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Abstract: Fallen leaf disease can lead to a decrease in leaf area, a decrease in photosynthetic products,
insufficient accumulation of fruit sugar, poor coloring and flavor, and a large number of fruits devel-
oping sunburn. To address the aforementioned issue, this article introduces a deep learning algorithm
designed for the segmentation and recognition of agricultural disease images, particularly those
involving leaf lesions. The essence of this algorithm lies in enhancing the Multi-scale Attention Net
(MA-Net) encoder and attention mechanism to improve the model’s performance when processing
agricultural disease images. Firstly, an analysis was conducted on MA-Net, and its limitations were
identified. Compared to res-block, Mix Vision Transformer (MiT) consumes relatively less time
during the training process, can better capture global and contextual information in images, and has
better robustness and scalability. Then, the feature extraction parts of different networks were used
as encoders to join the MA-Net network. Compared to a Position-wise Attention Block (PAB), which
has higher computational complexity and requires a larger amount of computing resources, Effective
Channel Attention net (ECANet) reduces the number of model parameters and computation by learn-
ing the correlation between channels, as well as having a better denoising ability. The experimental
results show that the proposed solution has high accuracy and stability in agricultural disease image
segmentation and recognition. The mean Intersection over Union (mIoU) is 98.1%, which is 0.2%
higher than traditional MA-Net; Dice Loss is 0.9%, which is 0.1% lower than traditional MA-Net.

Keywords: leaf lesions segmentation; agriculture; deep learning; accurate management; attention;
feature extraction; computer vision

1. Introduction

China is a major agricultural producer, and agriculture is the foundation of a pow-
erful country. Agricultural issues are related to people’s livelihoods and are one of the
fundamental issues in China. In the global agricultural system, China has always been
a major export country. Crop disease is one of the main agricultural disasters in China,
characterized by multiple types, significant impacts, and frequent outbreaks [1]. Its scope
and severity often cause significant losses to the national economy, especially agricultural
production.

There are several examples of apple leaf lesions. (1) Alternaria blotch mainly damages
leaves, petioles, annual branches, and fruits. It is one of the important diseases that causes
early leaf drop in apples, resulting in weakened tree vigor and reduced fruit yield and
quality. (2) Brown spot mainly damages leaves, followed by fruits and petioles. It is one
of the most important diseases, causing early defoliation of apples, and it is also the most
common and serious disease which causes defoliation of apple trees. (3) Grey spot mainly
damages leaves, but also branches, petioles, shoots, and fruits. The affected leaves generally
do not turn yellow and fall off, but severely affected leaves may appear scorched. (4) Mosaic
mainly damages leaves, causing discoloration, ring rot, distortion, and shrinkage of leaves
on severely affected trees. The disease slows down the growth of affected trees, sometimes
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leading to reduced yields and quality of early leaves. Affected fruits are not durable in
storage and are prone to inducing other diseases. (5) Rust mainly damages leaves, but can
also affect young branches, young fruits, and fruit stems, often causing early defoliation,
weakening tree vigor, and affecting yield.

The hazards of early fallen leaves mainly include the following aspects: a decrease
in leaf area leads to a decrease in photosynthetic products, which in turn affects the
accumulation of sugar in the fruit, resulting in color differences and poor flavor. If there is no
leaf cover, a large amount of fruit will be sunburned, further affecting the quality of the fruit.
Insufficient nutrition in the flower buds can lead to poor differentiation or degeneration,
and there may be no flowers or fruits the following year. The storage material of fruit
trees decreases in winter, and the leaves and branches are thin and weak in spring, making
them susceptible to cold and freezing damage. The early shedding of leaves can easily
lead to secondary flowering, further affecting the yield of flowers and fruits the following
year. The early shedding of leaves can seriously affect the vitality of trees, making them
more susceptible to other diseases and posing a threat to the health of fruit trees. Disease
problems have become a major factor limiting the growth of agricultural production. As
agricultural production becomes increasingly dependent on refined management, manual
disease treatment has become very cumbersome and unsustainable.

In recent years, deep learning technology has been applied in many fields, especially
in computer vision. Deep learning’s effectiveness in image segmentation has been widely
researched and confirmed. In the agricultural field, deep learning can be used for agri-
cultural image segmentation problems, such as distinguishing disease areas in disease
detection. This article will introduce the application of deep learning in agricultural disease
spot image segmentation. Firstly, the article will discuss the relationship between disease
detection and agricultural production, as well as the challenges they present. Next, it will
explain the principles of deep learning and the basic concepts of image segmentation. Then,
it will discuss how to apply deep learning to agricultural disease spot image segmenta-
tion and verify its accuracy and effectiveness through experiments. Finally, the potential
value and future development direction of deep learning in agricultural production will
be explored.

Contribution of this article:

(1) We annotated the original lesion images and split the dataset into five common apple leaf
pathology images, including alternaria blotch, brown spot, grey spot, mosaic, and rust.

(2) We propose an improved Multi-scale Attention Net (MA-Net) model using a Mix
Vision Transformer (MiT) as the encoder to capture global and contextual information
in images and using Effective Channel Attention (ECA) instead of MA-Net’s Position-
wise Attention Block (PAB) module to reduce the number of model parameters and
computation by learning the correlation between channels.

(3) Through comparative experiments, it has been proven that the improved model
achieves good segmentation results on the apple leaf lesion dataset, with Dice Loss of
0.9%, mean Intersection over Union (mIoU) of 98.1%, and accuracy of 99.6%.

The remainder of this paper is arranged as follows: in Section 2, we summarize
previous research findings and introduce traditional image segmentation methods and
the application of neural networks in the field of images; Section 3 is the methodology,
which introduces the improvement methods for MA-Net, production of the dataset, and the
experimental setup; Section 4 is the results, where we describe the experimental results; in
Section 5 we analyze the research results and explain the superiority of the method; Section 6
is the Conclusion, where we summarize the experimental results, discuss limitations, and
propose future research directions.

