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Abstract
BACKGROUND: Achieving accurate and reliable maize disease identi�cation in complex environments is a
huge challenge. This is because disease images obtained from natural environments are often in complex
contexts that may contain elements similar to disease characteristics or symptoms.

RESULTS: Based on cascade network and two-stage transformation learning, the new algorithm is proposed in
this paper and applied the improved algorithm to the task of identi�cation and classi�cation of four maize
leaf diseases in a complex environment. The proposed algorithm has a cascade structure, which consists of a
Faster R-CNN object detector, and a convolutional neural network (CNN) object classi�er, named CENet
(Complex Environment Network). The Faster R-CNN object detector with an attention mechanism was trained
to detect maize leaves from the image, and the CNN object classi�er further classi�ed the leaf disease
detected in the �rst stage into four categories: Cercospora leaf spot, Common rust, Northern Leaf Blight, and
Healthy, which allowed image features to be extracted more e�ciently. The subsequent use of a two-stage
transfer learning strategy to train CENet models of disease images in complex contexts allows for faster
training of the models while ensuring accuracy. Experimental results showed that the proposed method
achieved a test accuracy of 99.34% for four kinds of maize leaf diseases, outperformed some prevalent CNN
models, such as VGG16, Inception, and ResNet101, and has a more signi�cant improvement in training speed.

CONCLUSION:  The experimental results show that the method proposed in this paper can identify and
classify different varieties of maize leaf diseases, proving the feasibility of a convolutional neural network in
variety identi�cation and classi�cation. The model proposed in this experiment has a positive signi�cance for
exploring other Crop variety identi�cation and classi�cation under complex backgrounds.

1. Introduction
Maize is a major crop in China, with the largest planting area and yield, and also plays an important role in
light industry, animal husbandry, and the national economy. Maize diseases not only reduce the maize yield
but also affect the development of related industries and economies. At present, the manual method is the
main method to identify maize diseases in China. The labor process of using manpower to identify maize
diseases is not only ine�cient, but also easy to be disturbed by subjective factors such as fatigue and
emotion, and can only be identi�ed when the obvious symptoms appear (Chen et al., 2020). Therefore, how
recognizing the diseases of maize leaves quickly and accurately and taking appropriate control measures is of
great signi�cance to ensure maize production.

The research on crop image disease recognition abroad began in the 1980s. Researchers have extensively
used a variety of traditional machine learning methods to study the image recognition technology of
agricultural diseases, including the support vector machine classi�er method(Semary et al., 2015), PNN
method(Shi et al., 2015), K-nearest neighbor classi�cation method(S. W. Zhang et al., 2015), BP network
method(Wang et al., 2012), and so on, which has played a positive role in promoting the application of
information technology in agricultural disease image recognition research. However, the traditional machine
learning method has some shortcomings, such as limited learning and expression ability, manual extraction of
features, and unsuitable for processing large amounts of data.
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The deep learning method can effectively solve the problem of big data learning and modeling. In recent years,
researchers have carried out a lot of research work in agricultural disease image recognition based on deep
learning. Hammad Saleem et al. (2020) proposed an image-based deep learning meta-structure model to
identify plant diseases. Long et al. (2018) proposed a recognition method based on a convolutional neural
network and transfer learning for Camellia oleifera disease image recognition, and the average recognition
accuracy reached 96.53%. Based on the characteristics of maize foliar diseases, Zhao et al. (2009) applied the
threshold method, area marker method, and Freeman link code method to diagnose �ve major diseases of
maize foliage with an accuracy of more than 80% Y Liu et al. (2018). applied the Triplet loss double
convolution neural network structure to study the features of corn images, and then used the SIFT algorithm to
extract texture features, and the classi�cation accuracy was above 90%. Zeng and Li (2020)proposed the Self-
Attention Convolutional Neural Network(SACNN)to identify crop diseases, and extensive experimental results
showed that the recognition accuracy of SACNN on AES-CD9214 and MK-D2 was 95.33% and 98.0%,
respectively. Compared with the traditional machine learning methods, a deep learning framework can
automatically learn the features contained in the image data. When the data set reaches a certain size, it can
achieve better accuracy and robustness in the agricultural disease image recognition task. However, the
application of deep learning in agricultural disease image recognition still has some problems, such as large
training data set, over-reliance on data annotation, limited generalization ability of the model, and high
requirements on hardware computing power.

