. Annotation information of experimental plots.

Due to the large size of the data images in this experiment, directly training them on
deep networks may lead to memory overflow issues. Due to limitations in physical device
performance, it is necessary to crop the images into smaller blocks before inputting them
into the network. The cropping methods include regular grid cropping, sliding window
cropping, and random cropping. In this experiment, the sliding window method was
adopted, which is an exhaustive search image segmentation algorithm. It involves moving
a fixed-size window with a fixed interval across the image [30]. The sliding window method
was initially used for object detection and later applied to extract spatial and spectral
information for remote sensing classification. Through sliding window segmentation,
three-dimensional data blocks are extracted from the original multispectral image. In this
work, these blocks must be resized to fit the GPU. Finally, a size of 64 × 64 was selected as
the input dimension for the model. Since the multispectral images in the experiment need
to retain geographic information such as latitude and longitude, the cropped images are
not regular rectangles. It should be noted that the areas outside the AOI were ignored.

After data processing, data augmentation was performed using geometric transforma-
tion methods such as rotation, mirroring, and flipping. A total of 3212 enhanced images
were obtained. The dataset of 3212 wheat multispectral images were divided into training,
validation, and test sets in a ratio of 8:1:1. The final dataset comprised 2570 images for
training, 321 for validation, and 321 for testing.

2.3. Experimental Environment and Parameter Configuration

The Adam Optimizer was selected as the optimizer for training the network model,
with a maximum training iteration of Epoch = 100 and an initial learning rate Ir = 0.0001. If
the loss on the validation set does not decrease for three consecutive epochs, the learning
rate is halved, with a decay factor of 0.5. The decayed learning rate is the product of
the decay factor and the current learning rate. To reduce training time, the training of
the model is terminated early if the loss on the validation set does not decrease for ten
consecutive epochs. A small batch size leads to prolonged training time and severe gradient
oscillations, hindering convergence, while a large batch size may result in getting stuck
in local minima. Considering the constraints of the physical hardware, a batch size of 16
is deemed reasonable. The specific experimental environment configuration is presented
in Table 2.
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Table 2. Experimental platform configuration parameters.

Name Configuration Parameters

Operating System CentOS
Environment Management Anaconda 3
Deep learning Framework Tensorflow-gpu 2.0
Programming Language Python 3.8

Programming Tools PyCharm Community2022.3.1
CPU Intel(R) Xeon(R) Silver 4114 CPU @ 2.20 GHz
GPU GeForce RTX 2080 Ti
Cuda Cuda-10.0

2.4. Evaluation Metrics

This study evaluates the performance of the network model using evaluation met-
rics such as accuracy, recall, Intersection over Union (IoU), Mean Intersection over Union
(MIoU), Frequency Weighted Intersection over Union (FWIoU), and F1 score. Here, TP (true
positive) represents correctly classified positive instances, FP (false positive) represents
negative instances misclassified as positive, TN (true negative) represents correctly classi-
fied negative instances, and FN (false negative) represents positive instances misclassified
as negative.

(1) Accuracy

Accuracy is the most intuitive evaluation metric. The formula for calculation is:

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

(2) Recall

Recall measures the proportion of actual positive samples that are correctly identified
as positive by the model. The formula for calculation is:

Recall =
TP

TP + FN
(2)

(3) IoU

IoU represents the degree of overlap between the bounding box detected by the model
and the bounding box of the true target. The formula for calculation is:

IoU =
TP

TP + FN + FP
(3)

(4) MIoU

MIoU is the average IoU across all classes, used to measure the segmentation accuracy
of the model for each class and average accuracy across all classes. The formula for
calculation is:

MIoU =
1

2
IoU1 + IoU2 (4)

(5) FWIoU

FWIoU considers the frequency weight of each class by weighting the IoU for each
class, where the weight is the proportion of that class in the ground truth labels. The
formula for calculation is:

FWIoU =
TP + FN

TP + FP + TN + FN
×

TP

TP + FP + FN
(5)
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(6) F1

F1 is the harmonic mean of precision and recall, used to balance between these two
metrics. The formula for calculation is:

Precision =
TP

TP+FP (6)