2. Related Works

Early disease and insect image recognition is mainly based on traditional machine
learning, which uses image preprocessing (grayscale, histogram equalization, color space
conversion, median filtering, etc.), image segmentation, and feature extraction techniques (lo-
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cal binarization, grayscale co-occurrence matrix, color co-occurrence matrix, inter grayscale
correlation matrix, etc.) to manually select and design features. Afterwards, specific machine
learning algorithms such as support vector machines, random forests, linear regression
analysis, principal component analysis, etc., are used to train their classification ability for
specific feature vectors in order to achieve the goal of identifying pest and disease images [2].

Tian, Y. et al. [3] trained and optimized the SVM model, by extracting the color, shape,
and texture features of grape disease spots, to identify grape diseases. They found that the
comprehensive features of color and texture have stronger expression ability than single
features. Li, Z. et al. [4] used the Back Propagation (BP) neural network to recognize and
classify the shape, color, and texture features of extracted grape disease spots; their results
showed that the recognition accuracy of grape disease spot samples reached 92.6%. In 2015,
Kaur, R. [5] conducted a study on the use of SVM to identify crop diseases. In order to
obtain clearer features, this method uses image segmentation algorithms to separate leaves
from the background. After adjusting the color tone, SVM can be used to classify diseases.
Huang, S. et al. [6] constructed a bag of words model for rice diseases using multispectral
images and identified the detected rice diseases using a bag of words dictionary. In the end,
they achieved a recognition accuracy of 94.72%, far higher than traditional spectral image
analysis methods. Podol et al. [7] utilized the K-Means clustering algorithm to preprocess
the identified samples and separate diseased grape leaves from the background. SVM was
used to extract disease classification from leaves, achieving a recognition rate of 88.89% for
grape diseases. Ma, Y. et al. [8] used object detection methods to determine the position
of grape leaves, extracted features of grape diseases using HOG (directional gradient
histogram), and then used SVM for classification and recognition. Islam M [9] identified
potato diseases based on multi-classification SVM. After separating the background and
lesions from the diseased leaves, they extracted the color and texture features of potato
lesions. Finally, using multi-class support vector machines to classify the extracted features,
they achieved a recognition rate of 95% for potato diseases. In 2018, Wang, Z. et al. [10]
proposed a method for identifying rice blast spores using additive cross kernel support
vector machines based on HOG features. This solved the shortcomings of traditional
recognition methods such as a cumbersome process, strong subjective dependence, and
low recognition rate, and achieved automatic recognition of rice blast spores. In 2019,
Sun et al. [11] used a simple linear iterative clustering algorithm as a preprocessing step
for segmentation to extract the significance map of tea plant diseases. They extracted
superpixel feature blocks from multiple directions using a grayscale co-occurrence matrix,
and used a support vector machine to classify and detect tea diseases. Zhu, R. et al. [12]
used denoising filtering algorithms to denoise the original image of barley leaves, and
separated the disease spots in the barley leaves from the background based on the color
and texture differences of different diseases. Support vector machines were then used to
identify the texture and color characteristics of barley disease spots.

Deep learning is a popular research area in artificial intelligence, particularly prevalent
in the field of computer vision. Deep learning, a branch of machine learning, is a multi-
processing layer computational model composed of multiple nonlinear transformations,
and combines shallow features of data to represent abstract high-dimensional semantic
information. In 2006, Hinton et al. [13], a leading figure in machine learning, first pro-
posed the concept of deep learning in the renowned academic journal Science. They used
self-supervised learning algorithms of deep trust networks to initialize network weights,
solving the problem of difficulties in optimizing deep learning models and triggering a
new wave of deep learning research.

