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Abstract: Diseases from Ginkgo biloba have brought great losses to medicine and the economy.
Therefore, if the degree of disease can be automatically identified in Ginkgo biloba leaves, people will
take appropriate measures to avoid losses in advance. Deep learning has made great achievements
in plant disease identification and classification. For this paper, the convolution neural network
model was used to classify the different degrees of ginkgo leaf disease. This study used the VGGNet‐
16 and Inception V3 models. After preprocessing and training 1322 original images under laboratory
conditions and 2408 original images under field conditions, 98.44% accuracy was achieved under
laboratory conditions and 92.19% under field conditions with the VGG model. The Inception V3
model achieved 92.3% accuracy under laboratory conditions and 93.2% under field conditions.
Thus, the Inception V3 model structure was more suitable for field conditions. To our knowledge,
there is very little research on the classification of different degrees of the same plant disease. The
success of this study will have a significant impact on the prediction and early prevention of ginkgo
leaf blight.
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1. Introduction
Plant diseases are the main factor endangering the development of agriculture around the world
and cause serious losses every year. The treatment of plant diseases has attracted great attention. This
research focused on identifying ginkgo leaf disease through leaf blight. Ginkgo biloba has a high
medicinal value [1,2]. Its trees can be made into exquisite furniture, and its leaves have ornamental
value. Ginkgo leaf blight has brought great losses to the economy, so this research focused on the
need to diagnose ginkgo leaf disease in a timely and accurate manner.
Early detection and identification of plant disease is very important, so that people will be able
to take appropriate preventive measures as soon as possible [3]. The changes caused by plant diseases
are very complex and diverse; however, in traditional agricultural and forestry production, most
forest producers judge a disease’s species and degree based on their experience in observing plant
diseases. This requires forest farmers to have the knowledge and skill to identify disease symptoms.
Lack of knowledge will lead to inconsistencies in plant disease identification and incorrect treatment
and will ultimately delay the treatment period, which will result in unnecessary economic losses.
Even if experts are invited to identify a disease, it will take some time. Therefore, it is necessary to
implement an automatic system of plant disease recognition and classification.
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In the study of automatic classification of plant diseases, some new techniques have been applied
[4].
With the development of computational systems in recent years, more and more computer
vision technologies have been applied to the recognition of plant diseases. Rumpf et al. [5] used
support vector machines for the early detection and identification of healthy and diseased sugar beet
leaves. Even using multiple classifications for healthy leaves and diseased leaves showing symptoms
of three diseases, the authors achieved an accuracy higher than 86%. Depending on the type and stage
of disease, the classification accuracy fell between 65% and 90%. Similarly, the accuracy of pattern
recognition in wheat leaf diseases was classified using a support vector machine and was finished by
Tian et al. [6]. The classification module was programmed with three feature sets: color features,
shape features, and texture features. The method was flexible, and its recognition rate was high.
Computer vision technology is also widely used in plant species and disease classification and
recognition [7]. Some researchers have studied a paper on plant identification using computer vision
technology and made a detailed review [8]. One application in the field of computer vision
technology is Leafsnap, which identifies tree species using photographs of leaves. Kumar et al. used
Leafsnap to identify 184 tree species in the Northeastern United States by extracting features from
leaf contours [9]. Their system obtained state‐of‐the‐art performance with the real‐world images from
the new Leafsnap data set, which is the largest of its kind.
Artificial neural networks (ANNs) are also a common detection method [10–12]. Based on the
achievements of modern neuroscience research, an ANN has been proposed [13]. It can make simple
judgments by simulating the human brain, so it has been widely used in plant disease detection and
recognition. Hati et al. [14] programmed it with 400 leaves from 20 plants and tested 134 leaves,
achieving an accuracy of 92%.
Today, deep learning has become the most important detection method. Deep learning is a kind
of machine learning that is based on the deep neural network with multiple hidden layers. It
improves classification accuracy by building machine learning models with many hidden layers and
programming a large quantity of data to extract features. Its basic tool is a convolutional neural
network (CNN) [15]. In 2012, Hinton et al. took their CNN to the ImageNet Image Recognition
Competition for the first time and won the championship [16], after which it attracted the attention
of many researchers. Deep learning has also been introduced to plant species identification. For
example, the deep CNN was used to classify white beans, red beans, and soybeans, for which a depth
of five layers was determined to be the best [17]. Lee et al. [18] classified 44 species of plants, and their
CNN’s highest accuracy was 99.6%. A CNN was also applied to plant specimens, and transfer
learning was used by Carranza‐Rojas et al. [19].
CNNs have been widely used in plant disease identification. For example, P. Ferentinos [20]
programmed 25 plants and 58 distinct classes of [plant, disease] combinations and achieved a 99.53%
success rate. Sladojevic et al. [21] pointed out that the model was able to recognize 13 different types
of plant diseases from healthy leaves, with the ability to distinguish plant leaves from their
surroundings. Mohanty et al. [22] programmed a deep CNN to identify 14 crops and 26 diseases with
99.35% accuracy. Brahimi et al. [23] programmed nine diseases of tomato leaves and achieved 99.18%
accuracy.
However, most researchers have studied plant diseases in two directions, as follows:
•
•