F1 = 2 ×
Precision × Recall

Precision + Recall
(7)

3. The Design of the U2Net-Plus Network Architecture

3.1. Coordinate Attention Mechanism

Most deep neural networks use attention mechanisms like SE [31] and CBAM [32] to
effectively enhance performance. However, the SE mechanism tends to overlook spatial
localization information, whereas in visual tasks, the spatial structure of the object plays
a crucial role. In contrast, BAM and CBAM perform global pooling over channels, only
introducing short-range positional information, making it difficult to capture long-range
correlations. To address this issue, a new attention mechanism called Coordinate Attention
(CA) [33] is proposed, which preserves precise positional information while also capturing
a wider range of contextual information. The module structure of the CA attention mecha-
nism is illustrated in Figure 5. Here, H represents the height of the input feature map, W
represents the width, C represents the number of channels, and r is the reduction ratio used
to decrease computational complexity. ‘Residual’ denotes the retained input feature map.
‘X Avg Pool’ and ‘Y Avg Pool’ refer to one-dimensional horizontal and vertical global pool-
ing, respectively. ‘Concat’ refers to the concatenation operation, while ‘Conv2d’ denotes a
two-dimensional convolution. ‘BatchNorm’ is applied for batch normalization. ‘Non-liner’
denotes the utilization of a non-linear activation function. Sigmoid is an activation function.
‘Re-weight’ is the process of applying these processed weights to the original input feature
map to generate the final output.

Figure 5. Structure diagram of CA attention mechanism.

To address the limitations of channel attention, CA models both channel correlation
and long-range dependencies through precise positional information. Specifically, CA
consists of two steps: Coordinate Information Embedding (CIE) and Coordinate Attention
Generation (CAG). CIE achieves the effect of global pooling through one-dimensional
feature encoding, enabling the module to obtain precise positional information. Meanwhile,
CAG fully utilizes the representations generated by CIE, allowing the network to acquire a
broader range of information while effectively preserving precise positional information.
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3.2. Multi-Scale Feature Extraction Module RFB-S

The RFB (Receptive Field Block) module is a module designed based on the receptive
field structure, inspired by the characteristics of receptive fields in the human visual system.
Receptive field refers to the area of the input image that influences the value of a single
pixel in the feature map output of a neural network layer. The RFB module considers the
eccentricity and size of the receptive field, allowing for a more comprehensive perception
of input information at different positions.

The design goal of this module is to effectively extract highly discriminative features
while using lightweight network structures. To achieve this goal, the RFB module incorpo-
rates the idea of dilated convolution in its design. Dilated convolution expands the effective
receptive field of the convolutional kernel by introducing gaps between the kernel elements,
allowing the module to better capture contextual information from different positions in
the image.

The RFB-S (Receptive Field Block—Small) module, compared to the RFB module, has
a smaller convolutional kernel size and fewer parameters, which can reduce the parameter
count and computational complexity of the network to some extent. The structure diagrams
of RFB and RFB-S are shown in Figure 6. Compared to RFB, RFB-S replaces the original
5 × 5 convolution with a 3 × 3 convolution. This not only reduces the number of parameters
in the module but also enhances its ability to capture nonlinear relationships. Additionally,
RFB-S uses 1 × 3 and 3 × 1 convolutional layers instead of the original 3 × 3 convolutional
layer. In the input feature map module, the channel number is first reduced through
1 × 1 convolution, followed by 1 × 3, 3 × 1, and 3 × 3 convolutional layers to obtain
multi-scale features. Finally, to expand the module’s receptive field, dilated convolutions
(with dilation rates of 1, 3, and 5) are applied to the module, and feature fusion is achieved
by merging the outputs of the four convolutional kernels.

Figure 6. Structure diagram of RFB and RFB-S: (a) structure diagram of RFB; (b) structure diagram

of RFB-S.