Sladojevic et al. [14] proposed a plant disease recognition algorithm based on fine
tuning deep convolutional neural networks capable of detecting plant leaves and distin-
guishing between 13 different plant diseases and healthy leaves, achieving a recognition
accuracy of 96.3%. Brahimi et al. [15] proposed a tomato disease image recognition algo-
rithm based on deep convolutional neural networks. CNN was used to extract features from
tomato disease images, and visualization was used to locate tomato disease areas, achieving
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high recognition accuracy. Xiao, Z. et al. [16] used the Hough transform to locate potato
leaf disease areas and used morphological segmentation to segment disease areas. They
also used principal component analysis to adaptively fuse the color and texture features of
the disease, achieving rapid recognition of potato diseases. Veeraballi et al. [17] proposed a
deep learning based papaya disease image recognition algorithm which classifies papaya
disease images based on ResNet50. The algorithm can accurately identify papaya diseases
under complex conditions such as insufficient lighting and different image sizes, and has
high robustness. Zhang et al. [18] proposed an enhanced corn disease image recognition
algorithm using GoogLeNet. By adjusting parameters, improving pooling layers, and
reducing the number of classifiers, they improved both recognition accuracy and model
training efficiency for corn leaf diseases. Silva et al. [19] proposed a plant disease image
recognition algorithm based on multichannel convolutional neural networks. The algo-
rithm did not introduce pretraining parameters, but instead used the PlantVillage dataset
to train multichannel CNN from scratch. The model was trained on a segmented RGB
grayscale RGB dataset, which accelerated the training speed and significantly improved
the recognition accuracy of plant disease images. Hu, Z. et al. [20] extracted dispersed
early disease features of tomato leaves through a multi-layer attention residual module. To
enhance feature reuse, they fused low-level and high-level features to achieve fine-grained
recognition of tomato leaf diseases. Sharma et al. [21] used FCN to segment tomato leaf
diseases, and then used convolutional neural networks to recognize the segmented lesion
images. The recognition accuracy was significantly improved, but the recognition effect was
poor for diseases with dense lesions. Jiang et al. [22] proposed a rice leaf disease recognition
algorithm based on an improved convolutional neural network. The algorithm combines
CNN with support vector machine to extract features from rice leaf disease images. The
features extracted by CNN are classified using support vector machine. The optimal pa-
rameters of the support vector machine are obtained through tenfold cross-validation, and
the accuracy on the rice leaf disease image test set is 96.8%. Hou Jinxiu et al. [23] designed
a residual attention network to extract multichannel features, recalibrated them, and fused
them to solve the problem of identifying multiple types of plant diseases. Su et al. [24]
studied a DNN algorithm for real-time segmentation of weeds between rows. Compared
with DNN using traditional encoders, two new subnet structures were adopted to improve
segmentation accuracy. Liu, Y. et al. [25] used U-Net to perform semantic segmentation on
corn leaves and four common corn diseases, achieving better segmentation results than tra-
ditional image segmentation methods. Zhong Changyuan et al. [26] proposed an attention
module based on group activation strategy, which uses high-order features to guide the
enhancement of low-level features. By calculating the intra group enhancement coefficient,
the suppression effect between different groups is reduced, and the feature expression
ability is enhanced. ResNet18 is used to extract features, completing the segmentation of six
common disease images of cucumber and rice and improving the segmentation accuracy.
Su et al. [27] introduced a new data augmentation framework based on random cropping
and RICAP. This framework is utilized to enhance image classification data and expand
semantic segmentation tasks, resulting in improved segmentation accuracy. Jiang et al. [28]
proposed a multitask recognition algorithm based on improved VGG16. The algorithm uses
transfer learning to fine tune the parameters of VGG16 and trains the model using alter-
nating learning. It can simultaneously recognize wheat leaf diseases and rice leaf diseases.
Compared with the single task method, the proposed multitask recognition algorithm
has fewer training parameters and higher recognition accuracy. Xiangpeng, F. et al. [29]
proposed an improved CNN based corn disease recognition algorithm and designed a
convolutional neural network structure with five layers of convolution, four layers of
pooling, and two fully connected layers. The network was optimized using L2 regular-
ization and Dropout strategy and verified on a corn disease image test set. The average
recognition accuracy was 97.10%. Su, S. et al. [30] transferred the knowledge learned
from ImageNet to VGG16 to accelerate model training speed and achieve small sample
recognition of grape leaf diseases. Li, Q. et al. [31] transferred pretrained weights from
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ImageNet to ResNet, and designed an attention residual module to reduce the number of
parameters, solving the problem of rapid identification of corn diseases with small amounts
of data. Zhang, N. et al. [32] designed a multi-scale convolutional module based on an
attention mechanism to improve the ability of effective feature extraction, and applied it
to InceptionV3. At the same time, transfer learning was used during the training process
to avoid overfitting, achieving tomato leaf disease recognition. Wan, J. et al. [33] used
transfer learning and GoogLeNet to achieve fruit tree disease identification and severity
grading. Bao, W. et al. [34] introduced selective convolution in VGG16 to extract small
disease features and used transfer learning to train the model, solving the problem of
identifying small apple diseases.

3. Methodology
3.1. Proposed Model

MA-Net is an architecture based on U-Net with an added self-attention mechanism
for image segmentation. This mechanism captures the spatial and channel dependencies
of feature maps, taking into account multi-scale semantic information based on channel
dependencies between feature maps. As shown in Figure 1, we replaced the Res-blocks of
traditional MA-Net with MiT encoders as the encoder for the model. Replacing the PAB of
the original model with ECA. Connect the corresponding layers in the encoder and decoder
through skip connections, and enhance useful feature maps and suppress feature maps
with smaller contributions through MFAB.

Appl. Sci. 2024, 14, x FOR PEER REVIEW  5  of  20 
 

based corn disease recognition algorithm and designed a convolutional neural network 

structure with five layers of convolution, four layers of pooling, and two fully connected 

layers. The network was optimized using L2 regularization and Dropout strategy and ver-

ified on a corn disease image test set. The average recognition accuracy was 97.10%. Su, S. 

et al. [30] transferred the knowledge learned from ImageNet to VGG16 to accelerate model 

training speed and achieve small sample recognition of grape leaf diseases. Li, Q. et al. 

[31] transferred pretrained weights from ImageNet to ResNet, and designed an attention 

residual module to reduce the number of parameters, solving the problem of rapid iden-

tification of corn diseases with small amounts of data. Zhang, N. et al. [32] designed a 

multi-scale convolutional module based on an attention mechanism to improve the ability 

of effective feature extraction, and applied  it to InceptionV3. At the same time, transfer 

learning was used during the training process to avoid overfitting, achieving tomato leaf 

disease recognition. Wan, J. et al. [33] used transfer learning and GoogLeNet to achieve 

fruit tree disease identification and severity grading. Bao, W. et al. [34] introduced selec-

tive convolution in VGG16 to extract small disease features and used transfer learning to 

train the model, solving the problem of identifying small apple diseases. 

3. Methodology 

3.1. Proposed Model 

MA-Net is an architecture based on U-Net with an added self-attention mechanism 

for image segmentation. This mechanism captures the spatial and channel dependencies 

of feature maps, taking into account multi-scale semantic information based on channel 

dependencies between feature maps. As shown in Figure 1, we replaced the Res-blocks of 

traditional MA-Net with MiT encoders as the encoder for the model. Replacing the PAB 

of  the original model with ECA. Connect  the corresponding  layers  in  the encoder and 

decoder through skip connections, and enhance useful feature maps and suppress feature 

maps with smaller contributions through MFAB. 

 

 

Figure 1. The proposed structure of improved model. 