The deep transfer learning method can use the learned knowledge in the �eld of big data to assist in the
building data model in the �eld of smaller goals, directly reducing the size of the target domain modeling for
data requirements, which includes the research �eld of agricultural disease image recognition. Researchers
have carried out some related research work(Fang et al., 2017; Yuan et al., 2018; K. Zhang et al., 2019), using
some existing large image datasets to assist in establishing the image recognition model of target disease
with small sample data, and achieved certain results.

Although deep learning models for agricultural disease recognition are becoming more and more mature and
some research results have been achieved, however, most of the research is based on disease images
collected in the laboratory environment, and few studies focused on disease recognition in the actual
farmland environment. When these methods are applied to the actual farmland environment, the detection
and recognition results are easily affected by the complex environment and the image shooting environment.
The recognition accuracy will be greatly reduced, and the applicability is poor with limitations. Compared with
the existing methods, the main contributions of this paper are as follows:

We proposed an effective maize disease identi�cation method in complex environments based on
cascade networks and two-stage transfer learning. The cascade networks were composed of a Faster R-
CNN leaf detector (denoted as LS-RCNN) and a CNN disease classi�er (denoted as CENet).

Two-stage transfer learning strategy was proposed to successfully perform transfer learning to train the
disease classi�er CENet. The transfer of the pre-trained model allowed the model under training to
converge faster and to recognize image features with higher accuracy.

We constructed a maize disease data set containing 7144 images, including 3563 images in the natural
environment with a more complex background, and 3581 images in the laboratory environment
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Fifteen augmentation methods were performed on the existing image data (especially the natural
environment) for data enhancement to achieve the purpose of increasing data volume, enriching data
diversity, and improving the generalization ability of the model. Also, we investigated the effects of
different numbers of ampli�ed images and different ampli�cation methods on the recognition
performance.

2. Materials And Methods

2.1 Materials

2.1.1 Data collection
In this experiment, corresponding datasets were created for different types of maize leaves. Images in the lab
dataset were obtained from Plant Village(Hughes & Salathé, n.d.2015), an open-access repository. Most of the
images in the natural environment dataset were acquired through �eld photography in Qingdao. Due to the
limited variety of maize leaves available from �eld photography, we downloaded some open-source data of
the natural environment as a supplement. All experimental protocols complied with all relevant guidelines and
regulations.

Table 1
Size of the datase

datasets Category Training Validation Testing Total

Laboratory Cercospora leaf spot 357 104 42 503

Common rust 777 239 79 1095

Northern Leaf Blight 668 193 79 940

Healthy 799 171 73 1043

Natural environment Cercospora leaf spot 174 47 34 255

Common rust 1084 293 187 1564

Northern Leaf Blight 369 103 70 542

Healthy 809 231 116 1156

The four categories of corn leaf types were Cercospora leaf spot, common rust, Northeast leaf blight, and
Healthy. Table 1 shows the number of images collected for each category, the number for training, validation,
and testing, and their total number. Figure 1 shows some sample images of the natural environment dataset
and the laboratory dataset, and their background variability.

2.1.2 Data augmentation
We performed data enhancement on the existing image data (especially the natural environment) for data
enhancement to achieve the purpose of increasing data volume, enriching data diversity, improving the



Page 5/22

generalization ability of the model, expanding the sample space, and reducing the in�uence of unbalanced
data.

We used 15 data enhancement methods as shown in Fig. 2. These methods come from the OpenCV-based
implementation of the Albumentations library (Buslaev et al., 2020), a fast and �exible open-source library for
image enhancement that provides many various image conversion operations. In most image conversion
operations, Albumentations enhancement is faster than other commonly used image enhancement tools.

2.2 The proposed method
The proposed disease method had a cascade structure which consisted of a Faster R-CNN maize leaf detector
(LS-RCNN) and a CNN leaf disease classi�er (CENet), as shown in Fig. 3. First, disease images in the natural
environment were input to the LS-RCNN to detect and separate the maize leaf from the complex background.
Then the separated maize leaf was input into the trained CENet model to perform disease identi�cation.