Classification of diseases in different species of plants [20–22].
Classification of different diseases in the same plant [23,24].

Few studied the classification of disease degree within the same plant disease, and of those
people, only some applied deep learning to the identification of diseased ginkgo leaves. However, it
is important to take appropriate preventive measures by predicting the development of plant leaf
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disease. This research has classified the different degrees of ginkgo leaf disease. A CNN was chosen
to classify and recognize the disease degree of ginkgo leaf blight.
The goal of this study was as follows:
•

To classify the different degrees of disease in Ginkgo biloba leaves using a deep learning model
under laboratory and field conditions that takes into account sunshine, temperature, weather,
and other factors.

The rest of the paper is divided into the following parts: Section 2 introduces the methods used,
Section 3 discusses the results, and Section 4 presents our conclusions.
2. Materials and Methods
In this research, deep learning was used to recognize the disease classification of Ginkgo biloba
leaves. This paper divides the entire process into several sections, which helps to describe it better.
2.1. Data Set
Ginkgo leaves were collected under laboratory conditions from Longyuan Huamu Park from 10
to 12 August 2016 and collected under real conditions from 3 September to 31 October 2018. The data
set contained leaves classified as healthy, mildly diseased, and severely diseased. The laboratory
images were taken by a Canon EOS 550D (19 million pixels) in a black box with 50 watts of natural
illumination. The leaves were placed on flat white paper and were photographed from a consistent
distance above the black box. The focal length was set to a fixed value, and the camera lens was
perpendicular to the blade surface. There were four principles used in selecting the leaves:
•
•
•
•

Ginkgo leaves have a more complete shape.
Ginkgo leaves are flat and easy to photograph.
Ginkgo leaves’ surfaces are clean.
Ginkgo leaves’ periodic disease characteristics are clearly distinguishable.
The shooting process under laboratory conditions is shown in Figure 1.

Figure 1. The shooting process under laboratory conditions.

The field photos were taken with a Huawei Honor 7C mobile phone, model LNDAL30 (19
million pixels), under real conditions. When shooting, we placed a piece of white paper on a board
to act as the background of the photo. Figure 2 shows samples of a random class containing three
representative images (healthy, mild, and severe) under laboratory conditions and three under real
conditions.
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Figure 2. Samples of images under laboratory (top) and field (bottom) conditions.

For this paper, only some of the images were selected from the originals. The number of original
images is shown in Table 1.
Table 1. The number of original images.

Disease Degree

Laboratory Conditions

Field Conditions

Healthy

326

87

Mild

671

1945

Severe

322

376

2.2. Image Preprocessing and Labeling
We preprocessed the original images to get better a feature extraction effect, which reduced the
time needed for network programming. The digital camera took pictures ranging in size from 1887
to 6770 KB, while the pictures taken with the Huawei mobile phone ranged from 1270 to 2847 KB.
The laboratory photos were cut from 1887–2404 KB to 157–540 KB, and their dimensions were
reduced from 5184 × 3456 px to 1800 × 1200 px. Similarly, the field photos were rotated and cut from
1270–2847 KB to 298–643 KB, though their dimensions (4160 × 2080 px) remained unchanged. The
process is shown in Table 2.
Table 2. The process of image preprocessing.

