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Classification of Cotton Leaf Diseases Using
Alex Net and Machine Learning Models

ABSTRACT

Computer vision has been demonstrated as state-of-the-art technology in precision agriculture
in recent years. In this paper, an Alex net model was implemented to identify and classify cotton
leaf diseases. Cotton Dataset consists of 2275 images, in which 1952 images were used for
training and 324 images were used for validation. Five convolutional layers of the AlexNet deep
learning technique is applied for features extraction from raw data. They were remaining three
fully connected layers of alexnet and machine learning classification algorithms such as Ada
Boost Classifier (ABC), Decision Tree Classifier (DTC), Gradient Boosting Classifier (GBC). K
Nearest Neighbor (KNN), Logistic Regression (LR), Random Forest Classifier (RFC), and
Support Vector Classifier (SVC) are used for classification. Three fully connected layers of Alex
Net provided the best performance model with a 94.92% F1_score at the training time of about
51min.
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1. INTRODUCTION

Computer vision has become a novel technology in various fields of applications such as
medicine, machine vision. Computer vision performs image capturing, imaging processing,
image analyzing, image classification, image reorganization, and named few advancements
in deep learning techniques have led to automating the many computer vision tasks.

Cotton is one of the world's foremost and economy-driven crops for all agricultural-based
countries. The reduction in cotton yield led to high economic loss to the farmers. Smart
farming is vital to conduct disease incidence at a low level, good management strategies and
taking preventive measures at the right time to reduce chemical usage and to increase
production. Monitoring the crop during all stages of plant growth requires expert knowledge
in the domain and extensive laborious work.

Among all deep learning techniques, convolution neural networks are a commonly employed
method in image-based data applications. CNN offers feature extraction significantly easier
with minimal human supervision and field knowledge than machine learning algorithms. The
effectiveness of machine learning algorithms highly depends on the integrity of the input data
representation. If the construction of features from raw data is poor, the machine learning
algorithms may provide incorrect discrimination between data classes.




2 MATERIAL AND METHODS

This section discusses data sets and hardware configuration details.

2.1 Datasets

An open-access cotton disease dataset [1] is used for training and validating the AlexNet
model. The number of images in each training set and validating set contain 1951 and 324,
respectively. The detailed information about the dataset, such as classes and labelling, is
given in Tables 1 and 2. This dataset contains four distinct categories of images: fresh cotton
leaves, fresh cotton plants, diseases cotton leaves, and diseased cotton plants, which are
imbalanced datasets. Four classes in the training dataset don't have an approximately equal

proportion.

Table 2. imbalanced
dataset

The sample images of four classes have shown in below figurel. From figure-1, Diseased

cotton leaf.

Table 1. Imbalanced cotton train dataset

cotton validation

Type Category No. Percent
of of age of
Datas Imag classes
et es (%)
Diseased cotton 288 14.76
Train leaf
data Diseased cotton 815 41.77
plant
Fresh cotton leaf 427 21.88
Fresh cotton 421 21.57
plant
Total No. of training 1951
images

Type of Category No. of  Percenta
Dataset Image ge of (%)
S classes
Diseased cotton 55 16.97
Validati leaf
on Diseased cotton 101 31.17
plant
Fresh cotton leaf 80 24.69
Fresh cotton plant 88 27.16
Total No. of training images 324




(a) Ijiseased Cotton Leaf (c) Fresh Cotton Leaf

(b) Diseased Cotton Plant

Figure 1. Sample images of cotton leaves and plants

2.2 Hardware and Software Specifications

All experiments are performed on a powerful machine, having the specifications that are
summarized in Table 3.

