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Abstract: A major concern in data-driven deep learning (DL) is how to maximize the capability of
a model for limited datasets. The lack of high-performance datasets limits intelligent agriculture
development. Recent studies have shown that image enhancement techniques can alleviate the
limitations of datasets on model performance. Existing image enhancement algorithms mainly
perform in the same category and generate highly correlated samples. Directly using authentic
images to expand the dataset, the environmental noise in the image will seriously affect the model’s
accuracy. Hence, this paper designs an automatic leaf segmentation algorithm (AISG) based on the
EISeg segmentation method, separating the leaf information with disease spot characteristics from
the background noise in the picture. This algorithm enhances the network model’s ability to extract
disease features. In addition, the Cycle-GAN network is used for minor sample data enhancement to
realize cross-category image transformation. Then, MobileNet was trained by transfer learning on an
enhanced dataset. The experimental results reveal that the proposed method achieves a classification
accuracy of 98.61% for the ten types of tomato diseases, surpassing the performance of other existing
methods. Our method is beneficial in solving the problems of low accuracy and insufficient training
data in tomato disease detection. This method can also provide a reference for the detection of other
types of plant diseases.

Keywords: image segmentation; deep-learning; image enhancement; Cycle-GAN; plant disease detection

1. Introduction

With the deepening of agricultural mechanization, people can produce enough eco-
nomic crops to meet daily needs. However, the production safety of crops is still threatened
by many factors such as climate change, plant diseases, etc.[1]. Plant diseases, in particular,
can seriously affect the agricultural economy, with mild cases affecting only a few plants
and severe cases resulting in a significant decrease in crop yield across entire fields [2].
Traditional methods for detecting plant diseases rely on on-site judgments by agricultural
experts or identification by farmers based on their own experience. Conventional subjective
methods are burdensome and require significant labor, while inexperienced farmers may
make misjudgments and indiscriminately use pesticides, which leads to the escalation of
disease spread. Environmental factors and planting methods also easily interfere with
growers’ recognition of diseases. To tackle these challenges, the use of deep learning tech-
nology for automatic plant disease recognition has emerged as a prominent agricultural
trend. Quick, accurate, and effective identification of plant diseases and pests is crucial for
improving crop yield and quality.

Sensors 2024, 24, 6692. https://doi.org/10.3390/s24206692 https://www.mdpi.com/journal/sensors

https://doi.org/10.3390/s24206692
https://doi.org/10.3390/s24206692
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sensors
https://www.mdpi.com
https://doi.org/10.3390/s24206692
https://www.mdpi.com/journal/sensors
https://www.mdpi.com/article/10.3390/s24206692?type=check_update&version=1


Sensors 2024, 24, 6692 2 of 17

Researchers have proposed various techniques for detecting and classifying plant
diseases in practical agricultural applications [3,4]. For example, [5] used pre-processing
segmented lesion regions from diseased leaves. After completing feature extraction, they
combined stepwise discriminant analysis, Bayesian discriminant analysis, principal com-
ponent analysis, and Fisher discriminant analysis to classify strawberry disease leaves.
The classification accuracy of this method reaches 94.71%. Choi et al. [6] classified five
apple foliage diseases using eight features (color, texture, shape) with a BP neural network,
which achieved a 92.6% average recognition accuracy. The above two methods adopt tradi-
tional manual feature extraction methods such as principal component analysis and texture
feature extraction. Artificial feature extraction methods can achieve very good results on
specific problems. But it also has obvious drawbacks such as requiring experts to invest a
lot of time and effort in designing and adjusting features; the process is easily influenced by
expert experience, and important features may be overlooked. These disadvantages have
greatly limited the application of artificial feature extraction methods.

Deep-learning techniques have made remarkable advancements in plant disease
recognition research in recent years. Dwivedi et al. [7] employed an attention mechanism
within a residual module to effectively learn disease features and detect three diseases
in tomato plants using the PlantVillage dataset. Notably, their approach achieved an
outstanding detection accuracy of 98% across the three types of diseases. Luo et al. [8]
used the residue network to identify maize diseases and used the TEL-Resnet network to
identify and classify different leaves with pests and diseases. Ferentinos et al. [9] showcase
GLDDN, a grape leaf disease detection network that utilizes dual attention mechanisms
for feature evaluation, detection, and classification. Experimental results on the dataset
demonstrate its superiority by achieving a 99.93% accuracy for three types of grape leaf
disease detection. In the work of Gadekallu et al. [10], a hybrid-principal component
analysis–whale optimization algorithm was employed to extract essential features from
the dataset. These features were then input into a deep neural network for tomato disease
classification, resulting in an accuracy of 94% for tomato disease recognition. Zhang et al.
[11] proposed using a dual attention semantic segmentation network for corn recognition.
The average cross-parallel ratio and average pixel recognition accuracy of the model are
improved. In addition, deep learning generalization and regularization are also important
methods for improving recognition accuracy [12]. Zheng et al. [13] used MobileViT, a
lightweight neural network, to complete real-time automatic modulation classification.
This method has strong robustness and high accuracy.

Traditional artificial feature extraction and deep learning-based methods are currently
the most commonly used methods for plant disease recognition. They can achieve good
results when applied to specific problems, but there are still some difficulties in practical
applications: (1) The problem with training datasets. The performance of deep learning
frameworks largely depends on the quality of a training dataset. High-quality datasets
improve the accuracy and robustness of models by providing comprehensive and diverse
data, thereby achieving better generalization and reducing bias in deep learning models.
Collecting images and creating datasets require a significant amount of manpower and
resources. (2) Noise interference problem. There are often many interfering factors in
images taken from nature. These interference factors make it difficult to extract disease
features from images. When training directly with these pictures, there are problems with
learning disabilities and low recognition accuracy.

