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Abstract. In this paper, rice plant leaf image classification has been
discussed to develop a decision support model for Indian farmers. In this
context, first an architecture of the proposed decision support model has
been explained. Next the required components of the proposed model are
discussed. Additionally, differ- ent Machine Learning (ML) and Deep
Learning (DL) techniques have been implemented and experiments have
been carried out. The experiments on the Mendeley dataset have been
done. Furthermore, a comparative performance study was per- formed to
select an accurate and efficient data model. Finally, the results have been
discussed and a conclusion is provided.
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1 Introduction

India is the second largest country in the world in terms of population. Additionally,
up to 65% of the population is dependent on agriculture. But, due to complexities
involved in agriculture, the farmers are not making much profit [1]. The diseases in
the plants are one of the biggest hurdles. Due to the diseases, the crop production
quality and quantity is impacted (He et al, 2021). Plant diseases contribute 10-16%
losses in the global harvest of crops each year (Golhani et al, 2018). In this paper, the
rice plant disease detection system using Machine Learning (ML) is proposed. In
traditional approaches of disease identification the human expertise is required, which
may be incorrect sometimes. Therefore, some alternate method is required that can
accurately perform the rice plant disease detection (Sladojevic et al, 2016).

The proposed work is classifying the plant leaf images into healthy and diseased
plants using ML techniques. Therefore, a function (x) is required to derive from im-
age processing as shown in equation 1, which can extract the features from input
image x:

(X) = {fl, fz, . fn}

x)=F ... (1)
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These features are accepted by a ML or DL classifier function to classify the features
as shown in equation 2.

(F) = {healthy, diseased} 2)

The key issue is to identify the parameters and derive functions according to the
definitions of function (F) and (x).

2 Proposed System

The proposed model is an initiative to design a decision support system to help rice
farmers, because rice is one of the main food grains in India. A large number of
farmers are growing rice crops and completely depend on the production of rice.
Addi- tionally, a significant number of farmers suffer from low production of rice
because of the different diseases in the rice plant. In order to develop a support model
a basic scenario has been given in Fig. 1. According to the figure, a farmer will first
click an image directly from the field and will upload it to the server. The server will
receive the farmer’s image, and then will apply the above discussed components to the
image. The server will recognize whether the image is infected with some disease or it
is healthy. When the model concludes the results, then it will send the message to the
framer. This mes- sage is providing the status of the plant infection.

Cloud Serverwith ML based
Decision Support System

Farmer clicking image of crop leaf Farmer getting results for the query

Fig. 1. Proposed Decision Support System (Shrivastava and Patidar, 2022)

2.1 Server Components

The server components of the proposed model are described using Fig. 2. In this
figure the first component is the rice plant dataset. The dataset is pre-determined or
well- defined historical records, which are used as an example for the machine
learning and deep learning algorithms. In this paper, for simulating the decision
support system the

The Mendeley dataset is used [6]. The Mendeley dataset contains roughly captured
leaf images of four different rice plant diseases namely Tungro, Brownspot, Blast, and
Bacte- rial Blight.
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There are different numbers of images in each disease class but not affected by major
class imbalance problems. A total of 5932 images are given in the dataset. These
images are natural images and in the real world such images are easily available.
Thus, it is a practical dataset to use with the application. In addition, the images sent
by a farmer can also be similar to the dataset images. These dataset images are used
with the ma- chine learning process i.e. data preprocessing, feature selection and
algorithm training.

Trained Model

Rice Disease
Feature Selection T
Dataset

Model Training

Click and send
image to
server

Receive
Analysis
Report

Fig. 2. Server Components of the Proposed Model

1. Data Preprocessing: In machine learning, the aim of data preprocessing is to
minimize the noisy content of data and maximize the actual or informative
data to the dataset for improving the learning process of algorithms. In this
case, the data is image data, thus the pixel normalization is used as the
preprocessing technique. This process scales the image pixel values between
0 and 1, which minimizes the computational re- source need of the server.

2. Feature Selection: The feature selection process is used to recover the
meaning- ful insights from the data which can be used by the ML or DL
algorithms for training. In literature a number of image feature selection
techniques are available and among them, Canny Edge Detection technique
[8], Grid Color Moment, the Local Bi- nary Pattern (LBP) (Guo, et al 2010),
Sobel (Tian et al, 2021) and K-Means (KM) seg- mentation are used along
with their combinations i.e. “Sobel and LBP”, “Sobel, LBP and color”, and
“color and Sobel”. In addition, a deep learning model is also tested for image
feature extraction. This model is known as Visual Geometry Group (VGG16)
and a deep pre-trained Convolutional Neural Network (CNN) architecture is
frequently used in image classification problems.