3.3. Vegetation Indices

Vegetation indices utilize the spectral properties of vegetation by combining satellite
visible and near-infrared bands to digitally reflect the vegetation status of the Earth’s
surface. The Normalized Difference Vegetation Index (NDVI) is one of the most commonly
used vegetation indices, which quantifies the extent and growth conditions of surface
vegetation by combining satellite visible and near-infrared band data. The calculation
formula is as follows:

NDVI =
NIR − R

NIR + R
(8)

The Enhanced Vegetation Index (EVI) is an improvement over the NDVI. In order
to mitigate the influence of soil background and atmospheric interference on the NDVI,
especially in dense vegetation areas, and to alleviate saturation issues, the EVI is proposed
by adjusting the NDVI. It can better adapt to the effects of atmospheric and soil noise,
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enhance applicability in dense vegetation areas, and alleviate saturation issues in most
cases. The calculation formula is as follows:

EVI = 2.5 ×
NIR − R

NIR + 6R − 7.5B + 1
(9)

The Difference Vegetation Index-RedEdge (DVIRE) reflects the biochemical character-
istics of vegetation leaves by comparing data from visible and near-infrared bands. It is
primarily used for monitoring vegetation growth changes and water and nutrient status.
The calculation formula is as follows:

DVIRE = NIR − RE (10)

The Normalized Difference Vegetation Index RedEdge (NDVIrededge) reflects the
photosynthetic capacity and chlorophyll content of vegetation by comparing data from
visible and near-infrared bands. It is commonly used for monitoring vegetation growth
changes, vegetation type classification, land cover changes, and other applications. The
calculation formula is as follows:

NDVIrededge =
RE − R

RE + R
(11)

Currently, manual extraction work in agricultural remote sensing has been widely
developed, especially with the establishment of various vegetation indices. However, deep
learning, as a typical data-driven approach, struggles to integrate various artificial features
with strong prior knowledge and theoretical analysis, thus affecting its accuracy, speed, and
reliability in agricultural applications. Therefore, this paper employs the aforementioned
formulas to perform inter-band operations on the input multispectral images, resulting in
corresponding vegetation index feature maps. Subsequently, abnormal vegetation index
values (where the denominator is zero or negative values) are removed and normalized.
Finally, the processed results are merged with the original input images.

3.4. U2Net-Plus

Due to the limited spatial resolution of UAV images, it may not capture the subtle
features of FHB in wheat, and the wheat spikes may occlude each other, resulting in some
diseased areas not being fully presented in the images. These situations make it difficult to
accurately extract targets using the U2Net network, often leading to under-segmentation or
over-segmentation of the images. To address these issues, this paper proposes integrating
the CA attention mechanism and the RFB-S multi-scale feature extraction module, com-
bining multispectral bands and vegetation indices into the FHB in wheat identification
model U2Net-Plus.

The U2Net architecture, as shown in Figure 7, is a deep learning network designed
specifically for image segmentation tasks, aiming to accurately divide input images into
multiple semantically meaningful regions [34]. U2Net adopts a two-level nested U-shaped
structure, consisting of a six-stage encoder, a five-stage decoder, and a feature fusion output
module that connects the final stage encoder and decoder. Each stage is filled with a well-
configured RSU (Residual U-block). In this case, the encoder consists of six consecutive
stages, each of which is responsible for the progressive downsampling of the input image.
Downsampling is achieved by reducing the spatial resolution of the image, which helps the
network to capture more abstract image features. The RSU is a specially designed network
block that is able to reduce the problem of gradient vanishing during the training process
through residual connectivity while maintaining feature transfer. The decoder, on the other
hand, consists of five stages whose main task is to perform an upsampling operation that
gradually restores the original resolution of the image. In this process, the decoder remaps
the abstract features from the encoder into a higher resolution feature space. Each decoding
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stage also uses a well-configured RSU to ensure efficient transfer of information during the
feature reconstruction process.

Figure 7. Structure diagram of U2Net.

