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Abstract

With the continuing changes in the structure of plant and cultivation patterns, new diseases
are constantly appearing on the leaves of plant, exacerbating the threat to food security and
agricultural production in many areas of the world. Thus, a rapid and accurate recognition
of various diseases in plant will not only significantly reduce unnecessary planting costs,
but also alleviate the economic losses and environmental pollution caused by incorrect
disease diagnosis. Recent advances in deep learning have improved the performance in
recognizing plant leaf diseases. In this paper, we present a general framework for
recognizing plant diseases. Firstly, we propose a deep feature descriptor based on transfer
learning to obtain a high-level latent feature representation. Then, we integrate the deep
features with traditional handcrafted features by feature fusion to capture the local texture
information in plant leaf images. In addition, centre loss is incorporated to further enhance
the discriminative ability of the fused feature. The centre loss simultaneously minimizes
intra-class distance and maximizes inter-class distance to learn both compact and separate
features. Extensive experiments have been conducted on three publicly available datasets
(two Apple Leaf datasets and one Coffee Leaf dataset) to validate the effectiveness of
proposed method. The propose method achieves 99.79%, 92.59% and 97.12%
classification accuracies on the three datasets, respectively. The experiment results
demonstrate that the proposed method effectively captures the discriminative feature

representation for distinguishing plant leaf diseases.

Keywords : plant disease; transfer learning; feature fusion; convolutional neural network
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1. Introduction

In recent years, there has been an increased number of plant diseases, that heavily
influenced the agricultural production and food security. Early detection of plant
diseases is thus of great importance for full-blown disease prevention and plant
treatment at a later stage. It also plays a vital role in the management and decision-
making of agricultural production (Liu et al., 2018). Disease-infected plants tend to
show obvious marks or lesions on leaves, flowers or fruits. Generally, each disease
presents a unique visible pattern that can be used to diagnose plant abnormalities. The
leaves of plants are the primary source for identifying plant diseases, and most of the
symptoms of diseases appear on the leaves (Ebrahimi et al., 2017).

There are two main traditional methods for identifying diseases in a plant via its
leaves: visual inspection of plant tissues by trained experts; and machine detection
based on image processing (Dutot et al., 2013). The visual inspection by agricultural
and forestry experts requires observing the morphology of the leaf surface and
analyzing the condition of the lesion one at a time to identify the diseased leaves. Such
manual process is time consuming which leads to high cost and low efficiency. In
addition, there exists the risk of errors due to the subjective perception in the process
(Mabhlein et al., 2013; Yuan et al., 2014).

The state-of-the-art machine detection methods generally use low-level image
processing techniques, i.e., noise removal, morphological operations and image
enhancement, to pre-process the images of the diseased leaves (Qin et al. 2016, Rumpf
et al. 2010, Padol et al. 2016). This is followed by applying handcrafted feature
extraction techniques to capture low-level information of the leaves, e.g., colour, shape
and texture. Patil et al. (2017) proposed a content-based image retrieval system that

uses colour, shape and texture features of leaf for identifying diseased leaves of soybean.
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Sandika et al. (2016) developed a method for disease identification of grape leaves
with complex background. They compared the identification performance using
different features, e.g., local binary pattern (LBP) feature, and some statistical features
in RGB planes, and different machine learning algorithms, e.g., Support Vector
Machine (SVM) and Random Forest. Sharif et al (2018) proposed a texture-feature
based approach for identifying citrus fruit plant diseases. They employed a hybrid
feature selection technique based on principal component analysis and feature statistics.
A statistical method based on scale-invariant feature transform (SIFT) for the
classification of plant diseases (Hlaing et al. 2017) reduces the computation cost in
using SIFT feature. However, such handcraft techniques merely extract shallow feature
representations, which fails to mine the inner relation information within the same
disease classes. Moreover, such techniques require researchers to possess the relevant
domain knowledge for obtaining good features, that cannot be generalized well in
different environments.

