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Abstract

A significant number of the world’s population is dependent on rice for
survival. In addition to sugarcane and corn, rice is said to be the third most
growing staple food in the world. As a consequence of intensive usage of
man-made fertilizers, paddy plant diseases have also risen at a faster pace in
current history. Exploring the possible disease spread and classifying to detect
the consequent impact at an early stage will prevent the loss and improve
rice production. The core task of this research is to recognize and quantify
different kinds of infections (disease) affecting the paddy plant crop, such as
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brown spots, bacterial blight, and leaf blasts. Both detection and recognition
are carried out based on the risk analysis of paddy crop leaf images. We sug-
gest a Deep Convolutional Neuro-Fuzzy Method (DCNFM) that combines
one of the advanced machine learning variant, namely deep convolutional
neural networks (DCNNs) and uncertainty handler called fuzzy logic. The
synthesis has the benefits of both fuzzy logic and DCNNs when dealing with
unstructured data, extracting essential features from imprecise and ambigu-
ous datasets. From the crop field, continuous image data are captured through
image sensors and fed as a primary input to the proposed model to analyze
the risk and then later to classify them for precise recognition/detection of
the disease. The detection/recognition rate of the DCNFM is found to be
98.17% which is comparatively found to be effective in comparison with the
traditional CNN model.

Keywords: Convolution neuro-fuzzy, paddy, accuracy, disease classifica-
tion, bronzing, crown rot, blast, head blight.

1 Introduction

Paddy cultivation is the lifeblood of the most developed and developing
nation and should be prioritized before any other significant area. Paddy pro-
duction faces several problems, particularly land scarcity and labor shortfalls,
financial difficulties through various factors like globalization and; and global
pollution such as climate change. When the world’s population is projected
to rise at the current pace, the world rice supply would have to double. One
major primary cause of failure in this segment is crop infection. Thus, in
this article, a novel solution to significant and associated plant disease in
the main traditional paddy crop is nominated. It is challenging to track vast
areas of crops throughout the cultivation period, even also with an advanced
automation system, due to their large scale. Hence, we put forward the Deep
Convolutional Neuro-Fuzzy Method (DCNFM) for disease detection, risk
assessment, and categorizing/labeling the affected crops.

Deep Learning (DL) has developed exponentially in the field of recog-
nition, risk estimation, and classification. Its expansion has the potential
to increase the perfection of image recognition and classification accuracy
significantly. Convolutional Neural Networks (CNNs) is a widely used Deep
Learning (DL) model that facilitates accurate, robust, and practical feature
learning from large amounts of data. They use a large number of samples to
derive elevated abstraction (high-level) from a limited/constrained data level.
When there is an abundance of high-quality training results, computation
efficiency and the precision ratio can be significantly enhanced. Furthermore,
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in an automatic mode, CNN has the capability to retrieve feature maps based
on the relationship between training and test results. However, information
may be unclear or contradictory due to a lack of detail or inconsistency in the
source data, commonly referred to as data uncertainty [2]. Whenever there is
insufficient information, transfer learning is used to direct the system through
thorough training. Feature representative is then passed to the model after pre-
training with distinct but interrelated and appropriate data. Pre-training the
algorithm will dramatically reduce training data since the concerned neural
network already contains the learned and systematical kernel. As a result,
transfer learning also necessitates details relevant to the data sources. A lack
of appropriate data can cause neural networks to function poorly or perhaps
even deliver subpar results.

The problem of the neural network is that it does not often closely
resemble human thought and perception [15], while fuzzy logic is effective
in human reasoning and modeling. Mathematically, fuzzy logic may be used
to compute the uncertain datasets irrespective of acquired knowledge which
may not be clear. The computations are carried out by utilizing non-standard
representations of the concept of linguistic labels, degree of membership
mapped to the degree of reality [1]. The laws (rules) and the interpretability of
fuzzy attributes make it simple in the extraction of essential feature sets more
like humane interpretations. As a matter of reality, there is no learning poten-
tial and, and thus most of the application of laws in fuzzy schemes are derived
through human expertness. Fuzzy laws (rules) can be instantly learned from
vast amounts of training data by integrating with neural networks.