The network architecture first adopts an encoder–decoder structure, connecting the
encoder (upsampling path) and decoder (downsampling path) through skip connections
to maintain multi-scale information. This structure helps the network better capture
both local and global information in the image. U2Net introduces depth-wise separable
convolutions at various stages of the network, enabling U2Net to more effectively capture
spatial and channel information in the image, thereby improving the extraction of image
features. U2Net uses multiple repeated U-Net modules to further expand the receptive
field and enhance its understanding of complex images. Effective strategies are employed
for image upsampling and downsampling to ensure effective information processing at
different scales. In addition, a feature fusion module is introduced, which concatenates
the original input feature map with the feature maps generated during the encoding and
decoding process via shortcut branches, enhancing the network’s perception of global
information [35]. In terms of performance, U2Net stands out for its powerful feature
extraction and sensitivity to image details. It accurately segments objects in images and
maintains good recognition performance for fine structures. By ingeniously integrating the
U-Net structure with advanced deep learning techniques, U2Net successfully addresses the
complex challenges in image segmentation tasks, making it a highly regarded tool in the
field of image segmentation [36].

U2Net-plus is an improvement based on U2Net. In the bottom-downsampling part
of the left encoder of U2Net, this paper introduces the CA attention mechanism and
the RFB-S module to enhance the extraction capability of detailed information of the
target, better capture tiny features in the image, and improve the localization ability of
target edges, thereby improving the segmentation accuracy of the results. The structural
diagram of the improved network U2Net-plus is shown in Figure 8. Since the encoder is
responsible for progressively extracting semantic information and edge features from the
image, introducing the RFB-S module can enhance the segmentation accuracy and receptive
field of the network while reducing the computational complexity. Introducing the CA
attention mechanism allows the network to focus more on important spatial positions,
enhancing the expressive and perceptual capabilities of features.
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Figure 8. Structure diagram of the improved U2Net-plus.

Specifically, in the encoding part of the network, after passing through the RSU-7
module, the input feature map introduces the RFB-S module and the CA module in the
downsampling part. In the RFB-S module, by introducing convolutional kernels of different
scales and smaller parameter sizes, as well as using dilated convolutions and multi-scale
convolutional kernels, the output image is inputted into the CA module. In the CA module,
by encoding the feature map, a pair of feature maps with directional awareness and position
sensitivity are obtained. One feature map captures long-range dependencies, while the
other feature map retains precise positional information. These two types of feature maps
complement each other and are applied to the input feature map, thereby enhancing the
representation capability of the object of interest. The output feature map is then used
for feature extraction in the next stage of the RSU module, followed by upsampling using
bilinear interpolation.

4. Results

4.1. Analysis of Vegetation Index Selection Results

Different vegetation indices have different sensitivities to plant physiological char-
acteristics. Therefore, the selection of appropriate vegetation indices can more accurately
reflect the physiological changes caused by FHB in wheat. In this study, by testing the
performance of four vegetation indices, as outlined in Section 3.3, in different combinations
with multispectral bands fused models, the optimal vegetation indices for monitoring FHB
in wheat were selected to improve the accuracy and practicality of the model. The experi-
ments were conducted based on the RGB + RE + NIR five spectral bands, incorporating the
CA attention mechanism and RFB-S module.

The experimental results are shown in Table 3. In terms of accuracy, NDVI alone
has a higher accuracy compared to other single indices, indicating the effectiveness of
NDVI in reflecting vegetation health status. When combined with EVI, the accuracy further
increased to 91.73%, the highest among all combinations of vegetation indices, indicating
that the combination of the two can provide more comprehensive vegetation health infor-
mation. Observing recall and F1 scores, the NDVI + EVI combination also showed high
values, indicating that this combination can accurately segment the target of interest while
maintaining a low false positive rate and a high accuracy in recall. IoU and MIoU are used
to evaluate the overlap between predicted and true regions. In both of these metrics, the
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NDVI + EVI combination performed well, especially in MIoU, reflecting the consistency
and stability of this combination across all classes. The FWIoU metric reflects the Accuracy
of each class in semantic segmentation, and on this metric, the NDVI + EVI combination
still maintained high performance, indicating that this combination can provide more
accurate monitoring results for important classes.

Table 3. Performance comparison of different vegetation indices.