In recent years, deep learning-based methods have made a significant advance in
the field of computer vision (Krizhevsky et al., 2012; He et al., 2016; Szegedy et al.,
2015; Ye et al., 2019; Chen et al., 2014; Badrinarayanan et al., 2017, Wang et al.
2021). Due to its ability to capture meaningful feature representation, deep learning
methods have also been applied to plant disease recognition and detection (Sladojevic
et al. 2016; Nachtigall et al., 2016; Mohanty et al. 2016; Jalal et al. 2020; Bi et al.
2020, Shrivastava et al. 2021a, Shrivastava et al. 2021b). Sladojevic et al. (2016)
proposed a plant disease classification model using deep convolutional networks. This
is the first deep learning-based plant disease recognition method. Mohanty et al. (2016)
presented a Convolution Neural Network (CNN) based model for detecting 26 diseases

and 14 crop species, achieving promising results. Yu et al. (2020) proposed the
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attention mechanism to highlight the leaf area, which helps to capture more
discriminative feature in diseased leaves. Tetila et al. (2019) utilized data augmentation
and fine-tuning to train a deep network model to automatically identify soybean leaf
disease. Yu et al. (2020) developed a region-of-interest based two-stream network for
recognizing the apple leaf disease, enhancing the diseased areas of leaf while separating
the background. Jalal et al. (2020) applied deep neural network (DNN) to detect apple
leaf diseases by using SURF for feature extraction and an evolutionary algorithm for
feature optimization to create a plant disease detection system. Bi et al. (2020) proposed
a leaf disease model based on MobileNet model and compared it with ResNet152 and
InceptionV3 models. However, the recognition of leaf diseases remains difficult as the
following two exclusive key properties need to be considered: 1) Coarse local spatial
properties: most spots of leaf diseases are very small in size and tend to vary; and 2)
Fine-grained properties: some factors such as complex background and uneven
illumination resulted in low inter-class and high intra-class variation of diseased
samples.

Although deep learning methods have been shown to be very capable in depicting
both high-level and low-level features, they are less reliable than handcrafted features
in representing local spatial characteristic (Cai et al. 2018). Thus, to better capture local
characteristics that exclusively exist in plant leaf image, we propose to fuse the
handcrafted and deep features, with the handcrafted features complementing the deep
features. We further impose discriminative constraint to uncover the fine-grained
properties in diseased leaf image.

The main objectives of this study are to propose a more powerful and robust
framework to address the problems using deep learning methods to improve the

recognition performance of different plant diseases. The proposed framework combines
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the deep learning features and handcrafted features based on feature fusion and transfer
learning, where the handcrafted features effectively capture the coarse local information,
as complementary to deep features. The combined features are capable of extracting
not only the distinctive texture and shape patterns existing in diseased leaves, but also
the high-level semantics corresponding to the leaves with different types of diseases.
Furthermore, the study aims to further enhance the representation ability for different
diseased plant leaves. To this end, the study adopted the auxiliary discriminative
constraint, i.e., centre loss during the deep feature training, where the discriminative
features are simultaneously learned under the joint supervision of softmax loss and
centre loss.

In summary, the main contributions of this study are as follows:

1) We proposed to learn a deep model based on transfer learning, where an adapted
CNN network is adopted to accelerate model training and extract the semantic
information of different categories of diseased leaf images.

2) We constructed an integrated model by fusing deep features and traditional
handcrafted feature, which effectively captures the local spatial texture information
widely existing in plant leaf images.

3) We introduced the centre loss constraint to simultaneously optimize the learning
process of the fused features, which further enhances the discriminative power of the
extracted deep features.

2. Materials and Methods

The proposed method combines deep discriminative features with handcrafted
feature for plant disease recognition which includes three main modules: preprocessing;
feature extraction including fusion; and classification. Specifically, the proposed

framework first extracts the deep features of plant disease samples based on transfer
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learning, where the pre-trained CNN is utilized to accelerate the training process. To
improve the discriminative ability, centre loss is introduced together with softmax loss
to jointly supervise the learning of the deep feature. The framework then further fuses
the handcrafted feature in the form of oriented histogram of gradient (HOG) and
discriminative deeply learned features to obtain the final characteristic feature of a
disease sample for plant disease recognition. Figure 1 shows the proposed method.