2.2.1 Leaf segmentation model based on Faster R-CNN (LS-
RCNN)
To reduce the in�uence of complex background on recognition performance, we constructed the LS-RCNN
model based on Faster R-CNN (Ren et al. 2017) to extract the key regions of the maize leaf image from the
background before they were fed into CENet model for training and recognition. Figure 4 shows the model
structure of LS-RCNN. Structurally, LS-RCNN had integrated feature extraction, proposal extraction, bounding
box regression, and classi�cation all into one network, which made its comprehensive performance improved,
especially in the detection speed.

First, the LS-RCNN model used a basic set of conv + relu + pooling layers to extract feature maps of maize
images, which were shared with the subsequent RPN and fully-connected layers. Then, the RPN network
generated region proposals for the maize leaves, which used softmax to determine whether the anchors were
positive or negative, and then used the bounding box regression to correct the anchors, eliminated those that
were too small and out of bounds, and obtained the exact proposals for the maize leaf region. Next, the Roi
Pooling layer collected the input feature maps and proposals and extracted the proposal feature maps after
synthesizing the information, which was sent to the subsequent fully connected layer to determine the target
class. At last, the category of the proposal was calculated by using the proposal feature maps and the �nal
position of the detection box was obtained by bounding box regression to generate a detection box for the
maize leaves. Thus, a new image was generated, which contained the detected maize leaf from each detection
box.

2.2.2 CENet model based on two-stage transfer learning
To further solve the disease recognition problem in complex backgrounds, a two-stage transfer learning
strategy was proposed to train an effective CNN deep learning model for disease images in complex
backgrounds. Figure 5 shows the architecture and the training process of the CENet model for complex
environments.

Since Alexnet (Krizhevsky et al., n.d.), the CNN structure has been continuously deepened. VGG(Simonyan &
Zisserman, 2015) and GoogLeNet (Szegedy et al., 2015) have 19 and 22 convolution layers respectively. With
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the increase of network depth, the existence of gradient disappearance problems makes network training more
di�cult, and the convergence effect is poor, so ResNet is introduced. ResNet proposed by He et al. (2016) can
effectively solve the deep network degradation problem. So, a pre-trained ResNet50 model was used for
transfer learning in this paper.

The ResNet50 model was �rst pre-trained on the ImageNet (Feifei Li et al.) dataset, and then the pre-trained
model was trained by parameter transfer on the maize disease dataset obtained in the laboratory, which was
the �rst stage of transfer learning. In the �rst-stage transfer learning, we replaced the average-pooling-based
GlobalPool layer with a max-pooling layer and replaced the fully connected (FC) layer and classi�cation layer
with a new FC layer and classi�cation layer. The new classi�cation layer had four output nodes instead of
1000. Then the trained model was further transferred to the domain of natural images, which was the second
stage of transfer learning. In the second-stage transfer learning, we replaced the FC layer and classi�cation
layer with a new FC layer and classi�cation layer. Speci�cally, the region of interest was extracted by LS-RCNN
to obtain the background simpli�ed natural environment dataset and then was input into the ResNet50 model
trained in the previous stage as training samples. In this way, the training process was completed and a well-
trained CENet was obtained.

3. Results

3.1 Experimental setup
For training and testing, each image in the dataset is kept at its original size to �t the model. Hardware
environment was CPU: AMD Ryzen 7 Mobile 4800H; GPU: NVIDIA GeForce GTX 1660 Ti; Software environment
was OS: Windows 10 64 bit; Programming language: Python 3.7.6; Deep learning framework: Pytorch 1.7.0.

After several many trials, we found suitable values for the model parameters. The parameters used in LS-
RCNN are shown in Table 2, And the values of the model training parameters are shown in Table 3.

