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Abstract 

Introduction: The agricultural industry is greatly affected by the essential job of disease identification from leaf 

images of plants. The ability to recognize these diseases through a simple interface or machine learning model 

can empower farmers with better preparation strategies. 

Objectives: The goal of this study is to build a Convolutional Neural Network (CNN) model that can identify 

plant diseases more reliably.The model leverages the MobileNetV2 network and incorporates an attention 

mechanism to improve feature extraction and prediction accuracy. 

Methods: The proposed CNN model was built on the MobileNetV2 architecture, with modifications to include 

an attention mechanism for better feature extraction. The study experimented with increasing the number of 

layers in the CNN and tested various activation functions, including hard-sigmoid, to determine their impact on 

the model's specificity, sensitivity, F-measure, recall, and Matthews correlation coefficient. 

Results: The introduction of an attention mechanism and the increase in CNN layers significantly enhanced 

model performance. For tomato plants, specificity improved from 0.47 to 0.99, and accuracy increased from 

71% to 99%. Apple plants saw accuracy improvements from 62% to 98%. Considering specificity, sensitivity, F-

measure, recall, and Matthews correlation coefficient, among the activation functions that were investigated, 

hard-sigmoid fared the highest. 

Conclusions: The study demonstrates the effectiveness of deep learning, particularly CNNs enhanced with 

attention mechanisms, in accurately identifying plant diseases from leaf images. The advancements in model 

architecture and activation function selection significantly improve prediction accuracy, offering a powerful 

tool for agricultural disease management. 
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1. Introduction 

Plant pathogens affecting the fields’ crops. Plant 

pathogens can cause severe damage when they 

affect a substantial agricultural yield. The majority 

of plant diseases exhibit a high degree of 

specificity towards a single plant species or 

group[1]. The incidence and severity of plant 

diseases change over different seasons, dependent 

upon the existence of the pathogen, 

environmental circumstances, and the cultivated 

crops and variations. Certain plant cultivars are 

prone to disease outbreaks, whereas others 

exhibit greater resistance[2]. Infectious plant 

diseases are often caused by pathogenic organisms 

such as fungus, bacteria, viruses, protozoa, insects, 

and parasitic plants.  Plant diseases are 

predominantly induced by pathogenic 

microorganisms, including parasitic plants, fungi, 

bacteria, viruses, and protozoa[3]. The rising 

incidence of plant diseases has emerged as a 

substantial determinant impacting both 

agricultural productivity and economic efficacy[4].  

Flow cytometry, polymerase chain reaction, gas 

chromatography-mass spectrometry, enzyme 

linked immunosorbent assay, and 

immunofluorescence are some of the laboratory-

based methods used to diagnose plant diseases in 

the past [5]. There are constraints on the use of 

these approaches for the early diagnosis, 

management, and control of plant diseases. 

Because of the time and effort needed, and the 

intricacy of the processes[6]. Consequently, new 

strategies were implemented to detect plant 

diseases, incorporating methods based on 

machine learning. The presence of automatic plant 

disease detection systems is critical in order to 
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quickly forecast plant diseases, thereby mitigating 

agricultural losses[7]. There are a number of 

machine learning models that are commonly used 

to detect plant diseases. Some examples of these 

models include Support Vector Machine (SVM), 

Random Forest, and Multiple Twin SVM (MTSVM). 

Deep learning models such as Convolutional 

Neural Networks (DCNN), ResNet (RNet), 

GoogLeNet, DenseNet (DNet), LeafNet (LN), and 

LeNet are also commonly used. It is clear that CNN, 

VGG, and ResNet are the most effective deep 

learning models for disease detection in leaves[8]. 

There are a number of ways to categorise plant 

diseases, such as binary, multiclass, and multi label 

classification. As a supervised machine learning 

problem, binary classification entails sorting data 

into two different groups. Data may be grouped 

into three or more unique categories using 

multiclass classification, a supervised machine 

learning approach. Each input sample may be 

given zero or more labels in multilabel 

classification, a supervised machine learning 

method [9].In all these classificationsmostly, 

multiclass classification used to identify the plant 

diseases. Leaf mould, mosaic virus, bacterial spot, 

and yellow leaf curl virus are just a few examples 

of the various plant diseases that may be classified 

using a multiclass classifier. The model would 

acquire the ability to recognise specific 

characteristics that are linked to each disease type. 