_-——
\ { Feature,
Fusion |

—| Softmax

Entropy || Centre
Loss Loss

L N e —

Figure 1. The proposed method for plant leaf disease recognition.
2.1. Deep Features Extraction

CNN is mainly composed of a convolutional layer, a pooling layer and a fully
connection (FC) layer. An important research direction of CNN is to build a network
model with deeper and more complex layers. However, with the increase in deep layer
of a network model, the computational efficiency of the model reduces. In addition,
there is limited availability in training samples for plant disease recognition. For these
reasons, we employ transfer learning which uses a pre-trained CNN model to estimate
the various semantics associated with different plant leaf diseases. InceptionV3 (Wang
et al 2012, Szegedy et al. 2016) is selected as the backbone network of our transfer

learning model due to its two advantages: 1) the use of convolution decomposition
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reduces the amount of convolution computation; and 2) the use of the label smoothing
regularization module avoids the occurrence of over-fitting.

The core idea of Inception based network model is factorizing convolutions by
reducing the size of convolution kernel, thus increasing the computational efficiency
without much or any loss in representational power. For example, let us consider the
decomposition of a 5 X 5 convolution into two 3 X 3 convolutions (as illustrated in
Figure 2). The number of parameters in the case of 5X 5 convolution and 3 X 3
convolutions are respectively 5 X 5 = 25and 3 X 3 + 3 X 3 = 18. Thus, the number

of parameters is reduced by 28%. Figure 3 shows the factorized Inception Block A.
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Figure 2. Use of two 3 x 3 convolutions to replace a 5 < 5 convolution.
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Figure 3. Transformation of a 5 X 5 convolution in Inception block into two 3 x 3
convolutions (enclosed within red rectangle).
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In addition, a n X n convolution kernel in the InceptionV3 network can be
decomposed into 1Xn and n X1 convolution. For example, the 3 X3
convolution of one is equivalent to the 1 X 3 convolution of one and then the 3 X 1
convolution of one. In the case of 3 X 3 convolution the number of parameters is
3x3 =9, while in the case of convolution 1X 3 and 3 X1 the number of
parameters is 1 X 3 + 3 X 1 = 6. Thus, the number of parameters is 33% fewer than
that of a single 3 X 3 convolution. The factorised Inception Block B is shown in
Figure 4. However, this structure is not suitable for the earlier layers, but suitable only
for middle-sized features of the middle layer (for features of size m X m, the value of
m is between 12 ~ 20). Following another principle of CNN design that higher
dimensional representations are easier to process locally within a network, the
convolution can be decomposed into a sequence of expanded filter banks including
1x1, 1x3 and 3 X 3 convolutions. The factorized Inception Block C is shown in
Figure 5. The overall architecture of InceptionV3 is shown in Figure 6.

Filter Concat

—

nx1l conv
¥ e

nx1 conv
Y

—
S
‘/

nx1l conv

[

1xn conv 1xn conv

—

1x1 conv

1x1 conv

|
[ [Y |

1x1 conv Pool 1x1 conv

T 5 A

Figure 4. Transforming the n x n convolution in Module B into 1 X n and n x 1
convolutions.
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211  Figure 5. Transforming the n x n convolution in Module C into 1 X n and n x 1
212 convolutions.

Input
I

Conv (299,299,3)
I

| |
| |
[ Conv (149,149,32) |
| |

Conv padded (147,147,32)
T

Max-Pool (147,147,64)

Conv (71,71,80)
T

| |

| Conv (73,73,64) |
:

| |

| |

Conv (35,35,192)

;
[ 3xinception Block A (35,35,288) |
;

[ sxinception Block B (35,35,288) |
:

2xInception Block C (8,8,1280)

Pool (8,8,2048)
T

[ FC(1,1,2048) |

2 1 3 | Softmax |

214  Figure 6. Structure of the learning model based on InceptionV3. Different colours
215  denote different layer including convolution (Conv) layer, pooling layer, Inception
216  block, fully connected layer and dropout layer.