Table 3 Hardware and software specifications

Hardware & Software Characteristics
Memory (RAM) 16GB
Processor Intel(R) Core (TM) i7-10875H CPU @ 2.30GHz 2.30
GHz
Graphics (GPU) NVIDIA GeForce RTX 2070- 8GB
Operating system Windows 10, 64 bits
Integrated Development Environment Jupyter Notebook
(IDE)

2.3 METHODOLOGY

The Research framework has three phases and is shown in figure 2. The first phase has to
preprocess. The second phase has a feature engineering process that includes the CNN
training techniques, namely Alex Net. The third phase had classification algorithms.

Input 1. Preprocessing 2. Feature
- 1. Label Encoding Extraction by DL
2. One Hot Encoding
3. Normalization Five convolutional
layers of Alex Net

4. Evaluation Metrics
Accuracy, Precision, 3. Classification Algorithms

Recall & F1_Score ¢ ANN, LR, RFC, SVC, DTC

Fig.2 Framework for Disease Classification

(d) Fresh Cotton Plant




2.3.1 Preprocessing Phase

The first phase is preprocessing of input image data with a size (h, w, c¢) of 227,227,3 that
has been done in a sequence of operations. The input dataset classes are labelled through
label encoding then apply a one-hot encoding technique. Then the pixel values of images
are normalized between 0 and 1.

2.3.2 Feature Extraction Phase

AlexNet is a deep CNN structure proposed by Krizhevsky and Sutskever [2].Alexnet of CNN
has two parts. And the first part is feature extraction, where to extract the features from the
images and the second part is the classification part. Hyperparameters, namely optimizers
like Adam and SGD (Stochastic Gradient Descent), batch size like 32, 64,128, momentum is
0.9, learning rate about 0.001 and dropout at 0.5 were applied during training the model.

Table 4 DL Model parameters.
DL Model Optimizers BS M LR DO

AlexNET SGD & Adam 32,64,128 0.9 1le-3 05

Abbreviations: DL Model, Deep Learning Model; BS, Batch size; M, Momentum;LR, Learning
Rate; DO, Dropout

Table 5 Structure of DL Models.

Name of the DL Model No. of Layers Model Description

Alex Net 8 5CL+3FL

Abbreviations:CL, convolutional layer; FL, fully connected layer

Five convolutional layers of Alex Net architecture as shown in figure 3. At the end of the fifth
convolutional layer, trainable parameters were obtained, non-trainable parameters were
3,748,416, 1216 respectively and 9216 features were extracted, and those features feed to
the other three fully connected layers alexnet and machine learning algorithms for
classification.

Layer (type) Dutput Shape Param Layer (type) Output Shape Param #
Ve typel t D

=== conv2d_input (InputLayer) [(Mone, 227, 227, 3)] )
conv2d {(Conw2D) {Mone, 55, 55, 96) 34044

conw2d (Conv2D) {Mone, 55, 55, 9&) EEEEES
activation (Activation) {Mone, 55, 55, 96} 2 Sctivation (Activation) (None, 55, 55, 986) )
batch normalization (BatchNo (Mone, 55, 55, 96) 384 batch_normalization (BatchNe (Mone, 55, 55, 96) 384

. . max_pooling2d (MaxPooling2D) (None, 27, 27, 96) )
max_pooling2d (MaxPooling2D) (Mone, 27, 27, 96) 2]

conv2d_1 (Conv2D) (Mone, 27, 27, 256) 514656
convad_1 (ComvaD) (Mone, 27, 27, 258} 514556 activation_1 (Activation) (None, 27, 27, 256) )
activation_1 (Activation) (None, 27, 27, 258) @ batch_normalizatien_1 (Batch (Nene, 27, 27, 258) 1oz4