After the model has been trained, it may be used 

to accurately categorise new photos into the 

appropriate disease group[10]. Therefore, in the 

current study multi class classification method was 

applied to identify plant diseases.  

 

2. Literature Review 

In their paper, Wang et al. (2023) provide a 

simplified model of a deep convolutional neural 

network (CNN) that uses deep features in 

conjunction with traditional handmade local binary 

pattern (LBP) features to accurately classify and 

detect early stages of plant leaf illnesses. The 

suggested approach shows promise as a suitable 

option for plant disease management, with 

improved validation and test accuracies on three 

publicly available datasets (Apple Leaf, Tomato 

Leaf, and Grape Leaf)[11]. 

Li et al. (2022) classified plant illnesses using 

images of leaves using a CNN-based multiclass 

plant EnsembleNet (MCPE). An EnsembleNet 

comprising four convolutional neural units (CNNs) 

and a new activation function called concatenated 

dynamic ReLU are used in this method to improve 

the precision of multiclass plant disease 

identification. Overall, this algorithm showed 97.5 

% accuracy, it surpasses the most advanced 

techniques in this field[12]. 

When it comes to real-time identification of 

various plant diseases, the CDCNN model 

outperforms both traditional machine learning and 

deep learning models. When evaluated on a local 

cotton leaf database, the CDCNN achieved a 99 

percent accuracy rate, demonstrating its superior 

discriminative properties for multi-class leaf 

disease identification across different plants [13]. 

In order to overcome the difficulties of long 

training convergence times and big model 

parameters, Hang et al. (2019) provide a deep 

learning method for disease detection and 

classification in plant leaves. The method 

incorporates a global pooling layer, an inception 

module, and a squeeze-and-excitation (SE) module 

to improve illness diagnosis. The Inception 

architecture enhances accuracy on the leaf disease 

dataset by combining feature data from the 

convolutional layer at different sizes. To decrease 

the amount of model parameters, the global 

average pooling layer was used instead of the 

completely connected layer. Compared to 

traditional convolutional neural networks, the 

proposed model achieves a test dataset accuracy 

of 91.7%.The approach efficiently categorises plant 

leaf diseases[14]. 

The study presents a methodology that uses deep 

learning to accurately discern and categorise 

phytopathologies using images of leaves. 

Regardless of variations within or across 

categories, the approach manages to get an 

astounding mean cross-validation precision of 

98.68% and a mean accuracy of 97.69% on new 

images. The need for automated and accurate 

detection methods in phytopathology is being 

addressed by the improved technique, as 

traditional manual examination by experts in 

laboratories is seen as expensive and time-

consuming. The study confirms that deep neural 
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networks are highly effective in handling the 

complexities and difficulties involved in developing 

models trained on leaf images that show 

substantial differences within and across classes. 

The findings suggest that the suggested framework 

might provide a major contribution to the early 

detection of plant diseases, therefore reducing 

economic losses in the agricultural industry[15]. 

 

3. Methods 

3.1 Data Collection 

The dataset was sourced from the PlantVillage 

dataset[16] available via Kaggle[17]. This 

comprehensive dataset encompasses 38 distinct 

plant types, each representing the plant species 

that it belongs to with its associated diseases. In 

this study, primary plant types that were 

considered are: (a) apple, (b) grape, (c) corn, and 

(d) tomato. Each of these plants includes one or 

more disease affecting the respective plant. This 

provides a rich, varied dataset for our analysis. 

Four plants were further classified based on their 

disease as shown in Table 1. 

Table 1.Dataset considered for each plant with 

their type of 

disease.

 

 
The data set composed of varied number of 

images for each plant for its corresponding 

disease, as listed in the Table 1. Apple Cedar apple 

rust has the lowest number of datapoints counted 

as 275 images, while Tomato Yellow Leaf Curl Virus 
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disease with 2605 images stood as maximum 

datapoints plant disease. Figure 1 shows the 

example of the example images of the Apple plant 

and its disease shown on its leaves. 

 
Figure 1. Sample image of Apple plant for their 

diseased and healthy condition used in this study, 

left to right Apple Scab, Healthy, Cedar Apple 

Rust, Black Rot 

 

3.2 Image Analysis 

In the dataset, there were multiple images for a 

given plant and its corresponding disease. These 

images were used for the similarity index 

calculation analysis. The feature extraction was 

performed to identify patterns and similarities 

within each disease category. In this process, the 

features of image were converted into a vector. 