Therefore, in order to improve the speed and accuracy of plant disease identification,
it is necessary to optimize existing identification methods. Image enhancement methods
can solve the problems of training datasets and noise interference encountered during
the recognition process. We can improve the accuracy of feature extraction by removing
noise from images through image segmentation and enhancement. The dataset can also
be expanded through methods such as rotation, brightness adjustment, and perspective
transformation.
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Images collected from nature commonly exhibit blurred features due to lighting issues.
Therefore, before inputting images into the training model, the images must be processed.
The processed image should have more prominent disease features to improve recognition
accuracy. The Retinex method is the most classic image enhancement method, which
enhances the contrast of images through logarithmic operations and Gaussian filtering
[14]. On this basis, multi-scale analysis techniques are introduced to remove background
noise. Wang et al. [15] proposed an underwater image enhancement framework based on
metalantis. Their method is divided into three stages. This method first performs virtual
underwater image synthesis and then estimates the depth map of the underwater image.
Finally, reinforcement learning is used for underwater image enhancement. Jin et al. [16]
introduced a new zero reference color self-calibration framework for enhancing low-light
images. It effectively emphasizes the channel representation containing fine-grained color
information, which achieves natural results in a progressive manner.

Currently, most researchers performing tomato plant disease classification only use
image datasets from laboratory environments and do not include data from other domains.
Moreover, the imbalanced distribution of samples in the dataset can hinder model gener-
alization and accuracy, resulting in suboptimal performance on real-world test data. To
address this issue, data augmentation techniques like flipping and rotation are extensively
employed to enrich datasets and improve model robustness. However, when sample data
are insufficient, traditional image enhancement techniques cannot generate new image
features within a category. To enable models to learn new features from enhanced images,
generative adversarial networks (GANs) have been proposed for application. The GANs
still have many limitations such as the inability to generate changes for specific targets.

Ref. [17] used several basic image enhancement techniques, such as image rotation,
brightness adjustment, perspective transformation, and affine transformation, to enhance
their dataset and train the model to achieve better results. Using these base image aug-
mentation techniques tends to generate highly correlated samples. These techniques are
usually only applied to one image at a time, and overuse may lead to overfitting, making
the enhanced image features lack variability.

The generative adversarial network (GAN) proposed by [18] has demonstrated remark-
able capabilities in diverse image synthesis tasks. GANs unlock additional information
about image features, resulting in more varied generated images and subsequently enhanc-
ing the performance of deep learning models. The primary learning goal of generative
adversarial networks is to create synthetic samples with similar feature distributions to the
training images.

Ref. [19] used DCGAN to increase the original dataset by two times to verify whether
the GAN network could help improve the learning capabilities of the model. They trained
on the InceptionV3 model, and they found that the accuracy of the enhanced dataset was
improved by about 20%, compared with the original dataset. They show that GANsen-
based data augmentation is beneficial for enhancing model learning performance.

Ref. [20] used Cycle-GAN to convert healthy apple images into diseased fruit images
so that their proposed plant disease detection model improved by about 5% in the F1-score.
Although Cycle-GAN has achieved excellent performance in image synthesis and style
transfer, there is no mechanism to label specific objects in the image to be transformed, so
the generated images may contribute little to the robustness of the model in plant disease
diagnosis. This means that background regions that people are not interested in may also
change together during this process.

In addition, some researchers have expanded the existing large datasets to alleviate
the problem of insufficient data. Nevertheless, a model’s performance could be limited
owing to the significant disparity between the collected natural environment pictures
and the existing laboratory environment pictures and the notable distinction between the
background environments in the field and laboratory settings [21].

Summarily, traditional image augmentation techniques lack feature changes and tend
to generate highly correlated examples, which can lead to overfitting during training.
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However, with generative adversarial networks, existing studies are enhanced in the same
category so that the new features after enhancement are limited. Based on Cycle-GAN,
we introduce a segmentation algorithm so that the network can realize the transformation
of specified regions of different categories of images. Thus, how to add as much obvious
feature information as possible in images is a major challenge for image enhancement
methods, and also a key problem for improving recognition accuracy.

In order to solve the above problems, we introduce a segmentation algorithm based
on Cycle-GAN so that the network can realize the transformation of the specified region of
different categories of images. Our study presents a deep learning framework for learning
image features associated with tomato diseases through the training of a dataset that
comprises tomato disease images. Through this approach, even in remote areas, farmers
can easily capture leaf images that may be affected by diseases, using only mobile devices to
determine the type of disease without relying on professional technicians. In our proposed
method, we use techniques such as image augmentation, image segmentation, and image
transformation to enhance the dataset and then train the pre-trained MobileNet [22] model
on these enhanced datasets to separate multiple diseases from leaf images. Our contribution
can be summarized as follows:

(1) This paper presents an automatic leaf segmentation algorithm (AISG) based on
EISeg, which is designed to address the color characteristics of crop leaves in real-world
environments. The AISG algorithm effectively removes environmental noise from leaves,
enhancing the practical performance of CNN and Cycle-GAN networks.

(2) We introduce a leaf segmentation algorithm based on the Cycle-GAN network so
that the network can realize the transformation of specific regions in the image. This image
enhancement method realizes the transformation between different categories, enhances
the image features, and has a particular application value.

(3) We collected crop images in the natural setting to augment the PlantVillage dataset,
creating a new dataset. Transfer learning was employed for training the models. The
capability of the method was evaluated through comparative experiments, thus validating
its performance and potential for crop disease recognition.

The study is structured as follows: Section 2 introduces the image enhancement
methods and the classification model system used. Section 3 provides details on the dataset,
experimental design, result analysis, and comparisons with other methods. Section 4
presents the conclusion and future work. Section 4 is the conclusion and future work of
this paper.