The  traditional  MA-Net  network  structure  mainly  consists  of  three  modules: 

Resblock, Position-wise Attention Block  (PAB), and Multi-scale Fusion Attention Block 

(MFAB). The improved MA-Net network in this article uses the Mix Transformer encoder 

(MiT) for mit_ b2 which replaces Res-block as the encoder for the new model. Using ECA 

attention modules instead of PAB allowed us to capture spatial dependencies between any 

Figure 1. The proposed structure of improved model.

The traditional MA-Net network structure mainly consists of three modules: Resblock,
Position-wise Attention Block (PAB), and Multi-scale Fusion Attention Block (MFAB). The
improved MA-Net network in this article uses the Mix Transformer encoder (MiT) for
mit_ b2 which replaces Res-block as the encoder for the new model. Using ECA attention
modules instead of PAB allowed us to capture spatial dependencies between any two
positional feature maps and model a wider range of rich spatial contextual information on
local feature maps.

3.2. Mix Vision Transformer

The backbone comes from SegFormer [35], a simple, efficient, powerful semantic
segmentation framework that unifies a Transformer with lightweight Multilayer Perceptron
(MLP) decoders. Main features: (1) a new hierarchical Transformer encoder that outputs
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multi-scale features without positional encoding. This avoids interpolation of positional
codes, reducing performance degradation when testing resolution differs from training.
(2) The MLP decoder avoids complexity by aggregating information from different layers,
combining local and global attention and offering strong representation capabilities. As
shown in Figure 2, the overall network model consists of two parts: an encoder and a
decoder. The encoder is composed of a layered Transformer module, while the decoder is
composed of MLP.
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Figure 2. The SegFormer network has two main modules: a hierarchical Transformer encoder to ex-
tract features, and a lightweight All-MLP decoder to fuse these features and predict the segmentation
mask. The FFN stands for feed-forward network [35].

The Transformer first achieved success in the natural language processing (NLP)
field, and later Dosovitskiy et al. pioneered the use of Vision Transformer (ViT) in the CV
field, achieving comparable results to CNN. ViT divides an image into fixed-sized patches,
linearly embeds each patch, adds positional embeddings, and provides the resulting vector
sequence to a standard Transformer encoder. For classification purposes, ViT uses a
standard method of adding additional learnable “classification markers” to the sequence.

The standard Transformer receives a one-dimensional sequence embedded with a flag
as input. To process two-dimensional images, ViT reshapes x ∈ RH×W×C into a series of
flat two-dimensional patches where xp ∈ RN×(P2•C), (H, W) represents the resolution of
the original image, C represents the number of channels, (P, P) represents the resolution of
every image patch, and N = H×W

P2 represents the number of patches, and can also be used
as an effective input sequence length for the Transformer. The Transformer uses a constant
latent vector size D in all layers, so ViT flattens the patch and maps it to the D dimension
through trainable linear projection. The output of ViT projection is called patch embedding.

SegFormer is a cutting-edge semantic segmentation Transformer framework that com-
bines efficiency, accuracy, and robustness. Compared to traditional methods, SegFormer’s
framework has redesigned the encoder and decoder. Firstly, the encoder does not use
interpolation position codes when inferring images of different resolutions from the train-
ing images. Therefore, SegFormer’s encoder can easily adapt to any testing resolution
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without affecting performance. Furthermore, the layered part allows the encoder to gener-
ate low-resolution rough features and high-resolution fine features, which contrasts with
ViT’s ability to generate a single descending feature map with a fixed resolution. Secondly,
SegFormer proposed a lightweight MLP decoder that utilizes Transformer induced features,
where lower-level attention tends to maintain locality, while higher-level attention is highly
non local. By aggregating information from different layers, local and global attention is
combined by the MLP decoder. Therefore, SegFormer has obtained a concise and direct
decoder that can demonstrate strong expressive power. SegFormer has created a range of
Mix Vision Transformer (MiT) encoders, from mit-b0 to mit-b5, with identical structures
but varying sizes.

3.3. ECA

Effective Channel Attention (ECA) is an improved version of SENet, which removes
the fully connected layer from the original SENet and replaces it with a 1 × 1 convolutional
kernel for processing, making the model parameters smaller and lighter.

As shown in Figure 3, obtain aggregated features of input features through Global
Average Pooling (GAP), and ECA generates channel weights by performing fast 1D convo-
lution with a size of k. Among them, k is adaptively determined by mapping the channel
dimension C. The goal of the ECA module is to appropriately capture local interactions
across channels, so it is necessary to determine the coverage range of interactions (i.e.,
the kernel size k of one-dimensional convolution). In different CNN architectures, the
optimized interaction coverage can be manually adjusted for convolutional blocks with
different channel numbers. However, manual tuning through cross validation will consume
a significant amount of computing resources.
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Therefore, a possible mapping was introduced:

C = ϕ(k) = 2(γ∗k−b) (1)

In this paper, we set γ and b to 2 and 1 for all experiments.
The kernel size k can be adaptively determined based on the channel dimension C:

k = ψ(C) =
∣∣∣∣ log2(C)

γ
+

b
γ

∣∣∣∣
odd

(2)

3.4. MFAB

The MFAB module aims to learn the importance of each feature channel from multi-
level feature maps without considering additional spatial dimensions. It can strengthen
useful feature maps based on the importance of each channel and weaken feature maps that
contribute less to the segmentation task. Specifically, it can describe the interdependence
between feature channels in high-level and low-level feature maps. Advanced features
have rich image semantic information, while low-level features that skip connections have
more edge information. Low-level features are used to restore the details of an image.
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Applying channel attention mechanisms to high-level and low-level features separately
enabled us to increase the weight of key information in each channel while reducing the
impact of irrelevant information.

As shown in Figure 4, we first input the advanced features into the convolutional
layers of 1 × 1 and 3 × 3. XHinput and XLinput have the same number of channels,
V = [V1, V2, . . . . . . , Vc] is the set of convolutional kernels, where Vc is the parameter of the
c-th convolution kernel. We were able to calculate output U = [u1, u2, . . . . . . , uc]:

uc = vc ∗ Xinput =
c

∑
i=1

(vi
c) ∗ xi (3)

where vc = [v1
c , v2

c , . . . . . . , vc
c] and Xinput = [x1, x2, . . . . . . , xc], Xinput ∈(XHinput or XLinput).