According to this theory, we recommend a new Deep Convolution-Neuro-
Fuzzy Model (DCNFM) in which Fuzzy logic is linked to deep CNN.
The convergence of fuzzy logic and deep CNNs enables the extraction of
beneficial high-level functionality from unclear details of the data source
[7,9]. Traditional CNNs use completely linked neural networks to summarize
the knowledge contained in function maps. To improve the capacity of the
CNN to estimate the optimal hypothesis function, we combine with core
concepts of fuzzy logic rather than a completely linked neural network. The
outstanding feature generator and the non-linear approximator can be utilized
to improve the precision rate while testing. With the exception of the network
performance, CNNs middle-layer depictions are mostly incomprehensible,
but in this article, we are involved in visualizing, demonstrating, and ana-
lyzing deep learning models, and hence our priority is on explaining how
smart objects/agents can justify their decisions about paddy crop disease
identification, risk assessments, and classification.
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2 Related Work

SVM-Support Vector Machine, BPNN-Back-Propagation neural network as
shown in the study of [12] were found to be the principal mechanism used to
detect paddy crop disease, besides these, SGDM-Spatial Gray-level Depen-
dency Matrices, KNN-K-nearest neighbor, and CNN-Convolution Neural
Network are utilized for disease detection as shown in the research of [21].

The CNN methods were used in [3] to study the stable and infected
leaves of the plant. To distinguish the crops infected by the disease, images
of healthy and affected leaves of the plants are combinedly collected. The
essential features are extracted from the retrieved leaf pictures. Finally, the
framework is then developed using the deep learning method, and leaves are
checked to see which leaves are being impacted.

The research work described in [4] uses Content-based affected paddy
leaf image detection and counteraction unit upon diagnosing paddy disease
by the support vector machine classification. Here, suggestions are made
which can aid farmers and associated industries in detecting and controlling
the infections.

The general framework of DL for object detection was first suggested
by [19]. An extremely advanced DL algorithm, CNN, was contrasted against
an original function (feature) representation and researched their relative
effectiveness for classifying and comparing instances. Besides, they inves-
tigated the practical uses of CNNs in identifying and retrieving concerns,
which had proved helpful in our studies.

The study from [5] depicted a design of a DL robot which is utilized
to identify disease that affected especially the leaves and other parts of the
tomato plants. The focus of this project was on constantly operating DL
algorithms in robots for agricultural use. The RGB cameras mounted on the
robot take images in real-time, and on utilizing DL models, use them to scan
for disease prevalence. A dataset on tomato leaves has been used to train a DL
model, and those datasets are extracted from the village plant internet site.

An elaborated CNN model [16], which aimed to find the disease, deter-
mined both plant disease and health status of apple and tomato leaves. An
improved SVM classifier is taken into consideration for the optimal disease
detection process. This prototype also incorporated sigmoid formulation and
more dense layers for greater precision. Drop-outs values of 0.2 have been
applied to minimize the overfitting issue. As a consequence of these efforts,
the model reached an 87 percent accuracy rating. The CNN was preferred
based on their research outcomes, which is more successful than SVM in
classifying the effects.
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Authors in [11] developed a solution that incorporates machine learning
and image processing techniques for utilization in the diagnosis of potato
leaves-based diseases. The site “plant image” is freely accessible and supplies
information about various diseases, making it possible to use an automatic
tool that categorizes infections from it. The combined methodological actions
like segmentation and technical process of SVM produce an accuracy of 95
percent on diagnosing the disease.

The research work [14] suggested a project to differentiate evidence and
regulation of the three diseases of cotton leaves, in specific Bacterial Blight,
Alternaria, Myrothecium. Segmentation of images is carried out using the
model of complex form. Hu’s versatile neuro-fuzzy derivation is employed
to make up the versatile planning process. Finally, the accuracy of the model
arrangement is 85%.

The author from [20] has addressed the problem of identifying cotton
leaf diseases by the use of the nearest neighbor classification technique and
PCA (Principal Component Analysis). It contains diseases such as Nacrosis,
Blight, Magnesium inadequacy, Alternaria, and Gray Mildew. The accuracy
of characterization and classification is found as 95%.

The study [18] implemented a new technique for robust and early detec-
tion of Cercospora plant leaves spot in sugarcane (common beet) using the
hybrid template mapping SVM algorithm. This method is practical and realis-
tic to identify and persistently quantify in standard bright sunlight conditions
before schedules. Often it’s challenging to recognize the fact that the external
environment is changing unpredictably.