2. Methodology

We propose a cash crop disease recognition system to overcome the challenges arising
from complex background compositions in crop leaf images taken in field environments, the
diverse range of crops, and the uneven distribution of samples in existing disease datasets.
The method proposed in this paper combines the advantages of image processing and
deep learning techniques. This method can solve the constraints of complex backgrounds,
uneven samples, and other factors, thereby achieving accurate disease identification. The
flowchart of the proposed method is shown in Figure 1.

Our work can be divided into three main parts. Firstly, an automatic segmentation
method of crop leaves based on the EISeg tool [23] was used to separate the disease leaves
from the environmental background to facilitate the model in learning the significant
features of the disease. Then, the Cycle-GAN network is used to realize the mutual
transformation between different categories, and the small sample data are enhanced to
improve the model’s generalization ability. Finally, the pre-trained MobileNet model was
fine-tuned to realize the classification of crop diseases.
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Figure 1. Framework of crop disease recognition system combining image processing and deep
Learning.

2.1. The AISG Algorithm

In the process of image acquisition in practical applications, there will inevitably be
confusion about features of other objects in the images, such as the hands of the photog-
rapher, non-diseased leaves, soil, etc., which will significantly impact the classification
results of the model. Hence, performing image segmentation is essential as it mitigates the
impact of the objects above on the model’s discrimination, reduces computational overhead,
and accelerates the classification process for each image. Based on the EISeg interactive
segmentation method, aiming at its lack of human–computer interaction requirements, this
paper proposes an improved EISeg interactive segmentation method.

EISeg is a point-and-click interactive segmentation method. In practical applications,
click-based methods commonly utilize positive and negative categories of user clicks.
Positive clicks highlight the target object (foreground), while harmful clicks separate non-
target regions (background). This method only requires a few clicks to complete the object
segmentation task. Figure 2 is an example of this method. The EISeg algorithm has simple
steps, but it requires someone to help click to complete the segmentation. So, the EISeg
algorithm does not conform to the current trend, which greatly limits its application. The
green dots in the picture represent positive clicks, indicating that the selected part is the
foreground. The red dots represent negative clicks, indicating that the user has selected the
background section.

Figure 2. Illustration of interactive segmentation.
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Regarding this topic, we add some image processing steps before calling the EISeg
model to make up for the lack of manual interaction of the EISeg model so that it can
meet the needs of automatic, practical application. Before feeding the crop disease image
into the model, we use the super-green factor to replace the manual calibration of the leaf
and background pixels. For most crop leaves, the green component (G) in the color space
(RGB) is much larger than the other components. According to this feature, during the
initialization of the mask picture, the picture is processed by the green factor (2G-R-B), and
the pixels whose super-green factor is inferior to the Border T are marked as the background.
Otherwise, they are marked as the foreground. However, if only the super-green element is
used for calibration, it will cause missegmentation when facing the background of many
leaves, as shown in Figure 3.

Figure 3. False segmentation.

Building upon the preceding analysis, this study will propose the following steps
to enhance the segmentation method. The algorithm’s schematic diagram is depicted in
Figure 4:

Figure 4. Schematic diagram of the AISG Algorithm.

Step 1: Use the rectangle function of OpenCV to select the region of the target image.
The rectangle’s dimensions are decreased by one-fourth of the original image’s side length,
and an approximate plan for the target object’s location is devised.

Step 2: Using the super-green factor to determine the inside and outside of the rect-
angle, the green pixels outside the box are denoted as the possible background, and the
non-green pixels are indicated as the background. In the inside of the rectangle, the points
representing the foreground are marked according to the super-green factor to generate
the mask map. The blue dots inside the rectangle indicate that the foreground is selected.
The red and yellow dots outside the rectangle indicate that the background is selected. The
yellow dots are green pixels, while the red dots are non green pixels.

Step 3: Call EISeg algorithm for image segmentation.

2.2. Cycle-GAN as Synthetic Image Generator

In deep learning model training, enough labeled data are needed to achieve better
model performance. However, in practice, scarce or imbalanced data are common in the
agricultural field, and labeled data are expensive or difficult to collect. Traditional image
enhancement algorithms can only be varied within a specific category, but more desirable
variations can improve performance [24]. Drawing upon the aforementioned analysis, our
study will introduce a novel image enhancement method based on Cycle-GAN, which can
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realize the transformation from one category to another. The Cycle-GAN model inherits the
idea of adversarial training of GAN and realizes the mapping between the source domain
and the target domain without the pair relationship with the dual training and learning
mode. This feature of Cycle-GAN allows it to migrate without paired datasets.

Cycle-GAN is a generative adversarial network variant that maps images from one
domain to another without matching the correspondence between the two domains. Specif-
ically, Cycle-GAN works by splitting the mapping of a shot from one field to another into
two mappings: One model facilitates the transformation from domain A to domain B,
while the other enables the transformation from domain B to domain A. These mappings
are designed to invert each other, so Cycle-GAN can ensure consistency and similarity by
converting images to each other. The network structure of Cycle-GAN is shown in Figure 5.
By training these mappings, Cycle-GAN can generate high-quality images, enabling many
interesting applications such as style transfer, image conversion, and image enhancement.

Figure 5. The network structure of Cycle-GAN.

Table 1 displays the architecture of the generator, while Table 2 presents the configura-
tion of the discriminator in Cycle-GAN.

Table 1. The structure of the generator network for Cycle-GAN.

Layer Tpye Parameter

lnput lnput 3 × 256 × 256
Reflection Padding conv 3 × 336 × 336
32 × 9 × 9 conv, stride 1 conv 32 × 336 × 336
64 × 3 × 3 conv, stride 2 conv 64 × 168 × 168
128 × 3 × 3 conv, stride 2 conv 128 × 84 × 84
Residual block, 128 filters Residual block 128 × 80 × 80
Residual block, 128 filters Residual block 128 × 76 × 76
Residual block, 128 filters Residual block 128 × 72 × 72
Residual block, 128 filters Residual block, 128 filters 128 × 68 × 68
Residual block, 128 filters Residual block, 128 filters 128 × 68 × 68
64 × 3 × 3 conv,stride 1/2 conv 65 × 128 × 128
32 × 3 × 3 conv,stride 1/2 conv 32 × 256 × 256
3 × 9 × 9 conv,stride 1 conv 3 × 256 × 256

Table 2. The discriminator Network Architecture of Cycle-GAN.