- n — — — max_pooling2d_1 (MaxPooling2 (None, 13, 13, 256) )
batch_normalization_1 {(Batch {None, 27, 27, 258} 1824
conv2d_2 (Conv2D) (Nene, 13, 13, 334) s5512@
Tiras y F . Ty
max_pooling2d_1 (MaxPooling2 (None, 13, 13, 256) a sctiwvation_2 (Activation) (Mone, 12, 13, 384) ]
conv2d_2 {Conv2D} {Mone, 13, 13, 384) 835128 convZd_3 (ConvaD) (None, 13, 13, 354) 1327488
activation_2 (Activation) THone, 13, 13, 382) 3 sctivation_3 (Activation) (Mone, 13, 13, 384) @

conv2d_4 (Conv2D) (Mone, 13, 13, 256) 884992
conv2d_3 (Conv2D) {Mone, 13, 13, 384) 1327488

sctivation_4 (Activation) (Mone, 13, 13, 256) @
activation_3 (Activation) {None, 13, 13, 334) @ batch _normalization 2 (Batch (Mone, 13, 13, 256) Teza
conv2d 4 (Conv2D) (None, 13, 13, 256) 334992 max_pooling2d_2 (MaxPooling2 (Mone, &, 6, 256) )

. . . . flatten (Flatten) (None, 9216) )
activation_4 (Activation) {Nome, 13, 13, 258) ]

Flatten_1 (Flatten) (Mone, 2216) @
batch_normalization_2 (Batch {Nome, 13, 13, 256} 1824 Genss (Dense) Thone, 2058) S7753532
max_pooling2d_2 (MaxPoocling2 (Mone, &, &, 255) 2] dense_1 (Dense) (None, 4@56) 16781312

— — — dropout (Dropout) (Nons, 4096) )
flatten (Flatten) {None, 9216) 2]
=== dense_2 (Dense) (None, 4) 15333

Total params: 3,749,632 -

. Te X B Total params: 58,308,164
Tralnabl__ params: 3,748,416 Trainable params: 58,298,948
Mon-trainable params: 1,216 Mon-trainable params: 1,216



Fig 3 Structure of a 5-Conv layer of Alex Net Fig 4: Structure of 8 layers (5-conv+3-FC) layer
of Alex Net

2.3.3 Classification phase

Features are extracted from the previous stage; those features feed the remaining three fully
connected layers of alexnet for training. Eight layers of alexnet model structure have shown
in figure 4. Traditional machine learning algorithms, namely, ABC [3], is ensemble classifier
that combines weak classifiers and forms a robust classifier. DTC [4] is a supervised
algorithm used for both regression and classification problems. GBC [5] is a supervised
learning algorithm where strong predictors are built with the help of weak predictors. KNN
[6] is also used for regression and classification, which works well on multiclass problems.
LR[7] is computationally efficient, and scaling is not required for this model. RFC [8], Can be
used for regressionand classification problems. It can Solve overfitting a problem. SVC [9]
can handle linear and non-linear data, and there is less probability of overfitting.

3. RESULTS AND DISCUSSION

In this experiment, while extracting the features by deep learning models, apply different
hyperparameters like batch sizes, learning rate, momentum, decay, number of epochs.

3.1 Performance Measure

Evaluate the performance of classification models through a confusion matrix from figure5.
Evaluation metrics are Accuracy, Precision, Recall (Sensitivity), Specificity, F1_Score. True
Positive (TP), False Positive (FP), True Negative (TN), and False Negative (FN) parameters
of the confusion matrix were used to calculate the metrics [10] for 'k’ classes.
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Fig 5. The confusion matrix for the multiclass classification
3.2 Experimental Results
3.2.1 AlexNet Results

Five convolutional layers of the Alex Net model are responsible for extracting the features.
Those features are fed to the remaining three fully connected layers of Alex net and machine
learning algorithms for classifying the classes. Those results are shown in table 6 and table
7. The best results are 94.72% of a macro average of F1_score found from table 7 at
hyperparameters batch size 64, learning rate 0.001, decay value is 1e-6, momentum is 0.9



and number of epochs are 50 for getting these optimal results to train the Alex net model for

approximately 51 minutes.