Table 2
Parameters used in LS- RCN

Parameter Weight
decay

Learning
rate

Momentum Gamma Batch
size

Max
iters

Step
size

Display

values 0.0005 0.001 0.9 0.1 256 15000 9000 10

Table 3
Training parameters of ResNet50 mode

Parameter Learning
rate

Momentum Gamma Batch
size

Input
size

Step
size

Num
epochs

values 0.001 0.9 0.1 16 224 4 50

3.2 Recognition performance comparison of different
convolutional networks
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To evaluate the recognition performance of different CNN networks, we compared ReNet50 with some
prevalent CNN networks, including VGG16, Inception, AlexNet, ResNet18, Wide_ResNet50, and ResNet101, as
illustrated in Fig. 6. After 50 epochs of training on the laboratory (public) dataset, the variation of loss rate of
each network model with the number of training rounds is shown in Fig. 6(a), and the variation of recognition
accuracy is shown in Fig. 6(b).

Figure 6 shows that all the networks �t quickly in the �rst 2 epochs and the accuracy rate increases rapidly.
Then the loss rate decreases slowly and the accuracy rate increases slowly in about 3 ~ 20 epochs, and then
the loss rate tends to be stable and the accuracy rate also tends to be stable after 21 epochs, and the models
begin to converge. Among the seven networks, Resnet50, wide_Resnet50_2, and Restnet101 have better
recognition, excellent performance, and rapid convergence, with the highest accuracy of 98.52%, 98.66%, and
99.19%, respectively. The following are Resnet18, Alexnet, and Inception with the highest accuracy of 98.25%,
98.25%, and 98.39%, respectively. And the highest accuracy of vgg16 is only 96.37%.

The average training accuracy and consumed time after 50 epochs of training are shown in Fig. 7, in which
the accuracy of each model is ranked in ascending order and the consumed time is also shown.

It can be found from Fig. 7 that the models with higher accuracy (e.g., Resnet50, Wide_Resnet50_2,
Restnet101) usually take more time. Conversely, models with short time consumption do not have high
recognition rates.

Therefore, making a tradeoff between the recognition accuracy and time spent during training, Resnet50
network demonstrated the best performance and was used for further optimization on datasets with complex
backgrounds.

3.3 Comparison between two-stage transfer learning and
traditional transfer learning
Figure 8 shows the comparison of two-stage transfer learning with traditional transfer learning. Figure 8 (a) is
the loss curve, and Fig. 8 (b) is the curve of recognition accuracy.

Figure 8 shows that both methods �t quickly in the �rst 4 epochs. Then the accuracy increases rapidly, and the
loss rate slowly decreases and tends to be smooth in the subsequent epochs. Finally, the accuracy rate slowly
increases and tends to be smooth, and the model converges. The accuracy of the two-stage transfer learning
technique is higher, with the highest accuracy of 97.22% and the lowest loss rate of 0.1546; the accuracy of
traditional transfer learning is relatively lower, with the highest accuracy of 93.06% and the lowest loss rate of
0.2501. The recognition effect of two-stage transfer learning is signi�cantly better than that of traditional
transfer learning.

3.4 Recognition effect of different numbers of ampli�ed
images
We conducted o�ine supervised data enhancement on the data set in the natural environment, and the
accuracy change with the size of the ampli�ed dataset is shown in Fig. 9.
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Experimental results show that on the whole, the accuracy increases with the increase of the size of data sets,
which indicates that the relationship between data size and accuracy is proportional, and the larger the data
size, the higher the accuracy of the model is. However, when the data is ampli�ed to 1 and 8 times, the
accuracy does not increase, which indicates that data augmentation methods do not always have a positive
impact on the accuracy. For example, some data augmentation methods such as CoarseDropout and
RandomFog will reduce the accuracy of the model.

3.5 Performance evaluation of LS-RCNN model
Comparing the laboratory dataset with the natural dataset, we found that the background of the laboratory
data was single, however, the background of the data in the natural environment was more complex and had
interference features. Therefore, we used the LS-RCNN model to perform semi-supervised learning on the leaf
as the region of interest, so that the natural data can achieve the purpose of separating the leaves from the
background and reducing the interference factors of the complex background, as illustrated in Fig. 10.

To evaluate the effect of leaf segmentation model LS-RCNN on the recognition performance, we performed
experiments on two datasets: the original dataset with complex background and the dataset with complex
background removed by LS-RCNN.100 epochs of training was performed on both datasets using the ResNet50
network, and the training loss curve is shown in Fig. 11(a), and corresponding accuracy curve is shown in Fig.
11(b).