Layer Tpye Parameter

lnput lnput 3 × 256 × 256
Down block Conv2d 4 × 4, 64
Down block Conv2d 4 × 4, 128
Down block Conv2d 4 × 4, 256
Down block Conv2d 4 × 4, 512
Conv, stride 1 Conv2d 4 × 4, 1
output output 16 × 16 × 1

In this study, we found that the image transformation achieved by Cycle-GAN is often
global. It will cause unnecessary background noise information to be transformed, which
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is harmful to the learning of the model. Therefore, before performing the Cycle-GAN
transformation to generate different types of images, the image will be segmented once.
The unwanted background will be removed in advance, to ensure the image transformation
is carried out in the target area.

2.3. Disease Detection in Plant with MobileNet

MobileNet is a lightweight, efficient convolutional model that is ideal for mobile
devices. Therefore, we chose MobileNet as the training model. Incorporating pre-trained
MobileNet, a lightweight convolutional network trained on the ImageNet dataset, for
tomato crop disease recognition through the transfer learning technique.The MobileNet
architecture used is described as follows:

MobileNet has undergone three generations of updates, and MobileNetv1 uses depth-
wise separable convolutions to build lightweight networks [25]. MobileNetV2 introduces
a novel inverted residual with a linear bottleneck unit, resulting in improved network
accuracy and speed despite the increased number of layers. MobileNetV3 takes advantage
of both machine learning techniques and manual fine-tuning to construct a more efficient
and lightweight network.

The model used in this paper is MobileNetv3, and the description of each layer is
shown in the Table 3. It comprises 15 Bneck layers, one standard convolutional layer, and
three pointwise convolutional layers, taking 224 × 224-pixel images as input. The first
convolutional layer unrolls the 2242 × 3 image input, and the middle is 15 Bneck layers to
learn the image features. It is followed by a pooling layer and two BN convolutional layers.
Each Bneck contains two pointwise convolutional layers and one deep convolutional layer.

Table 3. The structure of MobileNet.

Layer Input Output RELU

Conv2d 2242 × 3 16 HS
Bneck, 3 × 3 1122 × 16 16 RE
Bneck, 3 × 3 1122 × 16 24 RE
Bneck, 3 × 3 562 × 24 24 RE
Bneck, 5 × 5 562 × 24 40 RE
Bneck, 5 × 5 282 × 40 40 RE
Bneck, 5 × 5 282 × 40 40 RE
Bneck, 3 × 3 282 × 40 80 HS
Bneck, 3 × 3 142 × 80 80 HS
Bneck, 3 × 3 142 × 80 80 HS
Bneck, 3 × 3 142 × 80 80 HS
Bneck, 3 × 3 142 × 80 112 HS
Bneck, 3 × 3 142 × 112 112 HS
Bneck, 5 × 5 142 × 112 160 HS
Bneck, 5 × 5 72 × 160 160 HS
Bneck, 5 × 5 72 × 160 160 HS

Conv2d, 1 × 1 72 × 160 960 HS
Pool, 7 × 7 72 × 960 - -

Conv2d 1 × 1, NBN 12 × 960 1280 HS
Conv2d 1 × 1, NBN 12 × 960 k -

3. Implementation and Results
3.1. Dataset Description

The PlantVillage dataset, developed by David Hughes and Marcel Salathe, is a widely
used publicly available database and holds a prominent position in the field. It contains 38
categories for 14 plants and 26 diseases and 54,036 images. It is very suitable for training
plant disease detection and recognition models. However, the images in this dataset are
taken under a single background in a laboratory environment, there are no images taken
under complex natural conditions, and the number of samples is not balanced.

In order to ensure a balanced sample size in the dataset and a closer approximation
to real field scenes. We constructed our initial dataset through three different approaches.
Firstly, we selected 8000 laboratory environment photos from the PlantVillage dataset. Then,
we obtained 1824 photos of outdoor environments from various search engines. In addition,
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we utilized local planting bases and obtained 1892 images of tomato diseases in complex
environments under the guidance of professionals. Therefore, the initial dataset consists
of 11,716 photos. The sample size in the initial dataset is unbalanced and insufficient
to support achieving good recognition accuracy. Based on this, we have made certain
extensions to the dataset. Firstly, the sample images were subjected to horizontal, vertical,
random, and reverse folding operations, resulting in an additional 3502 images. Then, we
generated 3100 images using Cycle-GAN. The expanded dataset contains a total of 18,318
images. We classified various disease states of tomato crops into a compact dataset and
further divided it into training, validation, and testing sets in an 8:1:1 ratio. The detailed
distribution of the images is shown in Table 4.

Table 4. The details of dataset.

Category Sum Laboratory Field GAN

Bacterial Spot (TBS) 1587 1031 256 300
Early Blight (TEB) 1564 900 164 500

Healthy (TH) 1637 1637 0 0
Late Blight (TLB) 1556 1142 214 200
Leaf Mold (TLM) 1508 981 127 400
Leaf Spot (TLS) 1493 1000 293 200

Target Spot (TTS) 1571 1200 271 100
Spider Mites (TSM) 1628 1100 228 300
Mosaic Virus (TMV) 1458 430 128 900

Yellow leaf curl virus (YLCV) 1606 1128 278 200

3.2. Experimental Configuration and Evaluation Criteria

In the experiment, we used the expanded dataset for training and testing. We use
the PyTorch deep learning framework, and the programming environment is Python 3.6.
Referring to relevant literature, we set the PyTorch hyperparameters: Batch Size, Epochs,
and Learning Rate [26]. The Batch Size is 64, the Epoch is 20, and the Learning Rate is
0.001. The other experimental configurations are Windows 10 (64-bit) operating system,
16GB of experimental platform memory, Intel Core I7-9700K CPU with NVIDIA GeForce
GTX1660Ti 6GB GPU(GPU sourced from NVIDIA, Santa Clara, USA).