Vegetation Index Accuracy/% Recall/% F1/% IoU/% MIoU/% FWIoU/%

- 84.17 78.09 74.73 61.01 54.09 53.42
NDVI 88.63 81.19 76.24 69.12 78.74 70.21
DVIRE 85.23 76.19 70.80 64.06 74.89 66.57

EVI 84.25 80.86 71.51 64.69 74.00 65.30
NDVIrededge 84.19 72.76 69.91 54.93 64.87 63.53

NDVI + DVIRE 89.86 81.35 80.45 73.74 75.55 76.22
NDVI + EVI 91.73 87.29 87.51 78.36 80.04 75.26

NDVI + NDVIrededge 86.07 71.41 72.86 67.27 69.34 62.48
NDVI + EVI + DVIRE 89.16 82.24 87.29 70.83 71.96 67.71

NDVI + EVI + NDVIrededge 85.42 79.42 70.94 68.67 70.70 65.54

In summary, the NDVI + EVI combination performed well on various evaluation
metrics, demonstrating its superiority in monitoring wheat FHB. Therefore, this study
chooses to fuse the NDVI and EVI vegetation indices with multispectral bands.

4.2. Analysis of Ablation Experiment Results

The U2Net-plus model proposed in this chapter improves on the original U2Net
model in three aspects: first, the fusion of multispectral bands (SBs) with vegetation indices
(VIs); second, the addition of the CA attention mechanism; and third, the introduction
of the multi-scale feature extraction module RFB-S. To analyze the impact of the various
improvement methods proposed in this algorithm on the segmentation results of wheat
fusarium head blight, ablation experiments were designed for evaluation. The ablation
experiments were divided into five groups: the first group used the original U2Net model,
the second group added the CA attention mechanism to the U2Net network, the third
group added the RFB-S module to the U2Net network, the fourth group fused vegetation
indices on the basis of multispectral bands, and the fifth group simultaneously added the
CA attention mechanism, introduced the RFB-S module, and fused vegetation indices. The
training parameters used in the experiments were consistent. The specific results of the
ablation experiments are shown in Table 4.

Table 4. Comparison of ablation experimental results.

Improvement Methods Accuracy/% Recall/% F1/% IoU/% MIoU/% FWIoU/%

U2Net 83.26 76.24 74.15 63.75 68.83 61.37

U2Net + CA 84.45 78.59 74.48 66.71 70.45 68.26

U2Net + RFB-S 84.32 77.82 74.63 65.25 70.18 67.53

U2Net + VIs 89.51 80.68 82.74 76.52 77.18 73.24

U2Net + CA + RFB-S + VIs 91.73 87.29 87.51 78.36 80.04 75.26

The original U2Net model, serving as the baseline, demonstrated the initial perfor-
mance of wheat fusarium head blight segmentation, with an accuracy of 83.26%. After
introducing the CA attention mechanism, the model showed improvements in all per-
formance metrics, with the accuracy increasing to 84.45%. Recall and F1 also increased
correspondingly, indicating the enhancement of the attention mechanism on critical fea-
tures. Next, when only the RFB-S module was added, the accuracy slightly increased to
84.32%, and there was a significant growth in F1 and recall, indicating the positive impact
of the RFB-S module on the wheat FHB segmentation task in handling multi-scale features.
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In another experiment group, by fusing multispectral bands with vegetation indices, the
model’s performance was significantly improved, with the accuracy jumping to 89.51%,
demonstrating the effectiveness of this fusion strategy in enhancing the model’s ability to
identify fusarium blight. Finally, when the fusion of the CA attention mechanism, RFB-S
module, and vegetation indices was combined, the model achieved the best performance
on all metrics, with an accuracy of 91.73%. This result emphasizes the synergistic effect of
composite strategies in improving model performance and demonstrates the importance of
fine-tuning model structures for specific tasks. This comprehensive improvement method
not only significantly improves segmentation accuracy but also achieves the best results in
recall and F1 metrics, indicating the superiority of this method in identifying diseased areas.

4.3. Analysis of Performance Comparison Results of Different Models

To evaluate the effectiveness and rationality of the improved U2Net-plus network, this
paper compares it with mainstream deep learning segmentation networks SegNet, U-Net,
DeepLabV3+, and the original U2Net model through experiments. These networks are
trained on the same dataset and tested on the same test set. Subsequently, the segmentation
results are evaluated using the same evaluation metrics to qualitatively analyze their model
performance. The results are shown in Table 5.

Table 5. Comparison of experimental results of various models.