Field Conditions
1270–2847
4160 × 2080

Experimental picture size (KB)

Laboratory Conditions
1887–6770
5184 × 3456
157–540

Experimental picture size (pixels)

1800 × 1200

4160 × 2080

Original picture size (KB)
Original picture size (pixels)

298–643

2.3. Data Augmentation
Although the deep learning neural network is very powerful, if there are not enough data, it will
result in overfitting, which cannot achieve the desired results [25]. Many researchers have done a lot
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of work on this topic; for instance, data augmentation has been used to expand programming images.
The augmentation methods included image rotation and clipping. After data augmentation, the new
data set reached 15,670. Of those, 5569 were healthy, 5964 were mild, and 4137 were severe. The new
data set is in Table 3.
Table 3. The number of the new data set.

Disease Degree

Laboratory Conditions

Field Conditions

Healthy

5569

5569

Mild

5964

5964

Severe

4137

4137

Total

15,670

15,670

2.4. Convolutional Neural Network Models
The advantage of an ANN is that it can conduct supervised learning during training. A CNN is
a kind of deep feedforward ANN. CNNs have achieved great success in various types of image
recognition, including in the field of plant disease diagnosis, and can improve the accuracy of plant
disease diagnosis. During recognition and classification, the CNN can directly input the original
image to extract features, thus reducing a lot of preprocessing.
The VGGNet‐16 [26] and Inception V3 [27] models were chosen to test the data in this work.
Compared with AlexNet, VGGNet increases the network depth and reduces the convolution kernel
size, which can reduce the parameters and computation. In addition, the generalization performance
of VGGNet is very good. VGGNet‐19 has a large number of parameters, so we chose VGGNet‐16.
In order to reduce the number of parameters, GoogLeNet model is proposed. It uses the
Inception module. Inception V3 introduced factorization, which split a large two‐dimensional
convolution into two smaller one‐dimensional convolutions (e.g., 3 × 3 convolutions into 1 × 3
convolutions and 3 × 1 convolutions). Figure 3 shows the structure of the Inception V3 module.
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Figure 3. The network structure of Inception V3.

ResNet model has a deeper network. The data we want to train do not need such a deep network.
Therefore, we did not choose ResNet model.
Based on Tensorflow, the VGGNet16 and Inception V3 models were used to program the data
of Ginkgo biloba leaves.
2.5. Training Data Sets
The data set was divided into two parts: a training set and a test set. Eighty percent of the data
were used as a training set to program the network and 20% as a test set. The images in the VGGNet
model were cropped to 224 × 224 px, while the Inception V3 cropped them to 299 × 299 px. Two
different CNN models were programmed using the training parameters shown in Table 4.
Table 4. The training parameters of different CNN models.

Parameters

VGG‐16

Inception V3

Batch‐size

64

64

Step

2000

4000

Input‐width

224

299

Input‐height

224

299

Learning

rate

0.01–0.0001

3. Results and Discussion
This research was programmed with 80% of the data set and tested with 20% of the data set. The
results are presented in Tables 5 and 6.
Table 5. The results of VGG16 model.

VGG16
Learning Rate

Laboratory Conditions

Field Conditions

Accuracy

Loss

Accuracy

Loss

0.01

93.75%

0.15

81.25%

0.51

0.005

98.44%

0.05

87.50%

0.26

0.001

98.44%

0.02

92.19%

0.17

0.0005

98.44%

0.03

89.06%

0.24

0.0001

98.44%

0.05

85.94%

0.37

Table 6. The results of Inception V3 model.