Experimental results show that the two datasets �t quickly in the �rst 9 epochs and the accuracy increases
rapidly; the loss rate decreases slowly and the accuracy increases slowly in about 10 to 26 epochs; after 27
epochs the loss rate leveled off and the accuracy leveled off, and the model converged. The accuracy of the
dataset with complex background removed using LS-RCNN is higher, with the highest accuracy of 100% and
the lowest loss rate of 0.06297; the accuracy of the original dataset is relatively lower, with the highest
accuracy of 94.44% and the lowest loss rate of 0.2285.

3.6 Performance evaluation of our method
To evaluate the performance of our proposed method, we performed some experiments on laboratory datasets
and natural datasets and compared our method with some prevalent CNN models and in different conditions.
Table 4 shows the comparison of our model with some related CNN models. The training accuracy, validation
accuracy, and test accuracy are all the highest accuracy rates among 50 num epochs.

Overall, our proposed model (which uses a cascade network and two-stage transfer learning) has a high
accuracy rate of 99.03% among 8 different models; the training time is relatively short among models with the
same accuracy, including 72.07% shorter than the time taken for Wide_Resnet50_2. At the model level, the
model using two-stage transfer learning takes less time, and the model using LS-RCNN has a good
improvement inaccuracy. The experimental results show that the method we proposed has good applicability
for the recognition of leaves in complex environments and provides an effective method for object detection in
complex environments. Figure 12 shows the confusion matrix of our model recognition test set (all-natural
environment images).
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Table 4
Comparison of our method with some related CNN model

Model Training time Acctrain Accval Acctest

VGG16 45m 30s 96.37% 96.86% 98.63%

Inception 70m 1s 98.35% 98.29% 96.72%

Alexnet 20m 60s 97.68% 97.75% 98.29%

Resnet18 28m 45s 98.39% 98.36% 96.95%

Resnet50 61m 11s 99.08% 98.43% 97.49%

Wide_Resnet50_2

Restnet101

Our Model

103m 42s

89m 16s

28m 58s

99.20%

99.04%

99.43%

98.64%

98.43%

98.67%

97.95%

96.72%

99.03%

4. Discussion

4.1 Solutions to low accuracy in complex environments

4.1.1 Two-stage transfer learning
The term transfer was �rst cited by Lorien Pratt in the �eld of machine learning. Pratt et al. (1993) proposed a
new algorithm called Discriminability-Based Transfer (DBT), where the target network initialized by DBT learns
signi�cantly faster than the network initialized randomly. Chuong B Do and Andrew Ng (2006) explored the
application of transfer learning in text classi�cation. B Schölkopf et al. (2007) proposed a method for learning
a low-dimensional representation that is shared across a set of multiple related tasks. The proposed approach
greatly improves the performance compared to learning each task independently. The application of transfer
learning to Bayesian networks is discussed by Niculescu-Mizil and Caruana (2012) through transfer learning,
the trained network model parameters are saved and reapplied in the new task, which makes the feature
parameters of the original network model effectively used and increases the portability.

For the problem of low accuracy in natural scenes that occurs in the experiment, we proposed a two-stage
transfer learning method to attempt to solve the problem of recognition accuracy caused by insu�cient
features of natural data and prevent over�tting problems.

We used the ResNet50 network as the base CNN architecture, set the �rst sample parameters as trained
parameters on the ImageNet dataset, set the second sample parameters as trained parameters on a self-
constructed natural environment dataset with a complex background, and used the two-stage transfer learning
method to train the maize leaf disease image dataset. Experimental results demonstrated that the accuracy of
two-stage transfer learning improved by 4.16% over traditional transfer learning, and had good performance in
recognizing images with complex backgrounds in natural environments, which is an effective method to solve
the low recognition rate of complex backgrounds.
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4.1.2 Image segmentation based on Faster R-CNN
Faster R-CNN was used in the LS-RCNN model to separate maize leave from complex backgrounds for several
main reasons: in recent years, Faster R-CNN has been widely used for image target recognition in
agriculture(Dyrmann et al., 2016) because of its ability to automatically learn image features, and the Faster R-
CNN is one of the most mature target detection algorithms; Faster R-CNN performs well on multiple datasets
and is easy to transfer, and changes to the target classes in the dataset can be made to improve the detection
speed. Faster R-CNN can integrate feature extraction, candidate region extraction, border regression, and
classi�cation into a single network, and use shared convolutional layers to improve detection speed.