217 The label smoothing mechanism is designed to regularise the classifier layer in the
218  InceptionV3 model, which effectively avoids the occurrence of over-fitting to a certain
219  extent. For example, given each training plant disease sample x, the probability of

220  marking the corresponding label of each sample is

. _ _exp(Zk)
221 ke {l...K}:p(klx) = 5K exp(z)’ (1)

222  where Z; denotes the logits probability.
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The ground-truth distribution of the sample x is denoted by q(k|x), where
Yk q(k|x) =1 for normalization. Thus, the cross entropy of the training sample is
defined as

¢ = —¥i1 log(p(K)q(k), 2
where the minimization of cross entropy is approximately equivalent to the
maximization of the logarithmic likelihood expectation of the label. Consider a
distribution over labels u(k), independent of the training example x, and a smoothing
parameter &, the label distribution q(k) can be replaced with

q'(k|x) = (1 —¢e)gk +eu(k), 3)
which is a mixture of the original ground-truth distribution q(k) and the fixed
distribution u(k), with weights 1-¢ and ¢, respectively. For easy implementation, a
uniform distribution of u(k), i.e., u(k) = 1/K, is used. Thus, Eq. 3 can be rewritten
as

q'(k) =1~ &by +- , )
where this change in ground-truth label distribution is label smoothing regularization
(LSR). Such smoothing operation avoids the largest logit from getting much larger than
all the others. We use smoothed ground-truth label to estimate the cross-entropy, i.e.,
Ley =H(q,p") = —Xk=1logp (K)q'(k) = (1 — e)H(q,p) + eHw,p) . (5
It can be seen from Eq. 5 that the loss penalizes the deviation of the predicted label p
from the prior u, which supervises the learning of deep feature.

Transfer learning is a method which applies the structure and weight of the pre-
trained model trained on a large dataset to other training models (Pan et al. 2009,
Neyshabur et al. 2020). The simplest approach to transfer learning is to fine-tune the
network using a pre-trained model. In this paper, transfer learning is specifically
performed as follows. First, we download the pre-training weight of InceptionV3 on

11
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ImageNet as the initialization of our network parameters. We then train the network
model with the plant dataset used. The final deep feature is obtained from the output of
the fully connected layer, which is for further fusion process. Figure 7 shows the block

diagram of the transfer learning method.

'_
o
ImageNet | I Convolutlon Glob.al The q Softmax ImageNet
p1cture layer pooling COIRCEET classifier picture
l = layer layer

| Global The
g Y layer layer

Figure 7. The transfer-learning based model.
2.2. Handcrafted Descriptors

HOG is one of the feature descriptors widely used in computer vision tasks, which
is capable of capturing local texture and appearance information of an image by
computing statistical histograms (Dalal et al. 2005). As there exist various local texture
information in different types of diseased leave, HOG is effective for capturing such
local leaf properties and thus improve the performance of apple leaf disease recognition.
The specific process of HOG feature extraction is as follows:

1) The RGB image is converted into greyscale image I(m,n). The image is
normalized by Gamma correction to reduce the impact of illumination variation in the
image using

I(m,n) = I(m,n)"/2. (6)

2) The gradient direction and amplitude of each pixel in the cell are calculated.
Specifically, the gradient in the horizontal and vertical directions of the image
(Gp,(m,n),G,(m,n)) are calculated. The gradient value G(m,n) and gradient

direction value 68(m,n) of each pixel position are computed using

12



Gnmn)=I(m+1L,n)—I(m—-1,n)

(7)
G,(m,n) =I(m,n+1) —I(m,n — 1),
G(m,n) = /G2 (m,n) + GZ(m,n)
Gyn (m,n) ®)
6(m,n) = arctan —.
G (m,n)
268 3) The resulting image is divided into several cells, the size of which is set as

269 10 x 10 pixels, and the direction 0° — 180° is divided into 9 bins as histogram
270  channels to construct the cell histogram.
271 4) The feature vectors of all cells are concatenated to form the features of the block,

272  and normalization is employed to obtain the final HOG features F, i.e.,

4

273 F,=—2— (9)

2
2
llvllz+e’

274  where v is the non-normalized vector containing all histograms in a given block and
275 &' is some small constant.