Segmentation Model Accuracy/% Recall/% F1/% IoU/% MIoU/% FWIoU/%

SegNet 82.14 73.91 72.35 62.27 69.38 64.45
U-Net 87.25 79.52 80.41 71.27 75.13 72.86

DeepLabV3+ 79.36 70.48 71.52 65.37 67.50 62.43

U2Net 83.26 76.24 74.15 63.75 68.83 61.37

U2Net-plus (proposed model) 91.73 87.29 87.51 78.36 80.04 75.26

For U2Net-plus, as an improved version of U2Net, all evaluation metrics have been
significantly improved and outperform other models, with an accuracy of 91.73%, recall
of 87.29%, F1 score of 87.51%, and IoU of 78.36%. These data indicate that U2Net-plus
has high generalization ability and accuracy in this task, significantly outperforming other
comparative models. In comparison, the U-Net model also demonstrates a considerable
accuracy of 87.25%. Although slightly lower than U2Net-plus, its robust performance
still demonstrates effective identification capabilities for FHB in wheat disease images.
Relatively, the performance of the SegNet and DeepLabV3+ models is less satisfactory for
this task. SegNet has an accuracy of 82.14%, surpassing DeepLabV3+’s 79.36% but still
lower than U-Net and U2Net-plus. Its performance limitation stems from its simple encoder–
decoder network structure, which fails to capture sufficient contextual information and
details when dealing with complex rust disease images. DeepLabV3+ performs the worst
in terms of performance because although it has a more complex network structure and
parameter quantity, its use of depth-wise separable convolution and dilated convolution
cannot learn generalized feature representations when the training data are insufficient,
making it prone to overfitting on small sample datasets.

5. Discussion

5.1. Selection of the U2Net Model

U2Net is selected for monitoring FHB in wheat based on UAV remote sensing imagery
due to its exceptional image segmentation capabilities, specifically designed to accurately
delineate objects within an image. Its nested U-shaped architecture with Residual U-blocks
(RSUs) facilitates comprehensive multi-scale feature extraction, capturing both local and
global features essential for identifying disease symptoms at various scales. U2Net’s
ability to handle fine-grained segmentation and its proven performance in segmentation
benchmarks make it ideal for detecting the subtle and varied manifestations of FHB.
Additionally, U2Net’s flexibility for incorporating enhancements, such as CA mechanisms
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and RFB-S multi-scale feature extraction modules, further improves its ability to focus on
relevant features and capture spatial dependencies, thereby enhancing the accuracy and
reliability of FHB detection in agricultural applications.

5.2. Selection of the CA Mechanism

In this study, the choice to introduce the CA mechanism in improving U2Net was mo-
tivated by the fact that although most deep neural networks employ attention mechanisms,
such as SE, BAM, and CBAM, to effectively enhance network performance, in the context of
UAV multispectral remote sensing image recognition, accurate spatial positional informa-
tion is equally crucial alongside channel correlations for target identification. However, the
SE mechanism has a drawback of potentially overlooking spatial localization information.
While BAM and CBAM perform global pooling on channels, they still struggle to capture
long-range contextual information, thereby limiting their applicability in UAV imagery.
To address this issue, the study opted for the Coordinate Attention mechanism, known
as Coordinate Attention. This attention mechanism not only effectively preserves precise
positional information but also enables the extraction of a broader range of contextual
information, thereby facilitating improved network performance, particularly suitable for
accurately capturing target locations and surrounding environmental features in UAV
multispectral remote sensing imagery.

5.3. Selection of the Vegetation Indices

To determine the optimal vegetation indices for monitoring FHB in wheat, the effects of
combining four specific vegetation indices—NDVI, DVIRE, EVI, and NDVIrededge—with
multispectral bands on model performance were tested. These indices were selected over
others due to their proven effectiveness in prior research which demonstrated that NDVI
and EVI are reliable spectral features for classifying healthy and FHB-affected wheat.
Additionally, DVIRE and NDVIrededge are highly sensitive to changes in vegetation
health and physiological characteristics, enabling the detection of areas impacted by FHB.
This comprehensive analysis supports the selection of these four vegetation indices for
identifying the most effective combination for monitoring FHB in wheat.