This study comprises five sets of experiments. The initial group of experiments
evaluates the test images using the segmentation algorithm before and after enhancement
to assess the algorithm’s effectiveness. In the second group of experiments, the trained
Cycle-GAN is used to enhance the small sample data, and the performance of Cycle-
GAN is qualitatively analyzed from the transformation effect, the quality of the generated
image, and the way of control experiments. In the third set of experiments, we divide the
dataset into four different types to train the model separately to verify the impact of data
augmentation on the model’s performance. The fourth set of experiments compared our
method with the methods adopted by other researchers. The fifth set of experiments is a
generalization experiment to verify the recognition accuracy of the proposed method on
other plant leaves.

Following the experiments, the proposed method’s performance was assessed using
various metrics, including Acc, Pre, Rec, F1-score, and the confusion matrix.

Acc =
TP + TN

TP + TN + FP + FN
(1)

Pre =
TP

TP + FP
(2)

Rec =
TP

TP + FN
(3)

F1 − score =
2 × TP

2 × TP + FP + FN
(4)
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Here, the notation TP represents True Positive, TN stands for True Negative, FP
denotes False Positive, and FN represents False Negative.

Furthermore, the Peak Signal-to-Noise Ratio (PSNR), an image quality metric, was
employed to assess the quality of synthetic pictures generated by Cycle-GAN.

PSNR = 20. log10(MAXI)− 10. log10(MSE) (5)

MSE =
1

mn

m−1

∑
0

n−1

∑
0
[I(i, j)− K(i, j)]2 (6)

where MAXI represents the maximum possible pixel value in image I, and MSE denotes
the mean squared error.

3.3. Result and Performance Analysis

This section presents the performance evaluation of the proposed method

3.3.1. Performance of AISG Algorithm

Within this section, we evaluate the effectiveness of the AISG method proposed in this
study by segmenting three randomly chosen images from the dataset and conducting a
comprehensive analysis. Figure 6 compares segmentation results between AISG and EISeg
algorithms on sample data. The first row of the image represents the original image, the
second row represents the image segmented by the EISeg algorithm, and the third row
represents the result of our AISG algorithm. Comparing the experimental results of the
second and third rows, we can see that the optimized AISG algorithm can better remove
background noise while preserving leaf information. From the second and third columns of
the figure, it can be seen that when there are multiple leaves or the lesion site overlaps with
the leaves, the EISeg algorithm cannot preserve the lesion information well. And our AISG
algorithm is able to separate target leaves with lesion information included. The results in
Figure 6 indicate that the AISG algorithm has better performance.

Figure 6. Diagram of the segmentation effect.

In this study, we evaluate the efficiency of the two algorithms through extensive
experiments and adopt the average time as the evaluation metric. In order to avoid errors
and improve the effectiveness of the results, we segmented the images of the dataset five
times and verified them in the actual scene image set. We measured the segmentation time
and accuracy of the two algorithms for each image. The results in Table 5 demonstrate
that the AISG algorithm outperforms the EISeg algorithm, exhibiting a remarkable 7%
improvement in accuracy. Moreover, the AISG algorithm reduces approximately 3 s in the
average time required for image segmentation. The enhanced stability of segmentation
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results further validates the effectiveness of the AISG algorithm, highlighting its significant
efficiency improvement in image segmentation.

Table 5. The correct rate and average time of segmentation algorithm.

Method Correct Rate Average Time (s)

EISeg 88.5% 4.01 s
AISG 95.3% 0.83 s

3.3.2. Performance of Cycle-GAN

In this section, we conduct a qualitative analysis of the Cycle-GAN performance.
Figure 7 displays tomato leaf pictures from the augmented dataset and the corresponding
diseased tomato leaf pictures transformed by Cycle-GAN. As shown in the figure, the
first row of images is the original image in the dataset, and the second row displays
the transformed image. From the first and second columns of images, it can be seen
that the synthesized image is very similar to the original image. This indicates that our
transformation method has good performance. The two images displayed in the third
column have similar structures, but there are significant differences in color. This is because
the lesion features are hidden in the original image due to lighting conditions. After the
Cycle-GAN transformation, the feature information in the image becomes more prominent.
Furthermore, we compare the PSNR values of the initial images with the transformed
synthetic images to assess the difference in image quality. Table 6 presents the PSNR values,
revealing that the images generated by the Cycle-GAN transformation closely resemble the
quality of the original images. To further evaluate the quality of the images after Cycle-GAN
transformation, we compared the multi-scale structural similarity (MS-SSIM) of the images.
Table 7 presents the MS-SSIM values, indicating a high degree of structural similarity
between the images generated by Cycle-GAN transformation and the original images.

Figure 7. The GAN generation effect.
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Table 6. The PSNR values are calculated between the original disease images and the Cycle-GAN
generated images for three classes.

Category OR (dB) GE (dB)

Leaf Mold (TLM) 30.23 31.367
Mosaic Virus (TMV) 31.114 32.944
Early Blight (TEB) 33.273 35.573

Table 7. The MS-SSIM values are calculated between the original disease images and the Cycle-GAN
generated images for three classes.

