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ARTICLE INFO ABSTRACT

Keywords: Early detection of plant leaf diseases accurately and promptly is very crucial for safeguarding
Inception V3 agricultural crop productivity and ensuring food security. During their life cycle, plant leaves get
MobileNetV2

diseased because of multiple factors like bacteria, fungi, weather conditions, etc. In this work, the
authors propose a model that aids in the early detection of leaf diseases using a novel hierarchical
residual vision transformer using improved Vision Transformer and ResNet9 models. The pro-
posed model can extract more meaningful and discriminating details by reducing the number of
trainable parameters with a smaller number of computations. The proposed method is evaluated
on the Local Crop dataset, Plant Village dataset, and Extended Plant Village Dataset with 13, 38,
and 51 different leaf disease classes. The proposed model is trained using the best trail parameters
of Improved Vision Transformer and classified the features using ResNet 9. Performance evalu-
ation is carried out on a wide aspects over the aforementioned datasets and results revealed that
the proposed model outperforms other models such as InceptionV3, MobileNetV2, and ResNet50.

Vision transformer
Deep leaning
Plant leaf disease detection

1. Introduction

In the recent era, automated plant disease detection has evolved as one of the key challenges in precision agriculture. However,
recent advancements in Deep Learning (DL) have significantly affected the early detection and accurate plant disease prediction [1].
Automated plant disease detection tools enable the farmers to continuously monitor the plant’s growth and its health in the
ever-changing environmental conditions. The presence of high inter-class similarities and intra-class dissimilarities made plant disease
detection a challenging task. The early detection and prediction of plant diseases are highly critical for effective management and
prevention of these diseases [2]. In general, plants are being affected by factors like bacteria, insects, weeds, and many climatic
conditions and the most common plant diseases include the mosaic virus, green leaf spots, and scabs. All these diseases are expected to
be recognized in the early stage to prevent damage to plants and to ensure high productivity of crop yield [3].

Manual diagnosis of plant diseases by plant pathologists is an unreliable and time-consuming process. Technological advancements
in the areas of Artificial Intelligence (AI) and High-Performance Computing have opened new gateways to more precise and efficient
disease detection [4]. Conventional Machine Learning (ML) techniques include feature extraction and classification models that
extract features from images. Further, models are trained with those features to train a classifier that can discriminate the healthy and
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diseased leaf plants.

A CNN method based on DL has been given by the various authors to automatically classify and differentiate plant leaf diseases.
However, diseases caused by abiotic stresses such as drought and nutrient deficiency are considered limitations in the accurate
detection by machine learning algorithms [5]. Convolutional Neural Network(CNN) is a more popular and efficient method for
learning from low-level complex features and training of deep CNN layers is highly computationally expensive. Transfer
learning-based models include Visual Geometry Group (VGG-16), Residual Networks(ResNet), Densely Connected Convolutional
Networks (DenseNet), and Inception have been proposed by researchers and trained with the ImageNet dataset.

The complex structure of textures and color variations in high-resolution images is a challenging task [6]. Because of this, it is more
crucial to accurately detect plant diseases and their severity. As a result, a new technique for doing so is required to increase the task’s
adaptability and generalizability [7]. Deep Learning models can handle complex and high-resolution images and they can learn from
large amounts of labeled training data and evolved as most promising in the detection of plant lesions [8].

The key contributions of the proposed work are as follows:

e Design and develop a novel architecture to extract global contextual features along with the local features using the attention
module with minimum computational complexity.

e Design and development of a novel framework for capturing long-term interdependence, adaptability in handling inputs of
different sizes, and generalization ability

e Performance evaluation and comparison of the proposed method with the existing deep learning models on the Plant Village
Dataset.

The rest of this paper is organized as follows: Section 2 presents the thorough literature survey of various DL models used for plant
leaf disease detection; Section 3 introduces the proposed methodology Hierarchical Residual Vision Transformer in detail. Then,
Section 4 presents dataset details and comprehensive results using the proposed method and the comparison with widely used state-of-
the-art models. Section 5 concludes this paper.

2. Related work

The major objective of this study is to provide awareness of various methods explored by various researchers in the field of Pre-
cision Agriculture. In this paper, various methods are carried out for image enhancement, segmentation, feature extraction, and
classification methods adopted for diagnosing leaf diseases. The authors have gone through the research works published from July 25,
2012, to August 31, 2023, which has received major attention in this study.

Researchers have designed and developed various pre-trained models to identify plant diseases using potent feature extraction
capabilities of deep learning. The recent advancements in Deep neural networks(DNN) improve efficiency but still have high
computational costs. Zhang et al. [9] introduced a Novel Infrared Shape Network (ISNet) aimed at precisely detecting the shape details
of infrared targets. They also presented a new benchmark, IRSTD-1k, which comprises 1000 realistic images depicting various target
shapes, sizes, and diverse cluttered backgrounds, each meticulously annotated at the pixel level. Zhang et al. [10] proposed a pio-
neering network designed for detecting infrared small targets (IRSTD) comprised of a U-Net as backbone encoder, a context mixer
decoder (CMD) integrating spatial and frequency attention (SFA), and an eyeball-shaped enhancement module (EEM).