3. Model Learning: The aim of the learning or training is to use the features of
input data and prepare a logical model to use and identify the similar objects
on which the ML or DL algorithm get training. In literature a number of ML
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and DL models are available among them in this experiment, Support Vector
Machine (SVM) (Rtaylia and Enneya, 2020), Sequential Convolutional
Neural Network (S-CNN), 2-Dimensional Convolutional Neural Network
(2D-CNN) [12] are used and their variants prepared by variations of the
different hyper parameters.

After training the model is called a trained model. This model can accept the new and
unknown input images to perform analysis and return the name of disease. In this con-
text, a series of experiments has been carried out to compare the combinations of
feature selection techniques and learning algorithms. Additionally, based on the
optimal results for selecting the features and performing classification a deep learning

model has been proposed. The proposed deep learning model is demonstrated in Fig.
3.

Dense Laver

N

—®  Tungro

»  Brown Spot
—»  Blast

—>»  Bacterial blight

Flatten Laver

VGGl6

Fig. 3 Implemented Deep Learning Architecture

The implemented deep learning model accepts the input image using an input layer.
Next, the input layer passes to the VGG-16 layer (Tammina, 2019). This layer
processes the image and returns the features to flatten the layer. The output of VGG16
is converted to a linear vector using the flatten layer. Further, two dense layers are
applied to work as fully connected layers. This layer is learning the extracted features
of VGG16. First dense layer is configured with the ‘ReLu’ activation function and
second dense layer is utilizing ‘Soft-Max’ function. The last layer is a four-neuron
dense layer and used to produce the classification  results
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3 Results and Discussion

The proposed model is the conclusion of the different investigations and experiments
involved in background. Therefore, the different feature selection techniques and ML
algorithms are implemented and experiments performed. The following set of experi-
ments has been conducted for selecting the optimal methods.

3.1 Plant Leaf Classification

The plant leaf classification model uses SVM and ANN classifiers. The perfor-
mances in terms of accuracy, f-score and training time are measured. First, the
accuracy is measured. The accuracy demonstrates the correctness in classification.
The target is to recognize the plant leaf and leaf is a rice plant leaf or not. The
accuracy with a different number of plant crops is given in table 1. According to the
results, both the algorithms offer similar accuracy, but when the number of species are
increased, then, the accuracy of both the models are slightly dropped. But the ANN is
providing stable and robust performance as compared to SVM. In addition, the f-score
has also been given in the table. The measured f-score is given with an increasing
number of plant spe- cies. According to the results, the ANN is accurate as compared
to SVM. Thus, the number of classes to learn can impact on performance.

Table 1. Accuracy, F-score and Training Time of Plant Species Identification

Classes (Plant Accuracy F-Score Training Time
Species) SVM ANN SVM ANN SVM ANN
2 98.3 100 95.8 100 10 37
3 96.8 99.3 93.5 98.4 34 43
4 94.5 97.7 93.9 94.6 86 59
5 90.6 94.2 89.4 90.5 112 71
6 87.3 92.8 84.2 89.1 178 95
7 84.8 90.5 82.7 87.3 220 108
8 80.4 91.7 80.2 85.9 289 132

Next, the performance of the algorithms for training time requirement was measured.
The training time is the amount of time required to perform training of the algorithm.
It is measured in terms of seconds (Sec). The training time is increasing with the in-
creasing number of plant species. According to the results, when the amount of
learning data is limited, then the SVM algorithm provides better efficiency, but as the
amount of learning data increases, it requires more learning time. Thus, the ANN not
only pro- vides the higher accuracy but also provides the robustness with the large
training sam- ples.
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3.2 Rice Plant Disease Detection

In this section, the performance of the model is measured for the rice plant disease
detection into four types namely Bacterial blight, Blast, Brown Spot and Tungro. The
performance of the model is given in Table 2 and Fig. 4.

Table 2. Performance of Diseased Rice Plant Detection

Accuracy F-score Training Time
SVM ANN SVM ANN SVM ANN
Kaggle 924 995 902 99.1 98 74

Mendeley 83.6 927 848 89.7 370 183

Dataset

According to the results, both the algorithms are providing acceptable accuracy but
the ANN model is more accurate and efficient. Therefore, based on the efficiency and
accuracy, the ANN is more suitable as compared to SVM.
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Fig.4. Mean Accuracy and F-Score

3.3 Comparing Deep Learning Models

In this section, the two architectures specifically S-CNN and 2D CNN have been
considered. The aim is to compare both the models for accuracy to classify the rice
leaf images. In this experiment, an original dataset without any preprocessing has been
used. The comparative precision, recall and fl-score are measured class-wise and
reported in Table 3. In addition, the accuracy of the models is also given

Table 3. Performance Comparison of S-CNN and 2D CNN Models
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Classes S-CNN 2D-CNN
Precision Recall F-score Precision Recall F-score
0 0.5 0.75 0.60 0.73 1 0.84
1 0.5 0.57 0.53 0.71 0.71 0.71
2 1.0 0.44 0.62 1.0 0.67 0.80
Accuracy 0.58 0.79

According to the performance, the 2D-CNN is more accurate than the S-CNN. Ad-
ditionally, it provides higher precision, recall and Fl-score. Thus, the 2D-CNN is
more appropriate than the S-CNN.