The work from [8] has been applied to a convenient application to
identify paddy plant disease using the probabilistic classification of the neural
system and fuzzy entropy, which is still operational with Android’s versatility
framework. This technique has been applied to various diseases such as leaf
blight, tungro, leaf blast, and brown spot. The accuracy of paddy disease
on distinguishing evidence is recorded as 91.46%) From [22], the authors
examine rice carrying capacity and sustainable rice production. Concerning
the resources-limited regions, authors ought to explore the rice carrying
capacity as well as the degree to which natural resources affect the production
of rice plants.

3 Risk Analysis of Disease Affected Paddy Plants

In rice crops, the infection is described as any deterioration of the essen-
tial biological functions of plants that produces specific symptoms. An



330 V. Vinoth Kumar et al.

asymptomatic and symptomatic sign is a particular instance of anything and
might be used to prove the reality of that phenomenon. A disease may be
caused by an infection, regardless of its identity. Plants exhibit symptoms
almost on the plant’s leaves or branches. Paddy crop farming is enhanced
by identifying the plant’s leaves, branches, locating the infections, and diag-
nosing the level of percentages of disease incidence, symptoms, and its
progression. Four major common paddy plant diseases are considered and
needed to be classified through our proposed system is elaborately discussed
in the upcoming section.

3.1 Bronzing

Bronze pigmented by nutritional deficiencies, reliance upon pests, chemical
products, ecological or illness factors. Most parts of the bronze-affected
leaves are often smaller, and the affected parts cannot photosynthesize.

N

- eemee——

Figure 1 Bronzing in paddy crop.

3.2 Crown Rot

It is hypothesized that bacterial infection (scientific name: Erwinia chrysan-
themi) may induce foot rot of paddy plants, which is rarely detected. The
roots are likewise dark black and die as soon as infected, and the node well
above the cap region is irregular in shape.

Figure 2 Foot rot in paddy plant.
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3.3 Blast

Magnaporthe oryzae fungus causes blast disease in paddy plants. Top por-
tions of crops, including leaves, panicle sections, nodes, necks, collars, and
leaf sheaths, may be affected. Anywhere blast particles (spores) exist, blast
might emerge.

Figure 3 Leaves and node blast in paddy plant.

3.4 Head Blight

A Scab or Head Blight is a fungal infection that attacks paddies and various
crops. Infected heads of grain are prematurely dying and bleaching. All the
corresponding pictorial sample of each diseases are depicted from Figures 1
to 4 respectively. The whole head may perish if diseases strike on the branch
underneath the head. A DCNFM model has been proposed to forecast the
signs of all four concerning infections in rice plants. Numerous images of
concerned paddy crop disease are utilized to build the model. The training is
conducted so that it will likely provide an accurate model that predicts the
outcome as either a healthy crop or a damaged crop.

Figure 4 Head blight in paddy plant.

4 Proposed DCNFM

Each part of the paddy plant image (leaf) is captured using the CMOS
Photographic Detector. Then, the Gabor function [10] is employed to extract
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Table1 DCNFM and Traditional CNN parameters

Parameters
Layer 1: Input Dataset
Training Data: (224) x 1914
Testing data: (224) x 759
Layer 2: Fuzzification
-NA- - (224) x 2 Mamdani MF
Layer 3: Conv_1
(7) x 64, Rectified Linear Unit, (32) x 64, Rectified Linear Unit,
Batch Normalization Batch Normalization
Layer_4: Conv_2
(5) x 96, Rectified Linear Unit, (5) x 48, Rectified Linear Unit,
Batch Normalization Batch Normalization
Layer 5: Conv_3
(3) x 128, Rectified Linear Unit, (3) x 64, Rectified Linear Unit,
Batch Normalization Batch Normalization
Layer_S: Defuzzification

Traditional CN

INANDA pasodoig

(pay1zzny) [ouIa3]

NA- 128 x (2)

NA* - Not Applicable

various features. In this proposal, a distinct feature-oriented filtration block
with alignment vector production intensity was utilized. Therefore, the direc-
tion values 000, 475, 950, and 1450 are obtained. By translating each color
pixel of RGB (Red, Green, and Blue) to HSI (Hue, Saturation, and Intensity)
format, color characteristics were retrieved. Both tone and direction functions
are filtered down to minimize computing overhead. Seven vectors for every
frame picture frame is considered, including three pictures of HSI format and
four-vectors of different position. The ultimate input characteristics consist of
the 32-bin distribution, calculating all seven identity frame channels (orien-
tation correlates to four channels, and the pixel values belong to three image
channels). Table 1 shows the layout and precise configurations of DCNFM
hyper-parameters as well as other comparable models, especially to analyze
the picture obtained.