Table 6. Results of Alex Net on No. of features: 9216

Results of SGD Optimizer

BS LR D M E Train Trian Test Test Precision Recall F1_Score Computat
Score Loss Score loss ion time
(%) (%) M.A W. A M.A W. A M.A W. A (Sec)
32 0.001 le-6 0.9 50 100.0 0.0006 91.35 0.31 92.66 91.72 9135 91.36 91.88 91.40 3386
64 0.001 le-6 0.9 50 100.0 0.0003 94.75 0.18 95.02 9495 9502 94.75 94.92 94.74 3053
128 0.001 le-6 0.9 50 99.89 0.006 91.35 0.25 91.67 91.33 9198 91.36 91.78 91.30 3074
Results of Adam Optimizer
32 0.001 le-6 - 50 85.90 0.91 70.68 2.74 7961 7736 7102 70.68 70.26 68.73 3456
64 0.001 le-6 - 50 76.11 1.32 60.49 3.30 65.97 64.67 6169 60.49 59.96 58.66 3171
128 0.001 le-6 - 50 83.90 0.95 62.65 3.0 7357 73.09 6350 62.65 61.54 60.56 3000
Abbreviations: BS, Batch size; LR, Learning Rate; D, Decay; M, Momentum; E, No. of
Epochs; M. A, Macro Average; W. A, Weighted Average
Table 7: Results of classification models
Name of Train Train Test Precession Recall F1_Score
the Model time  Accuracy Accuracy
(Sec) Macro Weighted Macro Weighted Macro Weighted
AlexNet 3053 100.0 94.75 95.02 94.95 95.02 94.75 94.92 94.74
ABC 46 74.21 69.75 73.41 71.31 69.90 69.75 71.27 70.18
DTC 08 100.0 65.43 66.12 66.16 65.78 65.43 65.70 65.56
GBC 894 100.0 84.87 87.35 85.97 84.47 84.88 85.39 84.85
KNN 03 80.31 72.84 80.62 77.67 68.67 72.84 69.55 71.50
LR 02 78.06 75.92 82.03 79.52 74.52 75.93 76.19 75.66
RFC 04 100.0 78.08 84.16 82.22 76.50 78.09 78.33 78.10
SvC 149 76.52 74.69 81.21 78.48 73.34 74.69 75.05 74.40

Training accuracy, validation accuracies and training loss, validation loss of the Alexnet
model were shown in Figures 6 and 7, respectively. From figure 6, while epochs were
increasing, accuracy was also increased for training the alexnet model for fifty epochs taken
training time about 3053 seconds and reached training accuracy about 100% and validation
accuracy about 94.75% and macro fl_score approximately 94.92%. Training data is
imbalanced data so, based on macro f1_score to choose the deployment model. From table
7, among all classification models, the alexnet model has the best f1_score.
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The confusion matrix of the alexnet model is shown in Figure 8. From the confusion matrix,
the diseased cotton leaf is correctly predicted 54 samples out of 55 samples. Disease cotton
plant is perfectly expected 98 samples out of 101 samples. The fresh cotton leaf is perfectly
77 samples out of 80 samples. The fresh cotton plant is correctly predicted 78 samples out
of 88 samples. The classification report of the alexnet model has shown in figure 9. The
comparison of classification models and the alexnet model are shown in figure 10.
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Fig. 8 Confusion matrix of Alexneton validation data Fig. 9 Classification report of Alexnet on validation data
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Fig. 10 Comparison of all models

4. CONCLUSION

Five convolutional layers of the AlexNet model is used to extract the features from images,
and those features are feed to three fully connected layers of Alexnet and machine learning
classification models for classifying the cotton leaf disease. Among all models, the alexnet
model has given the best results. Given dataset is imbalanced data, for imbalanced data,



based on the macro F1_score, we choose the optimal deployment model. Among all
classification models, the alexnet model has given the best result of F1_score is 94.92%.

A feature in the same work introduced dimensionality reduction to reduce the number of
features by dimension reduction techniques such as Principal Component Analysis (PCA).
Fewer features will be fed to classification algorithms.
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