Post vectorization, mean value of vectors 

corresponding one class disease/healthy was taken 

to represent a single vector. This was represented 

as representative vector for the given disease type. 

These representative vectors were used to create 

a heatmap. This visual representation helped in 

deciphering the relationship between the different 

diseases and their association with the images.  

The representation of the vector is shown below: 

Image→Vector [[[[ 

0.         0.         0.        ...  0.         0. 

     0.       ] 

[ 1.8324013 0.         0.        ...  0.         0. 

21.95518] 

[ 0.         0.         0.        ...  0.         0. 

     0.       ] 

   ... 

[ 0.         9.156893   0.        ...  0.         0. 

     0.       ] 

[ 0.        20.324734   0.        ...  0.         0. 

     0.       ] 

[ 0.         0.         0.        ...  0.         0. 

     0.       ]] 

 

[[10.129514   0.         0.        ...  0.         0. 

     0.       ] 

[30.31164    0.         0.        ...  0.         0. 

    29.475698] 

[ 0.6780374 0.         0.        ...  0.         0. 

    0.] 

 

3.3 Model Architecture  

In this model architecture pre-trained 

MobileNetV2[18] model was used for the 

classification task. The MobileNetV2 convolutional 

neural network, which was trained on the 

extensive ImageNet dataset, serves as the 

fundamental model [19].The input size of the 

model takes (224×224) sized image with three RGB 

color channels. MobileNetV2 has 53 layers that is 

trained on ImageNet data that provides a strong 

feature extraction base. Later, the MobileNetV2 

architecture was modified by adding the dense 

layer added that has 1024 neurons with ReLU 

activation is added for learning complex features. 

Post this dense layer a custom layer that includes 

global average pooling 2D layer was added which 

reduces each feature map to a single value, 

decreasing the model's complexity and reducing 

overfitting. The dimensionality reduction of the 

dataset after applying pooling can be explained 

using the equation (1). 

                       (1) 

Equation (1) may be used to estimate the output 

of the nth local receptive field in the mth pooling 

layer. Here, down denotes the down sampling 

function, 𝑥-𝑛-𝑚−1. are the feature vectors from 

the previous layer, and 𝑘 is the pooling size. The 

fully connected layers were pre-connected with 

the flatted process where the input is converted 

into one dimensional output. The final dense layer 

has number of neurons that determined by the 

length of labels, with softmax activation, as shown 

in the equation (2).  
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Here, (K) denotes the dimension of the (z) vector. 

The final layer outputs a probability distribution 

over the class labels, indicating the likelihood of 

the input belonging to each class. 

3.4 Attention Mechanism 

The self-attention layer is a specialised component 

created to enhance the model's ability to 

concentrate on pertinent segments of the input 

data (image) with greater efficiency. The system 

has three primary elements: (a) query (w, q), (b) 

key (w, k), and (c) value weights (w, v). These 

components are evenly initialised and may be 

trained via backpropagation. The system functions 

by calculating attention scores, which ascertain the 

importance of various segments of the incoming 

material. The scores are computed by doing matrix 

multiplication between the query and key, and 

then using a softmax function to generate a 

probability distribution. The ultimate result is 

acquired by multiplying these scores with the 

value. By using this method, the model is able to 

enhance its feature extraction capabilities by 

paying more "attention" to the relevant parts of 

the input. 

3.5 Hyperparameter Tuning 

The model undergoes two phases of training. 

Initially, the parameters of the base MobileNetV2 

model are kept fixed to leverage its pre-trained 

ImageNet weights, focusing the training on the 

newly added layers. Subsequently, the fine-tuning 

phase involves unfreezing the last 40 layers of 

MobileNetV2, allowing for more extensive learning 

process. The learning rate is a crucial 

hyperparameter. Here, for fine-tuning, a 

significantly reduced learning rate of 0.00001 was 

selected. This cautious method permits 

incremental adaptation to the new data without 

erasing the pre-learned features from the 

ImageNet dataset.The training process spans 60 

epochs, using a categorical cross-entropy loss 

function and measuring accuracy as the metric. 

Both training and validation data are fed through 

generators, ensuring efficient memory usage and 

real-time data augmentation. 

3.6 Model Performance 

The evaluation of the success of identifying plant 

diseases depends on output categories that may 

be classified as either binary or multiclass. The 

confusion matrix is a crucial instrument used in 

this evaluation procedure. In order to compare the 

actual values with the anticipated values, this 

matrix is essential. It offers vital insights into the 

model's performance. 