The framework of the system, DCNFM, is built on the standard, con-
volutionary layer of CNN that is completely connected. Typically, every
convolutionary layer involves a convergence phase, accompanied by a non-
linearity phase, and ultimately a concentration (pooling) phase. The proposed
DCNFM'’s conceptual structure, consisting of three levels, that is depicted
in Figure 5. The first part of the method, includes fuzzification, converts
the original data into a perfect fuzzy representation. Subsequently, it’s a
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Input Fuzzified features

Feature sets

i Fuzzy Fuzzy
Fuzzy Convolutions Convolutions

L Convolutions Pooling Pooling Defuzzification Classifier
Fuzzification

Figure 5 DCNFM’s conceptual structure.

more convoluted through computationally intensive representation in the
Fuzzy Convolution (FC) layer, thereby necessitating use of fuzzified kernels.
Fuzzification (convolution) is a minimalistic interpolation that minimally
distorts initial patterns and maximally smooth outputs (min-max regression)
with optimal local features. The primary advantage of every min-max layout
extraction is that it extracts more complex spatial feature minima from its
spatial input. The generated extracted features of these convolution levels are
extremely hypothetical in the fuzzy realm due to adding the series of fuzzy
convolutions. The defuzzification layer extracts crisp output from pooled
features. Eventually, the DCNFM Output Classifier is a completely linked
layer.

If T is the input vector, several linguistic labels for Membership Functions
(MF) are allocated to each variable in T. The Fuzzy membership measures the
rank of a certain fuzzy set which defines the membership and composition
of an input source. Equation (1) represents the fuzzy set, T derived by the
fuzzy relationship, represented in Equation (2), which is further computed
using the max-(II) functioning. This is predicated on the likelihood that the
provided data (both input and output) correspond to the user-defined cited
fuzzy numbers, stated as m(f); ; from the UoD (Universe of Discourse).

T = fuzz(tij]ctij) (1)
Where, i and j are the elements’ indices (¢) in the reference vector 7.
GOt —ti) ()

Where A(t — t;5) denotes the delta (kronecker) function.

’_ﬁj = hypothesis(ti;lm(f);;) = mazier(m(f)
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Three processing phases occur within each FC layer:

* Fuzzy-based convolution phase,
* Non-linearity phase, and
* Pooling and Defuzzification phase.

4.1 Fuzzy-based Convolution Phase

The fuzzy-based Convolution phase is a process in which fuzzy-based
convolutionary filtering (g,), is measured in Equation (3) and utilized on
two-dimensional information which is expressed as,

r—1r—1

tij =) Y gutiip)ta) )
p=0qg=0

gu = fuzz(g) )

4.1.1 Non-linearity phase

A non-linear conversion modifies the linear connections among variables
(gains or reduces), altering their correlation. Non-linear trajectories could be
changed into numerous linear forms. The LST technique uses line segments
connecting two nearby data points to approximate a fuzzy set. Binning is
applied mainly on binned vector, and the LST transition is performed to it.
The parameters were all initialized with different starting values as well as a
result was found via solver. A non-linear conversion of the resulting outcome
from the soft convolution steps is presented in Equation (5).