Inception V3
Learning Rate

Laboratory Conditions

Field Conditions

Accuracy

Accuracy
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0.01

92.30%

93.20%

0.001

88.60%

89.00%

0.0001

73.40%

73.20%

For the VGGNet‐16 model in Table 5, the initial learning rates were set to 0.01, 0.001, and 0.0001.
Under laboratory conditions, the accuracy increased gradually and reached 98.44%, then stabilized.
Under field conditions, the accuracy increased first and then decreased, which was different from the
expected outcome. When the learning rate was 0.001, the accuracy rate was highest (92.19%). To
verify whether the learning rate consistently increases first and then decreases, experiments with
learning rates of 0.005 and 0.0005 were added. The final results showed that under field conditions,
the accuracy increased first and then decreased with the decrease in learning rate. The reason was
that when it was lower than 0.001, the learning rate was too small, resulting in slow convergence rate
and parameter update range. Therefore, we should continue to increase the number of training steps
in order to make the accuracy converge to the best. Figures 4 and 5 show the accuracy curve of the
VGG model under laboratory and field conditions.

lr = 0.01

lr = 0.005
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lr = 0.001

lr = 0.0005

lr = 0.0001
Figure 4. Accuracy curve of VGG model under laboratory conditions.
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lr = 0.01

lr = 0.005

lr = 0.001
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lr = 0.0005

lr = 0.0001
Figure 5. Accuracy curve of VGG model under field conditions.

For the Inception V3 model in Table 6, the initial learning rates were set to 0.01, 0.001, and 0.0001.
Under laboratory and field conditions, the accuracy decreased uniformly. Thus, when the learning
rate was 0.01, the accuracy rate was the highest (92.3% and 93.2%, respectively). When it is lower than
0.001, we should continue to increase the number of training steps in order to make the accuracy
converge to the best. Figures 6 and 7 show the accuracy curve of the Inception V3 model under
laboratory and field conditions.
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lr = 0.01

lr = 0.001

lr = 0.0001
Figure 6. Accuracy curve of Inception V3 model under laboratory conditions.
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lr = 0.01

lr = 0.001

lr = 0.0001
Figure 7. Accuracy curve of Inception V3 model under field conditions.

Between the two models, the accuracy of the VGG model is higher than that of the Inception V3
model under laboratory conditions, but the accuracy of the Inception V3 model is higher than that of

Information 2020, 11, 95

13 of 14

the VGG model under field conditions. For the VGG model, the accuracy under laboratory conditions
is higher than it is under field conditions. This demonstrates the fact that classification under field
conditions is much more difficult and complex than it is under laboratory conditions. Under field
conditions, the increase in network parameters, slow programming, and disappearance of gradient
led to a decrease in accuracy. This shows that it is important to capture photos under field conditions
to automatically detect and classify plant diseases. For the Inception V3 model, the accuracies of the
two conditions were close. The results meant that the Inception V3 model was more stable than the
VGG model. With Inception V3, two losses were added at different depths to avoid the disappearance
of gradient, and it also used the Inception module. Through these, the depth and width were
increased, and the number of parameters was reduced, making the model more stable and adaptable.
It can be seen from Figure 7 that the convergence effect of the accuracy curve is better.
Therefore, when we want to classify and recognize diseased leaves under field conditions, we
can choose the Inception V3 model. It can be said that the model has achieved good results. There
were also many studies that showed the advantages of using deep learning models in plant disease
detection and classification [28].
4. Conclusions
In this study, a CNN was applied to the field of ginkgo leaf diseases, which have not been
studied yet, and classified the different degrees of ginkgo leaf disease. This direction is different from
the ones taken by other studies of plant diseases. Of the original images in the data set, 1319 were
taken under laboratory conditions and 2408 under field conditions. After pretreatment and data
augmentation, the VGG16 and Inception V3 model structures were used to program the data set. The
VGG model achieved 98.44% accuracy under laboratory conditions and 92.19% under field
conditions; however, the results were quite different. On the other hand, the Inception V3 model
achieved consistent accuracies under both laboratory and field conditions. This proved that the
Inception V3 model structure is more suitable to classify the different degrees of ginkgo leaf disease
in field conditions.
The goal of our research has been mostly completed. We believe that with some more work, our
findings will have a practical impact on the prevention of disease in ginkgo leaves.
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