Performance parameters used in this study are 

detailed below: 

Sensitivity: The parameter referred to as the true 

positive rate is crucial in assessing the model's 

capacity to reliably detect diseased leaves. It 

quantifies the accuracy in properly identifying the 

real positive cases. 

 
Specificity: Represented as the true negative rate, 

specificity measures the model's effectiveness in 

correctly recognizing healthy leaves. 

    

  

Accuracy: The equation below demonstrates that 

accuracy measures the total efficacy of the model 

in accurately predicting outcomes, regardless of 

whether they are positive or negative. 

 
Recall: The probability of detection, or recall, is the 

product of the total number of positive outcomes 

and the fraction of those outcomes that are really 

positive. The equation specifies the information. 

 
Matthews Correlation Coefficient (MCC): This 

coefficient is very valuable in tackling problems 

related to class inequality. It offers an equitable 

metric that may be applied even in cases when 

classes vary significantly in size. 

F-measure: Taking the harmonic mean of recall 

and accuracy yields the F-measure, sometimes 

called the F-score. This metric is essential for 

assessing the trade-off between recall and 

accuracy, offering a more holistic perspective on 

the model's performance. 
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All of the evaluation metrics equations have the 

following values: TP for true positive, TN for true 

negative, FP for false positive, FN for false 

negative, P for all positives, and N for all negatives. 

3.7 Activation Functions 

The efficiency and efficacy of learning are heavily 

influenced by activation functions in neural 

networks. Because of the non-linear characteristics 

introduced by these functions, the network is able 

to learn intricate patterns and correlations from 

the input. Training speed, convergence, and the 

capacity to represent complicated functions are all 

greatly impacted by the activation function choice, 

which in turn affects the model's performance. In 

this discussion, we will delve into how various 

activation functions impact the performance of 

neural network mode. This study uses variety of 

scoring functions which details is shown below: 

Rectified Linear Unit (ReLU): The program returns 

the input as is if it is positive; else, it returns zero.  

 
Sigmoid:Therefore, it is beneficial for binary 

classification since it transfers the values that are 

entered into a range that is between 0 and 1. 

 
 

Soft-max: It is ideal for the output layer in 

classification tasks as it provides a probabilistic 

interpretation of different class labels. Often used 

in the output layer for multiclass classification. 

tanh: It addresses some shortcomings of the 

sigmoid function by normalizing the outputs, 

which can lead to faster convergence. Similar to 

sigmoid but maps values between -1 and 1. 

 
Soft-sign:In the same vein as the tanh function, 

this one transforms input numbers to a range of -1 

to 1. However, unlike tanh, it achieves this with a 

simpler, more computationally efficient formula.  

Hard-sigmoidal: Unlike the classic sigmoid 

function, which involves exponential operations, 

Hard-sigmoid is computationally simpler due to its 

linear nature.  

Soft-plus:This is a substitute for dead ReLu. Infinity 

to zero is the range of the output. 

All the activation function mention is checked on 

four dataset and get their performance metrices to 

determine the use of the specific activation 

function 

4. Results 

4.1Image Analysis 

The very initial phase of this study was to analyse 

the images of diseased and healthy plants. The 

similarity in healthy and diseased image could 

pose challenge to the ML model to differentiate 

the images. Thus, the clustering was performed 

and the representative image from healthy and 

diseased were used for calculating the similarity 

index. This was performed for each plant type (1) 

Tomato (2) Apple (3) Grape and (4) Corn. The first 

stage was to extract the image's features and then 

transform them into vector form. The 

characteristics from the picture were extracted 

using the VGG16 model.VGG16 was trained on the 

ImageNet dataset and thus used the weightage 

that are predefined.   

• Load the image. 

• Make feature predictions using the pre-

processed image and the VGG16 model which has 

already been trained. 

• Convert the image to an array format. 

• Expand the dimensions of the image 

array. 

• Preprocess the input image array. 

• Flatten the extracted features. 

• Return the flattened features. 

Here, the image was loaded and converted to 

vector array and flattened, later the mean value of 

this vector was calculated. The mean values of 

these vectors were taken for forming the heat 

map. Figure 2 shows the heatmap of these vectors. 

As it can be detected in the heatmap for the 

tomato plant the maximum similarity was 60.46% 

which is between Tomato Bacterial spot (0) and 

Tomato Early blight (1).  However, none of the 

other group shared more than 60% similarity 

except these two groups. This showed that images 

of different diseases are not similar and that made 

the discrimination task easier. Similarly, apple leafs 

also showed a strong difference among them. 