Category CC ROCC

Leaf Mold (TLM) 0.971 0.969
Mosaic Virus (TMV) 0.978 0.981
Early Blight (TEB) 0.975 0.977

At the same time, we also designed a set of comparative experiments to verify the
influence of generated images on the model’s generalization performance. In the exper-
iment, we trained the segmented dataset without small sample data augmentation and
the segmented dataset with small sample data augmentation. Their confusion matrices
are shown in Figure 8. The accuracy of several diseases enhanced by small sample data is
improved by about 1%, which shows that the model’s generalization can be enhanced by
using Cycle-GAN to generate small sample data.

Figure 8. Identification result confusion matrix.

3.3.3. Performance of Classification Model

In this section, we divide our dataset into the following four categories:
Data Model A ( DMA): Train the MobileNet model using the PlantVailage dataset

without any processing. The resulting model is named DMA.
Data Model B ( DMB): The crop disease data in the field environment were added to

the PlantVailage dataset, and the MobileNet model trained on this basis was named DMB.
Data Model C ( DMC): The extended PlantVailage dataset was segmented and en-

hanced before being input into the MobileNet model for training. The resulting model is
named DMC.

Data Model D ( DMD): The extended PlantVailage dataset is enhanced with small
sample data and then input into the MobileNet model for training after segmentation and
enhancement. The resulting model is named DMD.

Based on this foundation, we assess the classification performance of the proposed
model on four datasets: DMA, DMB, DMC, and DMD. The experimental results are
presented in Table 8. And the classification accuracy of our method in the four dataset
classification tasks is 95.74%, 93.8%, 98.18%, and 98.61%, respectively. Comparing DMA
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with DMB, we can find that adding images in the natural environment for training will cause
a particular decline in the model’s classification accuracy. Therefore, we added a set of tests
and input 20 field images into DMA and DMB, respectively, for classification experiments.
In the classification experiment, the accuracy of DMB reaches 85%. In comparison, the
accuracy of DMA is only 70%, which proves that the use of natural environment images
for training is more suitable for practical applications. When comparing DMB with DMC,
it becomes evident that removing background noise through segmentation processing
can enhance the model’s accuracy. Table 8 illustrates that the DMD model, implemented
with the proposed method, exhibits improvements in acc, pre, rec, and F1-score across all
categories when contrasted with the initial dataset. Furthermore, Table 9 showcases the
classification capability of the proposed method on a 10-class classification task using the
augmented dataset containing synthetic images.

Table 8. Acc, pre, rec, and F1-score of the models trained on different datasets.

Model Acc Pre Rec F1-Score

DMA 0.9574 0.9578 0.9574 0.9852
DMB 0.938 0.94 0.9378 0.9831
DMC 0.9818 0.9827 0.9784 0.9802
DMD 0.9861 0.9861 0.9857 0.9859

Table 9. Pre, Rec, and F1-score for ten disease classes of tomato.

Class Pre Rec F1-Score

TBS 0.984 0.997 0.99
TEB 0.98 0.974 0.977
TH 0.985 0.995 0.992
TLB 0.993 0.974 0.983
TLM 0.99 0.99 0.99
TLS 0.983 0.997 0.99

TMV 1 0.991 0.995
TSM 0.997 0.962 0.979
TTS 0.965 0.987 0.976

YLCV 0.984 0.99 0.987

mean 0.9861 0.9857 0.9859

In order to avoid the influence of accidental errors on the experimental results, we
used k rounds of cross validation to further evaluate the performance of the model. The
Fold cross validation method can effectively verify the recognition accuracy of the model.
The principle of Fold cross validation is to divide the raw data into groups and calculate
them separately. Therefore, the results calculated by this method are more convincing. In
this experiment, we used 10-fold cross validation, which means taking the average of 10
results as the final data. The experimental results are shown in Table 10.

Table 10. Ten-fold cross validation.

Fold Accuracy

1 91.5%
2 95.3%
3 97.8%
4 95.1%
5 94.5%
6 97.4%
7 89.2%
8 90.7%
9 96.5%
10 95.8%

3.3.4. Performance of Comparison

Compared to other convolutional networks, MobileNet has the characteristics of being
lightweight and efficient. It reduces the complexity of the network by reducing the number
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of linked or non-fully connected layers, decreasing the number of channels and convolution
kernel size, removing some feature maps, pruning and discretizing some unimportant
weights, etc. The MobileNetV3 used in this article combines the advantages of MobileNetV1
and MobileNetV2 with faster speed and accuracy. In addition, MobileNet performs well
in application scenarios on mobile devices. And our subsequent research is to apply our
method to mobile devices, so we chose MobileNet as the training model.

The fine-tuned MobileNet model was compared with other CNN networks in classifi-
cation experiments. The performance of the models is depicted in the Table 11. All models
are individually trained using the DMA and DMD methods. Notably, the MobileNet
model stands out by achieving an outstanding accuracy rate of 98.61% when tested on the
augmented dataset, surpassing the performance of all other pre-trained models. The results
evidently demonstrate that the expanded dataset, incorporating the methods employed in
this study, yields superior accuracy compared to the original dataset.

Table 11. Performance of other models on the augmented dataset.

Model Plant Village Augmented Dataset

VGG16 86.71% 88.62%
Resnet50 76.82% 81.15%
Inception 82.13% 85.42%

MobileNetv3 95.74% 98.55%

Numerous researchers have previously introduced diverse methods for detecting
tomato plant diseases in tomato leaf images. In this study, we compare our method with
other approaches presented in past research based on the PlantVillage dataset. Table 12
provides an overview of the effectiveness comparison between the proposed method and
existing approaches. The research detailed in the table primarily focuses on the classification
task involving 10 categories of tomato diseases.

Table 12. Comparison with other methods.