The ∗ here represents convolution.
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Then, the global average pooling is utilized to compress each feature into a numerical
column of 1 × 1 × C, and channel level statistical information is generated. Formally, the
statistical Sc1 and Sc2 are obtained by reducing the feature maps XHinput and XLinput. The
calculation method for the c-th element of S1 and S1 is:

Sc1 = FL(XLinput) =
1

H × W

H

∑
i=1

W

∑
j=1

uc(i, j) (4)

Sc2 = FH(XHinput) =
1

H × W

H

∑
i=1

W

∑
j=1

uc(i, j) (5)

H and W represent height and width, respectively, and uc represents the feature maps
of each channel. Then, a bottleneck layer with two fully connected (FC) layers and an
activation function is used to reduce the complexity of the model and capture channel
dependencies z1 and z2.

z1 = FLs(S1, P) = δ1(P1δ2(P2, S1)) (6)

z2 = FHs(S2, P) = δ1(P1δ2(P2, S2)) (7)
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here, P1 and P2 represent fully connected layers, and δ1 and δ2 represents the sigmoid
function and ReLU activation function, respectively. Then, we combine the channel outputs
of low-level and high-level features using functions.

z = Fadd(·) = z1 + z2 (8)

XHoutput is obtained by rescaling T with activated V.

∼
XHoutput−c = Fscale(Tc, Vc) = VcTc (9)

The final output Xoutput of MFAB is obtained by two 3 × 3 convolutional layers that
capture semantic information.

3.5. Dataset Production

The dataset used in this experiment was produced by Northwest A&F University. To
enhance dataset diversity, data were collected at the Baishui, Luochuan, and Qingcheng
Apple Experiment Stations of Northwest A&F University. The dataset was primarily
obtained under sunny and well-lit conditions, with some images collected on rainy or
cloudy days. The diverse collection conditions further increased the diversity of the dataset.
The dataset includes five common apple leaf pathological image data: 411 images of
alternaria blotch, 435 images of brown spot, 370 images of grey spot, 375 images of mosaic,
and 438 images of rust, totaling over 2029 images.

After annotation was completed, 1623 images were randomly selected as the training
set, and images were enhanced using the algorithm’s data augmentation library, a Python
library used for image enhancement. The purpose of image enhancement is to create new
data samples from existing datasets. Increasing training samples can help the model learn
more effective features and effectively prevent overfitting. A total of 12 enhancement
methods were used to expand the dataset, including horizontal flipping, vertical flipping,
random flipping (maximum 90 degrees), random brightness and contrast adjustment,
contrast limited adaptive histogram equalization, random cropping, resizing, random RGB
value changes, blurring, Gaussian noise, tone separation, and random adjustment of image
tone and saturation values. The expanded training set had a total of 21,099 images, and the
expanded effect is shown in Figure 5.
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3.6. Metrics

accuracy: the proportion of correctly predicted quantity, in positive and negative
examples, to the total quantity can be expressed by the formula:

accuracy =
TP + TN

TP + FP + FN + TN
(10)
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precision: based on the predicted results, the proportion of correctly predicted samples
with positive examples is:

precision =
TP

TP + FP
(11)

recall: based on actual samples, the proportion of correctly predicted positive samples
to the total of actual positive samples.

recall =
TP

TP + FN
(12)

F-score is a type of evaluation metric that harmonizes precision and recall:

F-score = (1 + α2)
P × R

α2 × P + R
(13)

when α = 1 h is an F1 score, which is the harmonic mean of precision and recall (both are
equally important). When α = 0.5, it is an F0.5-score (precision is more important than
recall). When α = 2, it is an F2-score (recall is more important than precision).

For classification problems, examples can be divided into four scenarios based on
the combination of their true category and the learner’s predicted category: True Positive,
False Positive, True Negative, and False Negative. TP, FP, TN, and FN represent the
corresponding number of examples, respectively. The confusion matrix of the classification
results is shown in Table 1.

Table 1. Basic concepts of positive and negative.

Actual Positive Actual Negative

Predictive positive (True Positive) TP (False Positive) FP
Predictive negative (False Negative) FN (True Negative) TN

Intersection over Union (IoU) is a standard for evaluating the accuracy of detecting
corresponding objects in a specific dataset. Any task that obtains a bounding box in the
output can be measured using IoU.

IoU =
|A ∩ B|
|A ∪ B| (14)

This article uses Dice Loss as the final loss function.
Dice Loss is named after the Dice coefficient, a metric used to assess the similarity

between two samples. The larger the value, the more similar the samples are. The mathe-
matical formula for the Dice coefficient is as follows:

Dice =
2|A ∩ B|
|A|+ |B| (15)

Dice Loss can be calculated as follows:

DiceLoss = 1 − Dice = 1 − 2|A ∩ B|
|A|+ |B| (16)

A and B represent the predicted binary image and the ground truth binary image, respectively.