276 In order to make the feature dimension fit for classification, the size of the block
277  and cell in our proposed method are setto 20 X 20 and 10 X 10, respectively. The 9-
278  bins histogram is adopted, resulting in a 36-dimension feature vector for each image.

279  The HOG feature extraction of a single image is illustrated in Figure 8.

Input image Histogram of Oriented Gradients

280

281  Figure 8. Illustration of HOG feature extraction: input image (left) and the extracted
282  HOG (right).
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2.3. Feature fusion with Centre Loss

A deep feature based on CNN captures the semantic information which is robust
to environmental factors (e.g., variation in scene illumination), while HOG effectively
extracts the local texture information. We fuse these two different types of feature to
obtain the final feature of plant disease samples. In this paper, we directly integrate the
extracted HOG with deep feature via the first fully connected layer in InceptionV3
model. The integrated feature is then fed to the second fully connected layer and
softmax for classification.

To deal with the fine-grained characteristics in plant disease images, i.e.,
mitigating the intra-class variations while retaining the features of different classes
separable, we introduce the auxiliary constraint, i.e., center loss, to increase the

discriminative ability, i.e.,

1

Le =20 x - CJ’i”z ; (10)

where x; denotes the fused features belonging to each image sample, and Cy, € R
denotes the y;th class centre of fused features. In our experiments, instead of updating
the centres of the entire training set, we perform the update based on mini batch. In each
epoch, the centres are computed by averaging the features of the corresponding class.
(In this case, some of the centres may not be updated). Eq. 10 effectively characterizes
the intra-class variations. We adopt the joint supervision of softmax loss and centre loss

to train the CNN based transfer learning model for discriminative feature learning, i.e.,
A wm 2
L =Len + M = Len +5 X% |xi = G ||} (11)
where L., is cross-entropy loss and a scalar A is used for balancing the two loss

functions. In each epoch, the centres are computed by averaging the features of the

related classes. We use standard stochastic gradient decent (SGD) to optimize Eq. 11.

14
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The gradient of L with respect to x; and update equation of C,,, are computed as

oL

e=x -Gy, (12)
X 8(i=N-(cj—x;)
AG =T Rm 5o (13)

where &(condition) =1 if the condition is satisfied, and &(condition) =0
otherwise. It is clear that the CNN based model supervised by centre loss is trainable
using the standard SGD.

Feature fusion is used to directly combine the smoothed vector of the
convolutional layer and the traditional handcrafted feature vector. The fused feature is
then fed to the fully connected layer as an input. During the classification, the more
discriminative and meaningful features are learned under the joint supervision of cross-
entropy and centre loss, that effectively capture the discriminative semantic information
associated with plant leaves with various diseases.

2.4. Data Preparation

To evaluate the efficacy of the proposed method, we used the two public Apple Leaf
dataset. The first is provided by the Plant Pathology Challenge (PPC) held at the CVPR
FGVC (Fine-Grained Visual Classification) workshop in 2020 (Thapa et al. 2020).
This is referred as Apple Leaf Dataset 1 in our paper. The dataset consists of 1821 apple
leaf images, and each image is labelled as heathy or three disease patterns (i.e., rust,
scab, or with both diseases), with a ratio of approximately 6:6:6:1 for each of these four
categories. The samples from each category are shown in Figure 9, and the number of
images for each category are shown in Table 1. The second Apple Leaf dataset was
presented by the Apple Research Institute in Korea (Yu et al., 2020), which includes
three classes: the diseased leaf with marssonia blotch; the diseased leaf with alternaria

leaf spot; and the normal health leaf. The total numbers of samples belonging to three

15
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classes are 120, 166 and 118, respectively. We referred this dataset as Apple Leaf

Dataset 2 in our paper.

r

Healthy apple rust apple scab combinations

Figure 9. Sample images of the Apple Leaf dataset 1.

Table 1. The number of images for each category in two Apple Leaf datasets.