5.4. Application and Scalability

U2Net-plus’s ability to accurately segment fine-grained details in images stems from
its deep hierarchical architecture and nested U-structure. This structure enables the model
to capture both low-level and high-level semantic features, which are crucial for identifying
disease symptoms, crop growth stages, or nutrient deficiencies across different plant species.
As such, the model can potentially be fine-tuned or retrained with datasets specific to other
crops, allowing it to generalize its segmentation capabilities.

Given the abundance of labeled data for certain crops and the scarcity for others,
transfer learning becomes a powerful tool to extend U2Net-plus’s applicability. By pre-
training the model on a large, diverse dataset (e.g., ImageNet) and then fine-tuning it on a
smaller, targeted dataset of a specific crop, the model can rapidly adapt to the unique visual
characteristics of that crop. This approach has proven effective in numerous computer
vision tasks and can significantly reduce the need for extensive data collection and labeling
efforts for each new crop.

However, there are many potential challenges in deployment. As with any machine
learning model, the quality and quantity of training data directly impact U2Net-plus’s
performance. For less common or specialized crops, obtaining sufficient labeled images
can be challenging and costly. Moreover, variability in imaging conditions (e.g., lighting,
weather, camera angles) can introduce noise into the dataset, affecting the model’s accuracy.

Agricultural landscapes vary significantly in terms of soil type, climate, and irrigation
practices, all of which can affect the appearance of crops. U2Net-plus’s robustness to
these variations needs to be rigorously tested and potentially enhanced through data
augmentation or more sophisticated domain adaptation techniques.
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6. Conclusions

This study proposes an improved U2Net-plus unmanned aerial vehicle multispectral
remote sensing wheat stripe rust identification model to achieve rapid monitoring of wheat
stripe rust in large-scale farmland and improve the accuracy of wheat stripe rust monitoring
at the field scale. By introducing the CA coordinate attention mechanism, integrating the
multi-scale feature extraction module RFB-S, and combining the key spectral features of
multispectral bands with the optimal vegetation index, this model is based on the semantic
segmentation model U2Net. The following conclusions can be drawn through comparative
analysis of experimental results:

(1) By fusing multispectral bands with different combinations of four vegetation in-
dices, namely NDVI, DVIRE, EVI and NDVIrededge, the most favorable vegetation
index combination for monitoring FHB was selected, namely NDVI + EVI. After
fusing this vegetation index combination, the monitoring accuracy rate increased to
91.73%, which was improved compared with 84.17% before the vegetation index was
not fused.

(2) After combining the multispectral bands with the optimal vegetation index, this paper
continued to improve the original U-Net model by introducing the CA attention
mechanism and the multi-scale feature extraction model RFB-S. The effectiveness of
the improvement was verified through a series of ablation experiments. After the
improvement, the monitoring accuracy of FHB increased from 89.51% to 91.73%, an
increase of 1.86%.

(3) Compared with the traditional image segmentation network SegNet (82.14%),

DeepLabV3+ (79.36%), U-Net (87.25%), and the original model U2Net (83.26%), the
improved model U2Net-plus has significantly higher accuracy. The rapid improve-
ment fully confirms the great potential and effectiveness of the combination of deep
learning and multispectral remote sensing technology in the field of agricultural
disease monitoring.

This achievement provides an efficient and pragmatic novel methodology for moni-
toring diseases in medium-sized farmlands, spanning from tens to hundreds of hectares,
with the potential to significantly contribute to precision agriculture management practices.
Notably, despite the current constraints on UAV coverage, technological advancements and
cost reductions herald a promising future where multifaceted strategies—encompassing
the deployment of multiple UAVs for coordinated missions and seamless integration with
satellite data—will broaden UAV reach and enhance the scalability of the monitoring
system, thereby revolutionizing disease surveillance in agriculture.

Furthermore, the utilization of time series analysis represents a promising research
direction in the future. Developing multispectral data analysis methods based on time
series can be leveraged to monitor the development trends and transmission patterns of
FHB. It is also crucial to explore identification methods for FHB in wheat at different stages,
enabling timely interventions during various periods of disease occurrence.
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