3.7. Experimental Setting

The operating system of the experimental computer is Linux 5.15.0-56-generic, kernel
version # 63-20.04.1-Ubuntu SMP Tue Nov 22 21:24:20 UTC 2022, hardware platform x86_64.
Build experimental modules in Python 3.8.5. CUDA version is 11.7. Training batch_size is
32, num_workers are 8. The threshold of the evaluation indicator is 0.5. The initial learning
rate is 0.0001, which is adjusted to 1 × 10−5 after 25 training sessions.
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The evaluation indicators used in the experiment are Dice Loss, mIoU, accuracy, pre-
cision, recall, and F-score. Each experiment is trained 100 times. This paper first uses
resnet101 as the encoder. Under the same encoder, U-Net, U-Net++, MA-Net, Link-Net,
FPN, PSP-Net, PAN, DeepLabV3, and DeepLabV3+ are selected as the main structures. Af-
ter experimental comparison, it is proven that the segmentation effect of MA-Net is superior.
Afterwards, using MA-Net as the main structure, dpn98, se_resnet101, resnext101_32x8d,
timm-regnetx_006, timm-regnety_006, densenet169, timm-gernet_m, mit_b2, and mit_b3
were used as encoders, respectively. After experimental comparison, it was proven that
the segmentation effect is superior when using mit_b2 as the encoder. After selecting
mit_b2 as the encoder, we replaced the original attention module PAB of MA-Net with
attention modules SE, ECA, and CBAM. After experimental comparison, it was proven
that the segmentation effect is superior when using ECA. Finally, we used cross validation
to further evaluate the performance of the improved model.

4. Results

The feature extraction network model selected for the experiment is the resnet101
encoder, with different networks selected for the main structure and 100 training iterations.
U-Net, a popular model in medical image segmentation, had an mIoU of 0.97960 and a
Dice Loss of 0.01055. The mIoU of U-Net++ was 0.97875 and the Dice Loss was 0.01103,
indicating that the redesigned skip connections and multi-depth U-Net collaborative learn-
ing do not have significant advantages in leaf lesion segmentation and recognition. The
results of Link-Net and DeepLabV3 were similar, with mIoU values of 0.97841 and 0.97839,
respectively. The results of PAN and DeepLabV3+ were worse, with mIoU values of 0.97514
and 0.97549, respectively. The results of FPN and PSP-Net were the worst, with mIoU
values of 0.94500 and 0.94467, respectively. After comparison, it can be concluded that the
result with MA-Net as the main structure was the best, with an mIoU of 0.97973 and a Dice
Loss of 0.01048. This could be because MA-Net introduced PAB and MFAB. Our module
has further improved MA-Net by using MiT as the encoder and replacing PAB with ECA,
resulting in better results, with an mIoU of 0.97973 and a Dice Loss of 0.00947, as shown in
Table 2.

Table 2. Comparison of Different Network Experiments Based on Resnet101 Encoder.

Method Dice Loss mIoU Accuracy Precision Recall Fscore

U-Net 0.01055 0.97960 0.99648 0.98945 0.98945 0.98945
U-Net++ 0.01103 0.97875 0.99633 0.98898 0.98898 0.98898
Link-Net 0.01121 0.97841 0.99626 0.98880 0.98879 0.98879

FPN 0.02922 0.94500 0.99027 0.97080 0.97080 0.97080
PSP-Net 0.02943 0.94467 0.99021 0.97064 0.97064 0.97064

PAN 0.01297 0.97514 0.99571 0.98713 0.98713 0.98713
DeepLabV3 0.01122 0.97839 0.99627 0.98881 0.98881 0.98881

DeepLabV3+ 0.01274 0.97549 0.99576 0.98728 0.98727 0.98728
MA-Net 0.01048 0.97973 0.99651 0.98952 0.98952 0.98952

Ours 0.00947 0.98159 0.99684 0.99053 0.99053 0.99053

We continued to use MA-Net as the structure, selecting different feature extraction net-
works as encoders. The experimental results of dpn98, se_resnet101, and timm-gernet_m
were not good, with mIoU values of 0.97614, 0.97642, and 0.97574, respectively. The experi-
mental results of resnext101_32x8d, timm-regnetx_006, and timm-regnety_006 were better,
but did not exceed resnet101, with mIoU values of 0.97836, 0.97915, and 0.97705, respec-
tively. The experimental results of densenet169, mit_b3, and mit_b2 all exceeded resnet101,
with mIoU values of 0.98025, 0.98098, and 0.98123, respectively. After comparison, it can
be concluded that using mit_b2 as the encoder produced the highest mIoU, as shown in
Table 3.
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Table 3. Comparison of Experiments on Different Encoders Based on MA-Net.

Encoder Dice Loss mIoU Accuracy Precision Recall Fscore

resnet101 0.01048 0.97973 0.99651 0.98952 0.98952 0.98952
dpn98 0.01229 0.97614 0.99591 0.98772 0.98772 0.98772

se_resnet101 0.01220 0.97642 0.99594 0.98781 0.98781 0.98781
resnext101_32x8d 0.01118 0.97836 0.99628 0.98883 0.98882 0.98883
timm-regnetx_006 0.01078 0.97915 0.99641 0.98923 0.98923 0.98922
timm-regnety_006 0.01186 0.97705 0.99605 0.98814 0.98814 0.98814

densenet169 0.01019 0.98025 0.99661 0.98982 0.98982 0.98982
timm-gernet_m 0.01251 0.97574 0.99583 0.98750 0.98750 0.98750

mit_b3 0.00982 0.98098 0.99673 0.99019 0.99018 0.99018
mit_b2 0.00969 0.98123 0.99677 0.99031 0.99031 0.99031

Next, we used MA-Net as the structure and mit_ b2 as the encoder, and replaced
the PAB module of MA-Net. The structure of SENet is composed of SEblock blocks,
and the core idea is to adaptively adjust the weights of each channel by learning the
relationships between channels, thereby improving the network’s expressive power. The
CBAM module has two sub-modules: the Channel Attention Module and the Spatial
Attention Module, which can perform attention operations in both spatial and channel
dimensions to improve the model’s attention to important features. The ECA module
extracts important information from the feature map by weighting the channel dimensions
of the input feature map with attention. Compared to the original version, the experimental
results of all three attention modules improved to a certain extent. After comparison, it can
be concluded that the mIoU generated while using ECANet as the attention mechanism
was the highest, as shown in Table 4.

Table 4. Comparative experiment of different attention modules based on MA-Net and mit_b2.