4.1.2 Pooling and defuzzification phase

Upon completing the Feature Extraction (FE) process, the final stage is a
vital procedure known as pooling (e.g., maximum accumulation), which
provides short-termed required statistical results on nearby findings. This
state constrains the translation invariance of the representation into a perfect
input and simultaneously minimizes the amount of the intake source for the
following Convolutional Fuzzy Layer (CFL).

uij = 6(tij) (5)

Here, in Equation (5), d-denotes the activation functions of CFL. The
perfectly integrated structure of the DCNFM functions as a classification
system, Here, the input features are crisp value (v), which is derived from the
defuzzifying process using the Centroid of Area (CoA) approach represented
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in Equation (6).
v; = defuzzification(L;) (6)

_ Z?:l [Cent(uDMF) X L,L]
Z?:1 Li

t; = | (vi) (7

From (7), Cent(upyr) denotes the center point of the Membership
Function in the defuzzification process (DMF), L; represents the sub-layers
and from (4.7), 4 represents the perfectly integrated v; (final classifier out-
come). The log loss (7)) is used to assess how a constructed classifier performs
(also called cross-entropy loss). The loss of cross-entropy rises when the
expected likelihood differs from the current identifier which is expressed in
Equation (8).

N
n=-Y Vo) - log[Prob(po],) ®)
c=1
From (8), N represents the classes, v,y denote the binary indication
(zero or one) wherein class, ¢ may be the appropriate witness categorization,
o, whereas Prob(p[o],) is the predicted observation probability o is always
of class c.

Table 2 Algorithm of DCNFM

Input: Appropriate Class_Labels (c), Training Sample (St), Hyper-parameters [1],
Convolution Layers (L), Batch_Number (S), and Drop_out.
Output: Predicted outcome of DCNFM (trained parameters)

fori =1— N do
forj=1— Sdo
T < Fuzzification (T),
g < fuzz(g);
for L=1— Ndo
‘ TE+! « convolution(gl, T*);
end

v « Defuzzification(T*);

U+ U(v);

1 < log-loss(u, u);

Hyperparameters[Wy., Cent(u ppy,); Cz, Cw] <= Updation;
Oz, 0w < Updation;

end

end
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The class labels are learned through model parameters and traditional
back — propagation procedure on utilizing the log loss function. DCNFM
training process algorithm is described in Table 2. We used a compact
instructional technique to identify the optimum parameters for the DCNFM
on the supplied training sample, using the selected feature ‘7 and target
‘u’. Hyper-parameters like learning rates, dropout rate, and batch size are
determined from empirical evidence (experiment and observation), and all
the essential mathematical expressions are cited from [13].

5 Discussion on Experimental Outcomes

DCNFM is a type of fuzzy fusion neural network that will alter the network’s
features to lower the optimization problem concerning cost functions. These
approaches effectively identify pictures, classify images, discover objects,
and parsing standard language. A different set of captured images of the
paddy plant are trained and tested to evaluate the algorithm. To establish a
benchmark and do a comparative analysis, we use conventional CNNs and
other existing methods with the same structural and computational complex-
ity. The traditional CNN is modified to make it more appropriate for usage.
We almost trained the datasets with the same hyper-parameters (Learning
rate, pooling probabilities, dropout, and layer size) to evaluate the model’s
effectiveness compared to the benchmark technique.

Spatial characteristic vectors of seven features from each infected iden-
tified image will be retrieved throughout the training period and supplied to
the DCNFM model as the primary input. The seven characteristics include
location on the picture (in all possible directions: X and Y position), scaling
grade, feature size, flag border, image curvature via scaling space, and image
orientation. Training takes place on an average with seven characteristics for
each classified disease. However, the number of critical points might vary and
relies on the captured image’s intricacy. The obtained model’s parameters are
highly transferrable. For training purpose, instead of assigning new weights
which can handle severe issues, pre-determined weights that were previously
learned on a different problem are utilized.

When it comes to all training operations, the total count of epochs is set
to be 100. The following are specified as the assessments criteria (Accuracy,
Recall, precision, and f1-score) [17]:

Accuracy (A): It is possible to determine accuracy using the Confusion
matrix. An evaluation method that is intuitively understood is accuracy [6].
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Accuracy is defined as the overall ratio of appropriately predicted outcomes
to all total numbers of data. Using the Equation (9), we can see how to
calculate essential accuracy. In a dataset, improved accuracy is only attainable
whenever false negative and false positives are almost the same.

B (TP +TN)
 FP+TP+FN+TN

)

Precision (P): The number of accurately predicted absolute potential values
compared to the total amount of positive values (predicted) obtained is
known as the precision evaluation of the corresponding algorithms. It may
be calculated using Equation (10).