Apple Leaf Dataset 1 (Thapa et al. 2020)

Category | Health Apple Apple Both Total

rust scab

Samples | 516 622 592 91 1821

Apple Leaf Dataset 2 (Yu et al., 2020)

Category | Normal Marssonia Alternaria leaf Total

blotch spot

Samples 118 120 166 404

We also used Coffee Leaf dataset (Esgario et al. 2020). The dataset contains 1747

16
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images of arabica coffee leaves captured using different mobile phones. It includes
healthy leaves and leaves affected by one or multiple diseases, e.g., leaf miner, rust,
brown leaf spot and cercospora leaf spot. The samples from each category are shown

in Figure 10, and the number of images for each category are presented in Table 2.

Rust Brown leaf spot

e

Cercospora leaf spot

Figure 10. Sample images of the Coffee Leaf dataset.

Table 2. The number of images for each category in the Coffee Leaf dataset.

Category Samples
healthy 272
Leaf Miner 387
Rust 531
Brown leaf spot 348
Cercospora leaf spot 147
Total 1685

To avoid the problem of over-fitting during the training of the deep learning

17
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algorithm, data augmentation techniques have been used to increase the size of a
training set by applying geometric and photometric transformations to the original data
such that their distribution transformation remains unchanged. Such a technique helps
in adding more varieties to the training set, and effectively addresses the over-fitting
problem in the deep network training process for improved accuracy (Zhong et al.
2020).

In this work, we apply data augmentation to the three datasets used in our
experiments, increasing the size of the datasets without changing their biological
characteristics. We focus only on the most common geometric transformation
techniques, e.g., decentralization, standardization, rotation, translation, horizontal
projections, flipping, scaling and vertical translation. The augmented results of a sample

image are illustrated in Figure 11.

The original image

LES
K%
Aﬂ’zomal ]
\P’ Ojection
\

Figure 11. Illustration of different augmented results of an original sample image.
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3. Results

3.1. Experimental setting

The experiments were conducted under the following hardware configuration:
Intel(R) Core(TM) 17-9750h CPU, 16GB memory, and graphics card NVIDIA GeForce
GTX 1080Ti. During the training of the networks, we used SGM to jointly optimize the
cross-entropy and centre loss. The batch size, learning rate, momentum and weight
decay were set to 32, 0.01, 0.9, 0.0005, respectively. For each dataset, we randomly
allocated 80% samples for training, and the remaining 20% data are used for testing.

3.2. Experimental Results

The first experiment focused on investigating the effectiveness of transfer learning
on different CNN backbone networks. DenseNet, VGG16, VGG19, ResNet50 and
InceptionV3 were selected for comparison, where the final classification layer of each
was modified according to the apple leaf disease dataset used. In this paper, we used
the classification accuracy as the metric for evaluating the performance of the leaf

disease recognition using transfer learning. The classification accuracy is measured by

Accuracy = % x 100%, (8)

sum

where T.,,.., denotes the number of correctly classified samples for each type of
diseased leaves, and T,,, denotes the total number of samples of this type of diseased

leaves.

The results for leaf disease recognition are presented in Table 3. The table shows
that the classification accuracy using InceptionV3 model performs better than the other
networks, showing that InceptionV3 effectively extracts the useful information in plant

disease images.

Table 3. The classification accuracy of transfer learning model using different
networks.
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Backbone network  Val_acc

DenseNet 78.52%
VGG16 73.79%
VGG19 81.49%

InceptionV3 91.28%

The curves of testing loss and testing accuracy are shown in Figure 12. The loss is
consistently low, and the accuracy remains stably high, which shows the effectiveness

of IncepetionV3 on the feature learning of plant disease images.
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Figure 12. Line graph of classification loss (a) and accuracy (b) of different transfer
networks.