Model F1 (%) Acc (%) Pre (%) Rec (%) Time

[27] 89.25 89.63 88.76 89.58 413.26
[28] 90.85 90.76 90.28 90.65 428.67
[29] 92.85 93.36 93.05 93.23 419.21
[30] 94.23 94.33 93.85 94.02 415.32

Our model 97.03 96.89 96.96 97.11 393.51

In this experiment, we compared the experimental results of the proposed method with
other algorithms. The compared algorithms include the classic CNN model, ResNet101,
and other advanced algorithms (HCA MFFNet, ICAI-V4). As shown in Table 12, our model
outperforms the compared algorithms in F1, accuracy, recall, and average accuracy metrics.
In terms of training time, this model also has the shortest training time. This indicates that
our method has better performance.

3.3.5. Generalization Experiment

Generalization ability is an important indicator for evaluating the practicality of a
model. If a model can be applied to different types of plant leaf datasets, then the model
has strong generalization ability. The applicability and scalability of the proposed method
can be verified through generalization experiments. In the generalization experiment, we
applied the proposed method to different datasets to compare accuracy and recall. The
dataset used in this experiment mainly comes from two public datasets: the PlantVillage
and ImageNetDogs datasets. Both datasets contain laboratory images and field images.
We chose images of grapes, tobacco leaves, corn, and apples from PlantVillage for the
experiment.

The recognition accuracy of our model on different datasets is shown in Table 13. Our
model has high recognition accuracy for different types of plant disease images. According
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to the experimental results, it can be seen that the method proposed in this paper can be
applied to different datasets and has good generalization ability.

Table 13. Results of different datasets.

Dataset Acc (%) Rec (%)

ImageNetDogs 98.17 98.02
PlantVillage grape 98.35 98.23

PlantVillage tobacco 98.56 98.59
PlantVillage maize 98.67 98.54
PlantVillage apple 97.89 97.81

4. Conclusions

In recent times, deep learning-based approaches have exhibited remarkable advance-
ments in crop disease detection. Training datasets and noise interference seriously affect
detection accuracy. To solve this problem, we propose a method that combines image pro-
cessing and deep learning. In the proposed method, we expand the dataset in the laboratory
environment to make it more suitable for practical applications. Then, the background
noise is removed by image segmentation to improve the model’s accuracy and prevent the
Cycle-GAN network from translating unnecessary background information together. Then,
the small sample data are enhanced by the Cycle-GAN network. Finally, the enhanced
dataset is input into a fine-tuned moblienet for training. The proposed data augmentation
method improves the model’s accuracy, enhances the network’s generalization, and avoids
the overfitting problem. Our proposed method obtained an accuracy of 95.74% on the
original PlantVillage dataset, which significantly improved to 98.61% after applying the
augmented dataset. The experimental results show that our method is superior to existing
methods. At the same time, the proposed algorithm is not only applied to the field of
tomato leaf diseases but can also detect and identify other crop diseases. The proposed
algorithm is of great value for crop yield and crop pest control.

The limitation of our research is that we did not consider the issue of two or more
diseases appearing on one image. This situation is likely to occur in practical applications,
and our method still needs to improve the accuracy of identifying multi-disease leaves.
Therefore, in future research, we will further optimize our model to make it applicable
to more complex real-world scenarios. Another future research direction is to integrate
this disease recognition and classification method into mobile terminals, thus providing a
practical and powerful tool for the development of smart agriculture.

Author Contributions: Conceptualization, A.Y. and Z.L.; methodology, A.Y. and Z.L.; software, Z.L.,
Y.X. and P.W.; validation, A.Y., Y.X., and L.W.; formal analysis, L.W., J.S., and Z.L.; investigation, P.W.
and Z.L.; resources, A.Y. and Z.L.; data curation, A.Y. and Z.L.; writing—original draft preparation,
Z.L. and A.Y.; writing—review and editing, Y.X., P.W., J.S. and Z.L.; visualization, P.W. and Z.L.;
supervision, Y.X., J.S., and L.W.; project administration, L.W. and Y.X.; funding acquisition, A.Y. and
Y.X. All authors have read and agreed to the published version of the manuscript.

Funding: This work was supported in part by the National Natural Science Foundation of China
under Grant 61873249.

Institutional Review Board Statement: Not applicable

Informed Consent Statement: Not applicable

Data Availability Statement: The raw data supporting the conclusions of this article may be provided
upon reasonable requests for scientific research purposes.

Conflicts of Interest: The authors declare no conflicts of interest.



Sensors 2024, 24, 6692 16 of 17

References
1. Abbas, A.; Jain, S.; Gour, M.; Vankudothu, S. Tomato plant disease detection using transfer learning with c-gan synthetic images.

Comput. Elect. Agric 2021, 187, 106279.
2. Haikal, A.; Ridok, A.; Yudistria, N. Comprehensive mixed-based data augmentation for detection of rice leaf disease in the wild.

Crop Prot. 2024, 184, 106816.
3. Akila, M.; Deepan, P. Detection and classification of plant leaf diseases by using deep learning algorithm. Int. J. Eng. Res. Technol.

2018, 6, 1–5.
4. Cap, Q.H.; Uga, H.; Kagiwada, S.; Iyatomi, H. LeafGAN: An effective data augmentation method for practical plant disease

diagnosis. IEEE Trans. Autom. Sci. Eng. 2020, 19, 1258–1267.
5. Kondaparthi, A.K.; Lee, W.S.; Peres, N.A. Utilizing high-resolution imaging and artificial intelligence for accurate leaf wetness

detection for the strawberry advisory system (SAS). Sensors 2024, 24, 4836.
6. Choi, H.W.; Ahsan, S.M. Biocontrol activity of aspergillus terreus anu-301 against two distinct plant diseases, tomato fusarium

wilt and potato soft rot. Plant Pathol. J. 2022, 38, 33.
7. Dwivedi, R.; Dey, S.; Chckraborty, C.; Tiwari, S. Grape disease detection network based on multi-task learning and attention

features. IEEE. Sens. J. 2021, 21, 17573–17580.
8. Luo, Z.; Li, J.; Zhu, Y. A deep feature fusion network based on multiple attention mechanisms for joint Iris-Periocular biometric