3.4 Performance for Feature Extraction Techniques

To enhance the classification performance, different combinations of the features are
prepared and used with the 2D-CNN. The following feature combinations has
prepared:

1 Sobel operator: The data is processed using Sobel operator. The 2D CNN
model is trained with the different epochs i.e. 200, 500 and 1000.

2 LBP: The dataset is processed using the LBP and the performance of 2D
CNN model has been measured.

3 Sobel and LBP features: A combined image is prepared by using LBP and
Sobel operators. This feature has the 3D vector with the size of 90* 90* 2.
Where the 90*90 is the image size and 2 vectors combined.

4 Sobel, LBP and color channels: A combined image is prepared with the help
of LBP, Sobel and 3 color channels. That consists of the size 90 * 90 * 5.

5 Sobel and color channels: In these samples, each color channel is extracted
and then channels are processed using the Sobel operator. Finally, a combined
data is prepared.

The 2D-CNN and the combinations of the image features are used for training and
val- idation. The increasing number of epochs is used in experiments. Table 4
demonstrates the class-based precision and the recall is given in Table 5. According to
the results, the combination of ‘Sobel, LBP and color feature is providing higher
accuracy. Next, the Fl-score is also measured and given in Table 6. The f-score is
used to decide which algorithm is working better. It is the mean of precision and
recall. The combination of color, LBP and Sobel is much better. The mean accuracy is
also given in table 7 for 200, 500 and 1000 epochs. According to the results, the
combination of features ‘color, Sobel and LBP’ is providing high accurate result a
total of 83%. The data only used with 2DCNN and LBP is providing very poor
accuracy. But, the combinations of fea- tures are providing higher accuracy as
compared to individual features. The original images with the 2D-CNN model
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provides higher accurate validation results.

Table 4. Class Wise Precision of 2D-CNN Model with Image Features
Classes Sobel LBP LBP+ Sobel Color +LBP + Sobel Sobel + Color

200 Epoch
0 0.78 047 0.80 0.73 1.00
1 0.62  0.00 0.50 0.83 0.54
2 0.71  0.57 0.67 1.00 1.00
500 Epoch
0 0.88 047 0.83 0.75 1.00
0.78  0.50 0.75 0.75 0.70
2 0.82  0.60 0.60 1.00 0.67
1000 Epoch
0 0.78  0.62 0.86 0.89 1.00
0.78 043 0.64 0.78 0.73
2 0.83 0.75 0.83 1.00 1.00

However, the accuracies of some algorithms are improving with the epoch and for
some are degrading accuracies. According to the validation accuracy, the 2D-CNN
and com- bination of feature selection techniques ‘color and Sobel’ is providing
higher accuracy.

Table 5. Recall for 200 Epochs

+ + +
Classes Sobel LBP SI(;bB:; LBPC:-) l;;bel ggll:)erl
200 Epoch
0 0.88 1.00 1.00 1.00 1.00
0.71 0.00 0.57 0.71 1.00
2 0.56 0.44 0.44 0.78 0.33
500 Epoch
0 0.67 0.89 0.56 1.00 0.89
0.75 0.12 0.75 0.75 0.88
2 0.71 0.43 0.86 0.57 0.57
1000 Epoch
0 0.78 0.89 0.67 0.89 1.00
0.88 0.38 0.88 0.88 1.00
2 0.71 0.43 0.71 0.86 0.57

Additionally, with the increasing epoch, it is enhancing. The combined features
“Sobel and Color” and “Color, LBP and Sobel” is providing higher correctness. The
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combina- tions of the features are providing accuracy up to 88%.

Table 6. F-Score for all the Algorithms
Classes Sobel LBP LBP+ Sobel Color +LBP + Sobel Sobel + Color

200 Epoch
0 0.82 0.64 0.89 0.84 1.00
0.67  0.00 0.53 0.77 0.70
2 0.63  0.50 0.53 0.88 0.50
500 Epoch
0 0.71  0.62 0.67 0.86 0.94
0.71  0.20 0.75 0.75 0.78
2 0.71  0.50 0.71 0.73 0.62
1000 Epoch
0 0.78  0.73 0.75 0.89 1.00
1 0.82  0.40 0.74 0.82 0.84
2 0.77  0.55 0.77 0.92 0.73

Based on the overall results, the increasing epochs can increase the accuracy. But this
fact is not always true. Finally, the feature selection techniques and their combinations
can influence the recognition performance. But, the 2D-CNN self-extracts the features
and learns with it, so it can perform better. It can provide up to 90% accurate results.