To better demonstrate the efficacy of the proposed discriminative feature fusion
methods, an ablation study is conducted on the two datasets (where the results are
shown in Table 4). By combining the deep feature and HOG, the proposed method using
feature fusion yields better performance than the individual features. Furthermore, the
combination of deep feature and HOG is more effective than the combination of deep
feature and other popular handcrafted features, i.e., SIFT and LBP. In addition, a
significant increase in accuracy is obtained by incorporating the auxiliary
discriminative constraint. As can be seen from Table 4, the proposed method provides

the most discriminative for distinguishing two apple leaf and one coftee leaf diseases.
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416  Table 4. Comparison of experimental results for individual initial diseased leaf

417  images.
Task Method Accuracy(%)
HOG+SVM 82.53
Deep feature only 91.27
Apple Leaf Deep feature + SIFT 92.30
dataset 1
(Thapa et al. Deep feature + LBP 92.50
2020)
Deep feature + HOG 93.19
D f H
[ eeP teatu're + OG-.F 94.02
Discriminative constraint
HOG+SVM 72.84
Deep feature only 81.48
Apple Leaf Deep feature + SIFT 83.95
dataset 2
(Yu et al., Deep feature + LBP 82.72
2020)
Deep feature + HOG 83.95
Deep feature + HOG + —_—
Discriminative constraint '
HOG+SVM 78.68
Deep feature only 90.00
Coffee leaf Deep feature + SIFT 92.89
dataset
(Esgario et al. Deep feature + LBP 92.54
2020)
Deep feature + HOG 93.39
Deep f HOG
eep feature + + 94.07

Discriminative constraint

418
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The third experiment was conducted to demonstrate the effect of the proposed
method using data augmentation, and the recognition results are shown in Table 5. The
results show that the data augmentation increases the recognition accuracy of all
methods, where the recognition rate of the proposed method obtain an accuracy 99.79%,
82.59% and 97.12% on the two apple leaf datasets and one coffee leat dataset,
respectively. These demonstrate that data augmentation effectively solved the problems
of over-fitting and sample imbalance in plant leaf disease images. The confusion matrix
of the proposed method on the three datasets are shown in Table 6, Table 7 and Table
8, where the leading diagonal entries represent the recognition accuracy for each disease
category. Tables 6 to 8 show the proposed method perform consistently well in each
disease category. However, confusion frequently occurs in recognizing the leaves
affected by multiple diseases because the leaves of this category contain pattern similar
to other categories, and there were limited samples for this category.

Table 5. Comparison of experimental results for individual initial diseased leaf using

data augmentation

Task Method Accuracy (%)
HOG+SVM 83.43
Deep feature only 96.77
Apple Leaf dataset 1 Deep feature + SIFT 98.01
Deep feature + LBP 98.49
Deep feature + HOG 98.97
Deep feature + HOG + Discriminative 99.79
constraint
Apple Leaf dataset 2 HOG+SVM 76.54
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Deep feature only 88.90

Deep feature + SIFT 87.65
Deep feature + LBP 87.65
Deep feature + HOG 91.36
Deep feature + HOG + Discriminative
constraint 92:59
HOG+SVM 85.08
Deep feature only 94.92
Coffee leaf dataset Deep feature + SIFT 96.10
Deep feature + LBP 96.61
Deep feature + HOG 96.95
Deep feature + HOG + Discriminative 9712

constraint

434  Table 6. Confusion matrix for the recognition results (%) for the proposed method
435  using the Apple Leaf dataset 1.

Heath | Rust | Scab 1&22;522
Heath 100 0] 0] 0]
Rust 0] 100 | o 0]
Scab 0 0 100 | o
Multiple Diseases | o 139 | 2.78 | 95.83

436 Table 7. Confusion matrix for the recognition results (%) for the proposed method
437  using the Coffee Leaf dataset.
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Brown Cercosp
Heath Miner Rust leaf ora leaf
spot spot
Heath 95.79 1.58 1.05 1.58 0
Miner 0.74 96.31 1.11 1.11 0.74
Rust 0] 0.54 98.92 0.27 0.27
Brown
0 0.82 0.82 98.36 0
leaf spot
Cercospo
ra leaf 0.97 0.97 291 291 92.23
spot

Table 8. Confusion matrix for the recognition results (%) for the proposed method
using the Apple Leaf dataset 2.