For disease recognition in complex background, Li et al. (2020) improved Faster R-CNN for leaf disease
detection in bitter melon in the �eld. Zeng and Li (2020) proposed a Self-Attention Convolutional Neural
Network (SACNN), which extracts effective features of crop disease spots to identify crop diseases. Zhou et al.
(2021) proposed a vegetable disease recognition model for complex backgrounds based on region proposal
and progressive learning (PRP-Net). This model achieves an average recognition accuracy of 98.26%, which is
4.46 percentage points higher than that of the original region proposal network framework. So, we attempted
to construct an LS-RCNN model based on Faster R-CNN to detect the regions of interest in natural images. LS-
RCNN proved very effective for separating corn leaves from the complex environment and was very helpful to
solve the problem of corn leaf disease identi�cation in a complex environment.

4.2 Limited number of images in complex environments
We found that recognition accuracy would be greatly affected by too few images in complex natural
environments during two-stage transfer learning. To prevent possible over�tting problems with the limited
dataset, we expanded the natural environment dataset in the following two ways: one was to download as
many pictures as possible from the Internet, and the other was to use the data augmentation method.

Data enhancement is a common technique to increase the size and diversity of labeled training sets by using
input transformations that retain the corresponding output labels. In computer vision, image enhancement has
become a common routine technique to combat over-adaptation in deep learning models and is widely used
to improve performance. While most deep learning frameworks implemented basic image
transformations(Perez & Wang, 2017; Taylor & Nitschke, 2017), which were typically limited to certain
variations of �ipping, rotating, scaling, and cropping.

In addition, the speed of image processing in existing image enhancement libraries varies. In this paper, we
used 15 data enhancement methods and ampli�ed the dataset in complex environments by different orders of
magnitude. Experimental results showed that, on the whole, data augmentation improved the recognition
performance of the model, and solved the problem of limited data sets to a certain extent, as demonstrated in
previous research(Mikołajczyk and Grochowski 2018). However, not all data enhancement methods are
effective. Which method is more effective, or how much-ampli�ed data is appropriate remains to be studied in
the future.

5. Conclusion
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In this paper, we proposed a new method based on cascade networks and two-stage transfer learning to
recognize maize leaf disease in the natural environment. Using our proposed method, the overall recognition
rate of the proposed model obtained by training on four types of maize leaves reached 99.03%, which was
higher than most human experts and traditional neural network models. The proposed method not only
eliminated unnecessary feature extraction processes but also improved the accuracy of disease recognition in
complex backgrounds. The recognition accuracy of our method in complex backgrounds was 0.99 percentage
points higher than that of the original ResNet50 (98.35%) and outperformed the prevalent deep learning
methods. The proposed method had provided a new effective method for disease recognition of maize left in
complex environments.

In the future, we will conduct research in two directions. First, we will try to integrate multiple region attention
to model more complex �ne-grained categories. Second, we will try to use a technique that is designed to be
used to get more features by removing the complex background rather than focusing on the local area.
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Figure 1

Sample images from natural environment datasets and laboratory datasets.

Figure 2

 Data enhancement methods.
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Figure 3

 The proposed cascade networks.

Figure 4

Structure of LS-RCNN model.
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Figure 5

 Architecture and training of CENet.
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Figure 6

Comparison of recognition results among different convolutional networks.
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Figure 7

Time of training the model and the accuracy of the model.
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Figure 8

Comparison between traditional transfer learning and two-stage transfer learning. 
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Figure 9

Change of accuracy when natural data sets are expanded exponentially by 2.

Figure 10

The effect of background segmentation using LS-RCNN.
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Figure 11

Recognition performance of LS-RCNN.
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Figure 12

The confusion matrix of our model.