Table 7. Accuracy of the Algorithms for Increasing Number of Epochs

Epochs Sobel LBP LBP+Sobel Color+LBP + Sobel Sobel + Color

200 0.71  0.50 0.67 0.83 0.75
500 0.75 0.50 0.71 0.79 0.79
1000 0.79  0.58 0.75 0.88 0.88

3.5 Deep Feature Selection

The aim is to conclude which type of dataset is more appropriate for learning with the
deep models. The combination of appropriate data and deep learning can improve the
quality of service of the decision support model. Two different datasets and a deep
learning architecture has been considered. First dataset is based on pretreated images
and the second dataset contains the raw images. The experiment has been carried out
and the performances are revealing which dataset is appropriate. For measuring the
cor- rectness precision, recall, fl-score and accuracy are used. Moreover, for
efficiency the training time is measured.
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The accuracy with both the datasets are given in Fig. 5. According to the accuracy, the
model is performing less accurately with the Kaggle dataset, but it works better with
Mendeley dataset. The deep learning models can do better with the large data. There-
fore, the accuracy of the Mendeley dataset is high. By using the performance, the
Men- deley-based dataset provides better yield as compared to Kaggle dataset. The
training accuracy for Mendeley is near about 90% and for validation it is
approximately 88%. Similarly, for the Kaggle dataset the training accuracy is found
near about 70% and the validation accuracy reaches near about 60%. The performance
for Kaggle and Mende- ley dataset in precision, recall, and fl-score is given in Table
8.

Table 8. Performance of the Model for Datasets
Classes Precision Recall F1-score

Kaggle Dataset
0 0.78 0.88 0.82
1 0.29 0.29 0.29
2 0.50 0.44 0.47
Mendeley Dataset
0 0.78 0.89 0.83
1 0.81 0.87 0.84
2 0.95 0.88 0.91
3 0.98 0.82 0.89

According to the results, the model is providing better results with the Mendeley
dataset in terms of all the considered parameters. The Mendeley dataset provides
better classi- fication as compared to the Kaggle. In addition, the training time of the
model using both datasets are also measured. Fig. 6 demonstrates the training time of
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the models. In this diagram, the datasets are given on the X-axis and the Y-axis shows
the training time. According to the results, the Kaggle dataset utilizes a fewer time
whereas the Mendeley dataset requires a higher amount of training time. The time is
measured in terms of seconds. The training time of the Mendeley dataset is
approximately 60 times higher than the Kaggle, additionally, the dataset size is 35
times higher. Therefore, the roughly taken images provide a better yield as compared
to the specifically designed datasets, and the deep learning model can learn better with
them.

3.6 Performance of the Proposed Model

In this section, the performance of the proposed model is evaluated and compared in
terms of recall, f-score, and precision, which are accounted in Table 9.

Table 9. Performance Analysis

Precision
Classes Sequential CNN CNzl\?- Sobel Operator MeI:r-ls 1 6VGG
0 0.72 0.85 0.78 0.75 0.96
1 0.74 1.00 0.74 0.71 0.99
2 0.87 1.00 0.86 0.94 0.98
3 0.73 1.00 0.85 0.80 0.98
Recall
0 0.79 1.00 0.69 0.74 0.99
1 0.59 0.93 0.79 0.80 0.95
2 0.85 0.96 0.79 0.69 0.98
3 0.83 0.93 0.99 0.96 0.98
F1-Score
0 0.75 0.92 0.73 0.74 0.97
1 0.66 0.96 0.76 0.75 0.97
2 0.86 0.98 0.82 0.79 0.98
3 0.78 0.98 0.92 0.87 0.99

In addition, the validation accuracy and Training time of the model has also been eval-
uated, which are reported in Fig. 7 and Fig. 8 respectively. In both the diagrams, X-
axis contains the used ML models and Y-axis shows the Accuracy and Training time.
Ac- cording to the results the proposed model is providing highest accuracy up to 99%
with the minimum training time of 2661.31 seconds. Thus, the proposed method is
accepta- ble for offering services to the real-world applications.
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Conclusion and Future Work

The proposed work is aimed to design an efficient and accurate machine learning
model for rice plant disease detection. In this context, architecture to support the
proposed concept has been discussed and a deep learning model has been
implemented for accu- rate disease detection. The proposed model provides the high
detection rate up to 90%.
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