Marssonia | Alternaria
Heath
blotch Leaf spot
Normal 100 0] 0
Marssonia blotch 0 83.33 12.5
Alternaria leaf spot | 0 6.06 93.94

4. Discussion

As expected, the experimental results show that using fine-tuned Inceptionv3
achieves high accuracy and reduces the error rate (Table 3), which shows that
InceptionV3 model is suitable for the identification of the plant disease. This is because
InceptionV3 network employs multi size convolution to capture the disease spots with

different size and shape, and performs the label smoothing to deal with the problem of
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limited samples in plant datasets.

The results also show that fusing the deep learned feature and handcrafted feature
increase the identification performance on all three datasets (Table 4). Among the
handcrafted features, HOG feature is more suitable for supplementing the deep feature
due to its ability in depicting the local texture information. We also visualized the
feature maps of HOG feature and Deep features, which are shown in Figure 13. From
the figure, we can see that the HOG feature and deep features capture different spatial
properties of diseased leaf images. These spatial properties are beneficial and increase
the recognition performance. Therefore, this motivates us to fuse two types of features
for better performance in recognizing diseased leaves. Our experiment results validate

the effectiveness of fusing two types of features.

Figure 13. Visualization of HOG feature maps and Deep features low-level feature
maps. From left to right are the original image, HOG feature map, feature map of the

274 Convolutional layer, and feature map of the 3" Convolutional layer.

In addition, the introduction of the centre loss is beneficial to the learning of the
fused feature, where the accuracy increases from 93.19% to 94.02% and from 83.85%
to 85.19% for Apple Leaf Dataset 1 and 2, respectively, and from 93.39% to 94.07%
for Coftee Leaf dataset. It shows more discriminative feature are learned by the joint
supervision of the center loss and cross-entropy loss.

To deal with the problem of insufficient training samples and image imbalance,

we increase the size of the training set using image augmentation. Such technique helps
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in adding more varieties to the training set and avoid the over-fitting. The experiment
result shows the effectiveness of image augmentation (see Table 5). Note that we only
use the simple strategy of image augmentation in this work. There are a few promising
augmentation methods (e.g., Cubuk et al. 2019, Shorten et al. 2019) that have been
proposed. An investigation of such methods is left for future research.

We use confusion matrix to explore the recognition performance for different leaf
diseases (Tables 6, 7 and 8). For the Apple Leaf dataset 1, the leaves affected by multiple
diseases are relatively hard to identify (with the accuracy of 95.83%) because the leaves
of this category contain pattern similar to other categories. Moreover, there are limited
samples for this category. For the Apple Leaf dataset 2, the recognition accuracy is
lower than for the other apple leaf dataset. The main reason is the insufficient number
of diseased samples despite the use of data augmentation. Thus, the representation that
can distinguish the two diseases are not well learnt. Similarly, for the Coffee dataset,

Cercospora leaf spot is hard to be accurately classified. This is because cercospora leaf
spots are not restricted to the small local regions. Instead, the spots are located all over

the whole leaf, which could confuse the classification of algorithms.

5. Conclusion

In this paper, a feature-fusion based method for identifying apple tree diseased
leaves 1s proposed. The classical InceptionV3 network was improved and its
corresponding features extracted by transfer learning. This enables such features to be
fused with those extracted by traditional feature extraction method, e.g., HOG, speeding
up the convergence speed and reducing the training parameters. The model was trained
on 1821 images of apple leaves for identifying apple leaf diseases. The experiment
results show that the accuracy of the model after integrating the traditional feature

extraction method reached 93.19%, which is 1.91% higher than the model without the
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fusion. After data augmentation in the training, the accuracy of the recognition on the
data set reaches 99.83%.

The CNN model proposed in this paper is able to quickly and accurately identify
apple leaf diseases, providing a feasible scheme for the identifying apple leaf diseases.
It 1s widely acknowledged that deep learning methods tend to require more data for
their training. Generally, increasing the size and variety of training samples could
increase the capability to represent the images for the recognition methods. How to

acquire more useful samples is also our future focus.
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