recognition. IEEE. Sign. Process. Lett. 2021, 28, 1060–1064.
9. Ferentinos, K.P. Deep learning models for plant disease detection and diagnosis. Comput. Electron. Agric. 2018, 145, 311–318.
10. Gadekallu, T.R.; Rajput, D.S.; Reddy, M.P.K. A novel pca–whale optimization-based deep neural network model for classification

of tomato plant diseases using gpu. J. Real-Time Image Process. 2021, 18, 1383–1396.
11. Zhang, W.; Zhou, G.; Chen, B.; Hu, Y. Deep multi-scale dual-channel convolutional neural network for Internet of Things apple

disease detection. Comput. Electron. Agric. 2022, 194, 106749.
12. Zheng, Q.H.; Zhao, P.H.; Zhang, D.L.; Wang, H.J. MR-DCAE: Manifold regularization-based deep convolutional autoencoder for

unauthorized broadcasting identification. Intern. J. Intell. Syst. 2021, 36, 7204–7238.
13. Zheng, Q.H.; Saponara, S.; Tian, X.Y.; Yu, Z.G. A real-time constellation image classification method of wireless communication

signals based on the lightweight network MobileViT. Cognit. Neurod 2024, 18, 657–671.
14. Zhao, Z., Lin, H., Shi, D. A non-regularization self-supervised Retinex approach to low-light image enhancement with parameter-

ized illumination estimation. Patter. Recogn 2023, 146, 110025.
15. Wang, H.; Zhang, W.B.; Bai, L.; Ren, P. Metalantis: A comprehensive underwater image enhancement framework. IEEE. Trans.

Geosci. Remeto. Sensin 2024, 62, 51818319.
16. Jin, H.Y.; Chen, Y.J.; Zuo, F.; Su, H.N. Metalantis: Zero-CSC: Low-light image enhancement with zero-reference color self-

calibration. Commun. Image. Repres 2024, 104, 104293.
17. Ian, C.F.; Jean, P.A.; Mehdi, M.; Xu, B. Generative adversarial networks. Commui. ACM 2020, 63, 139–144.
18. Karthik, R.; Hariharan, M.; Anand, S.; Mathikshara, P. Attention embedded residual cnn for disease detection in tomato leaves.

Appli. Soft. Comput 2020, 86, 105933.
19. Kibriya, H.; Rafique, R.; Ahmad, M.; Adnan, S.M. Tomato leaf disease detection using convolution neural network. In Proceedings

of the 2021 International Bhurban Conference on Applied Sciences and Technologies (IBCAST), Islamabad, Pakistan, 12–16
January 2021; IEEE: Piscataway, NJ, USA, 2021; pp. 12–16.

20. Konidaris, F.; Tagaris, T.; Sdraka, M.; Stafylopatis, A. Generative adversarial networks as an advanced data augmentation
technique for mri data. Int. Jt. Conf. Comput. Vision, Imaging Comput. Graph. Theory Appl. 2019, 2019, 48–59.

21. Ma, L.J.; Zhang, F.Q. A nvel real-time detection and classification method for ECG signal images based on deep learning. Sensors
2024, 24, 5087.

22. Sandler, M.; Howard, A.; Zhu, M.L.; Zhmoginov, A.; Chen, L.C. Mobilenetv2: Inverted residuals and linear bottlenecks. In
Proceedings of the IEEE conference on computer vision and pattern recognition, Salt Lake City, UT, USA, 18–22 June 2018; pp.
4510–4520.

23. Zeng, S.; Zhang, H.Y.; Chen, Y.L.; Sheng, Z.Y. Swgan: A new algorithm of adhesive rice image segmentation based on improved
generative adversarial networks. Comput. Elect. Agric 2023, 213, 108226.

24. Tang, G.Y.; Ni, J.J.; Chen, Y.; Cao, W.D. An improved CycleGAN-based model for low-light image enhancement. IEEE. Sensors J
2023, 24, 21879–21892.

25. Hossain, M.I.; Jahan, S. Detecting tomato leaf diseases by image processing through deep convolutional neural networks. Smart.
Agricu. Techno 2023, 5, 100301.

26. Liu, Z.W.; Zhou, G.X; Zhu, W.K.; Chai, Y. Identification of rice disease under complex background based on PSOC-DRCNet.
Expert Syst. Applic. 2024, 249, 123643.

27. Pei, Y.T.; Huang, Y.P; Zou, Q.; Zhang, X.Y. Effects of image degradation and degradation removal to CNN-based image
classification. IEEEE Trans. Patter. Analys. Machin. Intell 2021, 43, 1239–1253.

28. Mahmud, M.S.; He, L; Zahid, A. Detection and infected area segmentation of apple fire blight using image processing and deep
transfer learning for site-specific management. Comput. Elect. Agric 2023, 209, 107862.



Sensors 2024, 24, 6692 17 of 17

29. Fang, S.D.; Wang, Y.F; Zhou, G.X.; Chen, A.B. Multi-channel feature fusion networks with hard coordinate attention mechanism
for maize disease identification under complex backgrounds. Comput. Elect. Agric. 2022, 209, 107486.

30. Zeng, N.X.; Gong, G.F; Zhou, G.X.; Hu, C. An accurate classification of rice diseases based on ICAI-V4. Plants 2023, 12, 2225.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


	Introduction
	Methodology
	The AISG Algorithm
	Cycle-GAN as Synthetic Image Generator
	Disease Detection in Plant with MobileNet 

	Implementation and Results 
	Dataset Description
	Experimental Configuration and Evaluation Criteria
	Result and Performance Analysis
	Performance of AISG Algorithm
	Performance of Cycle-GAN
	Performance of Classification Model
	Performance of Comparison
	Generalization Experiment


	Conclusions
	References