Grapes also did not have any major similarity 

found in the images of different class of the 

diseased images. Finally, in corn plants, it was 

found that two of the diseases were similar and 

shown 74.18% similarity with each other. Similarity 

above 70% reflects the challenge in discriminating 

these two images.   
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Figure 2. Heatmap of the representative image of 

each disease in its corresponding plant. Similarity 

was calculated from the image after converting 

them into vector. 

4.2 Model Performance 

The machine learning model detailed in the 

Method section was primarily applied on these 

four plant’s leaf for classifying the diseases. The 

performance is shown in the Table 2. Sensitivity 

for each group for the multiclassification was ‘1’ 

which means that models built in each case of the 

plant was capable of identifying the disease with 

100% accuracy for the positive cases for each class. 

Specificity was recorded low compared to 

sensitivity of the model for each model. Tomato 

model showed the lowest specificity of 0.47 which 

means that classes in this plant was not true 

negatives were not predicted correctly. In tomato 

case, there are 10 classes including the healthy 

leaf, low specificity showed the issues with the 

model's ability to properly separate different 

classes, potentially due to imbalanced data, 

feature overlap between classes, or model 

complexity. Corn model showed the highest 

specificity with 0.98 that showed the lowest false 

positive rate in the prediction.  

 

Table 2Model performance on the four plants 

considered in this study for the multiclassification 

 

4.3 Hyperparameter Tuning  

Once the base model was evaluated for their 

performance, as shown in the Table 2, the models 

were tuned for the number of layers. These layers 

were systemically increased and learning rate was 

also reduced to 0.00001. In the tuned model, the 

performance was improved. The result is shown in 

Table 3. Specificity earlier was lacking in tomato 

case but after hyper tuning it reached to 0.99 from 

0.47. It showed how tuning affects the model's 

performance. In a similar vein, the model's 

accuracy was enhanced, and in every instance, it 

exceeded 95%. More dense networks have the 

ability to acquire hierarchical representations of 

features. Every layer progressively extracts more 

abstract characteristics from the incoming data. 

The use of this hierarchical representation can 

enhance the model's ability to differentiate 

between several classes, resulting in enhanced 

specificity. 

 

 

 

Table 3Model performance after hyperparameter 

tuning on the four plants considered in this study 

for the multiclassification 

 

ML 

Model

s 

 

Sen

siti

vity 

Specif

icity 

Acc

ura

cy 

Rec

all 

F-

mea

sure 

MCC 

Apple 

Model  

1 0.70 0.6

2 

1 0.85 0.70 

Tomat

o 

Model 

1 0.47 0.7

1 

1 0.70 0.47 

Grape 

Model  

1 0.81 0.8

0 

1 0.97 0.81 

Corn 

Model 

1 0.98 0.9

4 

1 0.99 0.98 

MLModels Sen

siti

vity 

Spe

cifi

city 

Acc

ura

cy 

Rec

all 

F-

me

asu

re 

MC

C 

Apple 

Model  

1 1 0.9

8 

1 1 1 

Tomato 

Model 

1 0.9

9 

0.9

9 

1 0.9

9 

0.9

9 

Grape 

Model  

1 1 0.9

7 

1 1 1 

Corn Model 0.9

9 

1 0.9

8 

0.9

9 

0.9

9 

0.9

9 
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Later, we assessed the model's accuracy for every 

epoch, which allowed us to establish a correlation 

between the epoch count, accuracy, and loss. As 

shown in the figure 3 that usually the accuracy 

increased and loss decreased with the increment 

in number of epochs from 1 to 60. The accuracy 

and loss both were calculated for train and 

validation set at each epoch. Both curves showed 

similar global trend for each plant. However, on 

the validation data set, the trends were marginally 

dissimilar. In each plant case, the training accuracy 

starts at around 50% and sharply increases to 

about 95% in the first 10 epochs, indicating rapid 

learning. It reached close to 100% in the final 

phase of the learning. On validation data, the 

learning was slower. This trend on validation data 

set is expected as the model always perform 

superior on the known dataset compare to the 

unknown dataset. In the ‘loss’, all the models 

showed rapid decrement where in settled down to 

zero after the initial drop down. Overall, all the 

graphs shown in Figure3 showed that all the 

models are learning efficiently and not overfitting 

in any case.       