TP
P=—— 10
FP+TP (10)
Recall (R): From the confusion matrix, the recall is the percentage of pro-
jected positive values which are equal to the number of actual positive values.
The Equation (11) shows the computed recall function.
TP

R:FN+TP an

F1-Score: F1-Score is referred to as Recall and Precision’s balanced average
value. For this reason, both false negative and positive values are included in
this score [6]. The F1-score is formulated in Equation (12).

P x II)

(12)

F1-S =2 X
core <P+R

This research has been performed with four distinct algorithms to cat-
egorize and identify the plant disease depicted in Table 3. In this study
examining the proposed algorithms, it is discovered that the DCNFM had
performed with higher (A), at 98.15%, and it also had surpassed all of the
other algorithms when compared using those four performance metrics.

As the DCNFM model has obtained the best accuracy than other models,
a performance table has been developed for all kind of classes for each dataset
where (A), (P), (R), and F1-score of the individual classes has been indicated.
From Table 5.2, it’s been observed that the precision for all the five class
is >0.92 in which specifically crown rot and head blight recorded as 1.00.
While recall recorded >0.09 for bronzing, crown rot, head blight but it is
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Table 3 Comparative assessment with existing studies
Comparative Models ~ Disease Focused Accuracy (%)

DCNFM * Bronzing ~(98)
¢ Crown Rot

* Blast
* Head Blight
CNN ¢ Crown Rot ~(96)
* Blast
[10] ¢ Brown Spot, ~(97)
* Bacterial
Blight,
¢ Leaf Smut
[12] * Leaf Blast ~(89)
[17] e Leaf Scald, ~(86)
* Bacterial
Blight,
* Brown Spot,
¢ Leaf Blast

below 0.90 for both blast and healthy class. Lastly, F1 score records >0.90
for four classes (bronzing, crown rot, head blight, healthy) whereas for blast
itis 0.87, which is seems to be lowest of all classes. Table 4 presents all these
statistics and some more features.

The graph in Figure 6 shows the model’s training and testing data. It
is noticed that the accuracy score for depicted in the yellow patches has
achieved approximately 1.0, while the testing accuracy rate, with the red
patches, is trending roughly between 0.5 and 0.95 (attaining the peak).

Error Evaluations: It is much simpler to diagnose plant disease with the
help of technology, but because of the complexity of the technique, this may
be difficult to review. However, even in that case, no matter how efficient
the technology, it can never match the capabilities of humans because certain
restrictions will always be there. Disease detection might be problematic for
the machine at times. Occasionally, it’s impossible to choose the ideal model,
resulting in errors. Figure 7 shows seven data discrepancies between healthy
class and crown rot and one data conflict among crown rot and blast, similar
to head blight and crown rot. Nevertheless, the quantity is really small.
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Table 4 Evaluated score for each class of DCNFM

(P) 094 |
=
N
®) 0.96 |
w
F1-Score 091 &
@)
P) 1.00 =
3
=
R) 0.92 g
a
F1-Score 092 Z
P 0.93
®) =|q
212
®) 0.89 el
F1-Score 0.87
=
P) 1.00 |8
(=%
=
(R) 1.00 &
F1-Score 0.94 ;E;
P) 095 |z
2
®R) 0.88 (=
=
F1-Score 1.00

6 Conclusion

DCNFM architecture was used to train the dataset, and the resulting model
attained excellent accuracy. This model detects four common and distinct
diseases of the paddy plant along with healthy leaf conditions. This research
assessed four DL network frameworks on several statistical metrics to assess
the overall performance. The optimum results of 98.17% percent were
attained through the DCNFM design process by examining the (A), (R),
(P), and F1-score of the algorithm. The base data was obtained from several
online sources and nearby paddy business farms for training and validating
the proposed model in this work. Out of five classes of the dataset, paddy
plant infections are described in four separate classes, and a health leaf
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Figure 7 Confusion matrix.

condition is considered a single class. DCNFM network averagely performed
at a level of 90.43% accuracy. The knowledge gained from this project is now
being utilized to provide a more precise prognosis of paddy plant diseases.
The inclusion of transfer learning enabled the model to achieve a higher



Paddy Plant Disease Recognition, Risk Analysis, and Classification 341

level of accuracy and accomplished this at a lesser cost in terms of training
computations.
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