Attention Dice Loss mIoU Accuracy Precision Recall Fscore

PAB 0.00969 0.98123 0.99677 0.99031 0.99031 0.99031
SENet 0.00964 0.98131 0.99679 0.99037 0.99037 0.99037
CBAM 0.00968 0.98124 0.99677 0.99032 0.99032 0.99032

ECANet 0.00947 0.98159 0.99684 0.99053 0.99053 0.99053

Next, we used different network structures as the main structure and resnet101 as
the encoder. FPN and PSP-Net were almost unable to accurately segment lesions, simply
because a large amount of background raises the mIoU. U-Net, U-Net++, and LINK-Net
performed well in segmenting five types of lesions, but were prone to misidentification
of grey spot, often misidentifying the withered areas of leaves as grey spot. PAN and
DeepLabV3+ both tended to misidentify grey spot as alternaria blotch. DeepLabV3 and
MA-Net had better segmentation and recognition of leaf lesions. After comparison, it can
be seen that when MA-Net is the main structure, the image segmentation effect for the five
types of lesions was the best. Our improved model for MA-Net performed better, as shown
in Figure 6.

Next, we used MA-Net as the main structure and different feature extraction networks
as encoders for comparative experiments. Dpn98 and timm-gernet_m could not distinguish
between alternaria blotch and grey spot. Se_resnet101 and timm-regnety_006 had poor
segmentation of grey spot and were prone to misidentifying it as alternaria blotch. The
segmentation effect of timm-regnetx_006 on mosaic disease was average. Resnext101_32x8d,
timm-regnetx_006, and densenet169 showed a tendency to misidentify the withered parts
of leaves as grey spot. The segmentation results of mit_b2 and mit_b3 were better, but
mit_b3 sometimes misidentified brown spot as grey spot. From the resulting image, it can
be seen that using mit_b2 as the encoder had the best segmentation effect on the five types
of lesions, as shown in Figure 7.



Appl. Sci. 2024, 14, 1716 14 of 20

Using MA-Net as the main structure and mit_b2 as the encoder, experiments were
conducted using different attention modules. SENet, CBAM, and ECA showed good
segmentation and recognition effects on the five types of lesions. However, SENet misiden-
tified alternaria blotch and brown spot, while CBAM misidentified brown spot and grey
spot. From the resulting images, it can be seen that using ECA as the attention module had
the best segmentation effect on the five types of lesions, as shown in Figure 8.

In deep learning, performance evaluation of models is crucial. However, the traditional
single model evaluation method is often affected by the data set partition, and cannot give
an accurate performance evaluation. To address this issue, cross-validation has been widely
adopted as a more accurate and reliable evaluation method. Cross-validation provides a
more accurate estimate of the model’s generalization ability by dividing the original dataset
into multiple subsets and using these subsets for multiple model training and performance
evaluations. This article uses the threefold cross-validation method, which divides the
original dataset into three subsets. Each time, two subsets are selected as the training set,
and the remaining subset is used as the validation set. This process is repeated three times,
each time selecting a different subset as the validation set. The results are shown in Table 5.
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Appl. Sci. 2024, 14, 1716 15 of 20

Appl. Sci. 2024, 14, x FOR PEER REVIEW  15  of  20 
 

Next, we used MA-Net as  the main structure and different  feature extraction net-

works as encoders  for comparative experiments. Dpn98 and  timm-gernet_m could not 

distinguish between alternaria blotch and grey spot. Se_resnet101 and timm-regnety_006 

had poor  segmentation of grey  spot and were prone  to misidentifying  it as alternaria 

blotch. The segmentation effect of timm-regnetx_006 on mosaic disease was average. Res-

next101_32x8d, timm-regnetx_006, and densenet169 showed a tendency to misidentify the 

withered parts of leaves as grey spot. The segmentation results of mit_b2 and mit_b3 were 

better, but mit_b3 sometimes misidentified brown spot as grey spot. From the resulting 

image, it can be seen that using mit_b2 as the encoder had the best segmentation effect on 

the five types of lesions, as shown in Figure 7. 

 

Figure 7. Example of the results of lesion segmentation using different encoders on the test dataset. 

Purple represents alternaria blotch, blue represents brown spot, cyan represents grey spot, green 

represents mosaic, and yellow represents rust. 

Figure 7. Example of the results of lesion segmentation using different encoders on the test dataset.
Purple represents alternaria blotch, blue represents brown spot, cyan represents grey spot, green
represents mosaic, and yellow represents rust.



Appl. Sci. 2024, 14, 1716 16 of 20

Appl. Sci. 2024, 14, x FOR PEER REVIEW  16  of  20 
 

Using MA-Net as the main structure and mit_b2 as the encoder, experiments were 

conducted using different attention modules. SENet, CBAM, and ECA showed good seg-

mentation and recognition effects on the five types of lesions. However, SENet misidenti-

fied alternaria blotch and brown spot, while CBAM misidentified brown spot and grey 

spot. From the resulting images, it can be seen that using ECA as the attention module 

had the best segmentation effect on the five types of lesions, as shown in Figure 8. 

 

Figure 8. Example of the results of lesion segmentation on different attention modules on the test 

dataset. Purple represents alternaria blotch, blue represents brown spot, cyan represents grey spot, 

green represents mosaic, and yellow represents rust. 

In deep learning, performance evaluation of models is crucial. However, the tradi-

tional single model evaluation method is often affected by the data set partition, and can-

not give an accurate performance evaluation. To address this issue, cross-validation has 

been widely adopted as a more accurate and reliable evaluation method. Cross-validation 

provides a more accurate estimate of the model’s generalization ability by dividing the 

original dataset into multiple subsets and using these subsets for multiple model training 

and  performance  evaluations.  This  article  uses  the  threefold  cross-validation method, 

which divides the original dataset into three subsets. Each time, two subsets are selected 

as the training set, and the remaining subset is used as the validation set. This process is 

repeated three times, each time selecting a different subset as the validation set. The results 

are shown in Table 5. 