Application of Activation Function 

Finally, the different activation functions were 

applied on the most optimized function. Details of 

the activation functions are given in the method 

section. Here again, sensitivity, specificity, recall, 

MCC, F-measure and accuracy were calculated for 

each activation function. Figure 4 shows the 

performance of these activation function. 

Different activation function showed variable 

performance on each plant case. Accuracy was 

detected as the most sensitive parameter that 

fluctuated maximally among all the evaluation 

metrics. In apple case, tanh, hard sigmoid and 

sigmoid functions showed best performance for all 

the metrics except accuracy. Performance of these 

parameters were same for this function. However, 

hard sigmoid performed marginally better in 

accuracy. Thus, it can be concluded that hard 

sigmoid performed slightly better than other 

activation functions. Hard sigmoid also performed 

best in the case of tomato plant as shown in Figure 

3. 

 

 
Figure 3. Training and Validation Metrics for the 

Machine Learning Model. The model's accuracy 

and loss for the training (blue) and validation 

(orange) datasets across 60 epochs, for (a) apples, 

(b) tomatoes, (c) grapes, and (d) maize, are 

shown on the left graph. 

 
Figure 4. Validation Metrics for the Machine 

Learning Model using different activation 

functions, (a) Apple (b) Tomato (c) Grapes and (d) 

Corn. 
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Hard sigmoid also performed best for accuracy in 

the grape plant case, but it dipped down for other 

parameters. However, simple sigmoid has 

marginally lower accuracy but optimized score for 

other parameters. In the case of corn, tanh, hard 

sigmoid, sigmoid, softplus and softsign all showed 

similar performance. Overall, hard sigmoid shown 

the better performance in the case of all plants. 

 

5. Discussions 

Plants with different types of diseases can be 

detected using their images applying deep learning 

methods. Here, four different plants were used 

with their corresponding diseases. Apple, tomato, 

grapes and corn were considered in this study for 

multiclassification prediction algorithm. The 

dataset was sourced from PlantVillage Kaggle 

database. There are multiple studies reported that 

used this dataset for building the machine 

learning. Recently, to reduce the background 

complication from the image for the recognition a 

CNN model was designed based on VGG-16 

network for tomato leaf disease[20]. Another 

article that published last year showed the 

importance of the machine learning on disease 

classification for the plant disease using the 

PlantVillage dataset[21]. These studies validated 

the application of PlantVillage dataset for building 

the machine learning disease prediction model. 

These plants are different in nature thus the type 

of the diseases and their manifestation on their 

leaves are different. This made the development 

of single multiclassification prediction model for all 

the plants, non-feasible. Thus, in this study, a 

multiclassification model was built for each plant. 

However, the framework of the models is similar 

for each prediction model. This study applied the 

attention mechanism to focus the disease patches 

observed on the leaf images. In previous study, 

attention mechanism was mentioned to identify 

the diseases of the plants. Support vector machine 

was used along with the attention mechanism to 

extract features for crop disease classification[22]. 

Channel attention mechanism was also mentioned 

in another study to capture the critical features for 

plant disease detection[23]. Attention mechanism 

presented in the current study also showed the 

improved prediction. Application of attention 

mechanism in other studies justified its role in the 

current study. Another, key argument of this study 

was the hyper-parameter tuning of the machine 

learning variables. Here, the focus was on the 

number of layers and learning rate. It was shown 

in this study that hyperparameter tuning 

significantly improved the prediction results. 

Impact of the hyperparameter tuning was shown 

in recent study where the case study was used for 

plant disease detection[24]. This study also 

confirmed that hyperparameter tuning is required 

to improve the results of prediction. Finally, 

activation function role was also shown to find the 

best activation function for the disease prediction. 

 

6. Conclusions 

This study includes four plants for building the 

plant disease prediction ML model using the leaf 

images. Different plants have different diseases 

and thus multiclassification model is required for 

the plant disease detection. Here, a CNN model 

proposed over the MobileNetV2 pretrained model 

to attain the high accuracy. This study clearly 

showed the conclusion of attention mechanism to 

improve the overall prediction accuracy. Finally, 

the study clearly demonstrated that increasing the 

number of layers that added after MobileNetV2 

network increased the specificity of the 

classification prediction. Multiple activation 

functions were applied on the best model to 

detect the best activation function. Here, hard 

sigmoid performed the best outcome for 

maximum cases. 
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