   

Figure 8. Example of the results of lesion segmentation on different attention modules on the test
dataset. Purple represents alternaria blotch, blue represents brown spot, cyan represents grey spot,
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Table 5. Result of 3-fold cross-validation.

Fold Dice Loss mIoU Accuracy Precision Recall F-Score

Fold1 0.00988 0.98001 0.99653 0.99010 0.99010 0.99010
Fold2 0.01083 0.97932 0.99639 0.98917 0.98917 0.98917
Fold3 0.01224 0.97633 0.99592 0.98777 0.98777 0.98777

To evaluate and optimize the performance of machine learning models, a performance
graph is used to visually observe the performance of the model at different training stages.
Figure 9 shows the performance of the model on the validation set. It is obvious that the
model has undergone good training and achieved stability.
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To evaluate the generalization performance of a given algorithm trained on a specific
dataset, the dataset was subjected to threefold cross-validation.

5. Discussion

The automatic segmentation of plant lesions helps agricultural experts in clinical diag-
nosis to accurately outline the lesions and assist farmers in immediate treatment of crops.
This article designs a plant leaf lesion segmentation network based on an improved MA-
Net. We introduced a Mix Vision Transformer and ECA into this method. To demonstrate
the superiority of this method, this paper first used resnet101 as the encoder. Under the
same encoder, U-Net, U-Net++, MA-Net, Link-Net, FPN, PSP-Net, PAN, DeepLabV3, and
DeepLabV3+ were selected as the main structures. After experimental comparison, it was
proven that the segmentation effect of MA-Net is superior, as the mIoU reached 0.97973.
Afterwards, using MA-Net as the main structure, dpn98, se_resnet101, resnext101_32x8d,
timm-regnetx_006, timm-regnety_006, densenet169, timm-gernet_m, mit_b2, and mit_b3
were used as encoders, respectively. After experimental comparison, it was proven that
the segmentation effect is superior when using mit_b2 as the encoder, as the mIoU reached
0.98123. After selecting mit_b2 as the encoder, we replaced the original attention module
PAB of MA-Net with attention modules SE, ECA, and CBAM. After experimental com-
parison, it was proven that the segmentation effect is superior when using ECA, as the
mIoU reached 0.98159. Compared to Res-block, MiT consumes less time during the training
process, can better capture global and contextual information in images, and has better
robustness and scalability. Compared to PAB, which has higher computational complexity
and requires a large amount of computing resources, ECA reduces the number of model
parameters and computation by learning the correlation between channels. ECA also has
better denoising ability.

ECA learns channel attention through a 1D convolutional layer, thereby reducing
computational complexity. PAB usually contains two fully connected layers, so the compu-
tational complexity of PAB is relatively high. Due to the low computational complexity
of ECA, the required time is also relatively small. ECA itself does not add additional
parameters, and the number of parameters mainly depends on the number of channels in
the input feature map. The number of parameters in ECA is relatively small, with only
one convolutional layer parameter. PAB has a large number of parameters, including the
parameters of two fully connected layers.

Parameters are the variables that are learned and optimized by the model during the
training process. They are specific to the model and are adjusted based on the available data.
Parameters help the model to capture patterns and trends in the data, and they are typically
initialized with random values. Parameters are typically optimized using algorithms like
gradient descent, which update the values of the parameters to minimize the error on the
training set. The number of parameters is related to the number of channels in the input
feature map, assuming there are C channels in the input feature map. As shown in Table 6,
ECA has certain advantages in computational complexity, computation time, and number
of parameters.

Table 6. Comparison of attention modules. The size of the input feature map is H × W, C is the
number of channels, D is dimension, r is the compression ratio (usually 16), the size of the convolution
kernel is k × k, the number of attention heads is h, and the sequence length is n.

Attention Computational Complexity Time Taken Parameters

PAB O(D2 + D2 + n2 × h + n × D × h) 0.01294 s 5C2 + C3/8
SENet O(H × W × C + C2) 0.00032 s 2 × C/r
CBAM O(C × k1× k1× H ×W + H ×W × k2× k2× C) 0.00038 s C × (C + 2) + k2 × C

ECANet O(C × D + D2) 0.00026 s 2 × C
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6. Conclusions

This article studies the image segmentation problem of plant leaf lesions. This article
proposes an improved MA-Net network architecture for plant disease spot segmentation.
We annotated and expanded the apple leaf image dataset captured by Northwest A&F
University in 2019, replaced the encoder and attention module of traditional MA-Net, and
conducted comparative experiments. The experimental results show that the algorithm
proposed in this article can achieve good segmentation results when processing the 2019
apple leaf dataset from Northwest A&F University. Compared with traditional image
processing methods, the algorithm proposed in this paper has advantages in accuracy and
robustness. This method helps farmers in their crop control process. However, there are
also shortcomings in the experiment. In complex outdoor environments, the performance
of segmentation algorithms is affected by issues such as occlusion, uneven lighting, and
shadows. Different growth stages and varieties may exhibit different disease characteristics,
posing challenges for identification. Deep learning technology requires a large amount of
annotated data, and in certain regions or specific crops there are many types of diseases and
a large amount of annotation work. Future research might focus on the use of deep learning
techniques to integrate multiple modalities of data (such as spectra, textures, shapes, etc.)
to improve the accuracy and robustness of disease recognition. In the absence of a large
amount of annotated data, unsupervised and semi-supervised learning methods such
as self-supervised learning, transfer learning, and weakly-supervised learning might be
further researched to reduce dependence on a large amount of annotated data. In order to
achieve real-time diagnosis on devices with limited resources, research might be conducted
on how to prune deep learning models to reduce model size and computational complexity,
making them more lightweight.
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