Zhang, M et al. [11] proposed the Runge-Kutta Transformer (RKformer) model aimed to extract features with discriminative se-
mantics while retaining fine details. Initially, a parallel encoder block (PEB) integrates transformer and convolutional techniques to
capitalize on both long-range dependency modeling and locality modeling for semantic extraction and detail preservation. Mingjin
[12] introduced a Feature Compensation and Cross-level Correlation Network (FC3-Net), a novel approach that delves into feature
compensation and cross-level correlation to enhance Single Frame Infrared Small Target (SIRST) detection. Mingjin [13] presented the
Infra-Red Prune Detection (IRPruneDet) network using wavelet structure and regularized soft channel pruning to enhance the
detection of infrared small targets. Mingjin presented an Efficient Spectral correlation coefficient of the Spectrum kernel-based Self
Attention transformer (ESSAformer) [14], to enhance the super-resolution of hyperspectral images. Single hyperspectral image
super-resolution (single-HSI-SR) endeavors to enhance the low-resolution of a hyperspectral image into a high-resolution.

K. Ashok Kumar et al. [15] proposed a DenseNet-121 architecture, that yielded an accuracy of 98.7 % for detecting infectious
diseases in plant leaves. B Sai Reddy et al. [16] proposed the Densenet model to determine the disease and damage of the leaf. In the
successor stage, the Semantic segmentation algorithm was used to detect the damage to the leaf. It has produced an accuracy of 97 %.
Remedial measures have been suggested depending on the amount of the plant’s damage. Vinay Gautam et al. [17] have proposed the
Modified Inception ResNet-V2 (MIR-V2) model for classifying diseases in tomato leaves. The prior-trained CNN model (IR-V2) and the
proposed CNN model (MIR-V2) got an accuracy of 94.69 and 98.98, respectively.

Chitranjan Kumar Rai et al. [18] proposed a Deep Convolutional Neural Networks (DCNN) model to identify diseased cotton leaves
and plants. The proposed model was trained and evaluated using 2293 cotton plant leaves and yielded an accuracy of 97.98 %.
Vandana B. Malode et al. [19] proposed a CNN-based VGG model to detect the disease-affected leaves of grapes and tomatoes. The VGG
achieved an accuracy of 98.40 % and 95.71 % for grapes and tomatoes, respectively. Ishita Bhakta et al. [20] designed a Deep con-
volutional neural network model to identify a prevalent illness called Leaf blight caused by bacteria in rice plants. They have gathered
four sets of images as "Normal", "Stage 1 infection", "Stage 2 infection", and "Stage 3 infection". Each set contains 261 images, i.e., 261
x 4 = 1044. The accuracy achieved at these three stages for the proposed model is 95 %, 97 %, and 98 %, respectively.

To identify the diseases in all apple leaf varieties, Krishan Kumar et al. [21] developed a CNN model that produced an accuracy of
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Fig. 1. Architecture of a hierarchical residual vision transformer.

98 % after training it with 1000 epochs. A lightweight deep neural network was proposed by Sabbir Ahmed et al. [22] by fusing a
refined pre-trained model and a classifier network. To mitigate data leakage, runtime data augmentation methods have been applied.
The proposed architecture attained 99.30 % accuracy. To recognize the bacterial leaf blight disease in rice plants, S. Vigneshwari et al.
[23] suggested the Moore-Penrose pseudo-inverse weight-related deep convolutional neural network (MPW-DCNN). The accuracy of
the suggested MPW-DCNN classifier is 97.5 %.

Vinay Gautam et al. [24] proposed the Mask Region Convolutional Neural Network (Mask R-CNN) to detect the disease of tomato
plant leaves. The proposed design incorporates a light-headed "R-CNN" to reduce memory consumption and computational expenses.
The model gained an accuracy of 98 %. A CA_DenseNet_BC_40 model was suggested by Hongbo Qiao et al. [25] to categorize the harm
brought on by cotton pests. The division of cotton aphid damages was found to be classified with an accuracy of 97.3 % using the
CA_DenseNet_BC_40 model, which performed better than other networks like ResNet50, DenseNet, etc. Rui Zhou et al. [26] proposed a
model to identify the diseases of apple and coffee leaves by performing feature fusion and transfer learning. They first developed a deep
feature description based on transfer learning to acquire a high-level latent feature representation. To capture the local texture in-
formation in photos of plant leaves, they had previously fused deep features with standard handcrafted features. This technique
performed well, with 99.79 %, 92.59 %, and 97.12 % accuracy on the three datasets.

Huibin Long et al. [27] proposed an rE-GoogLeNet convolutional neural network model to identify rice leaf diseases. The dataset
contains 1122 rice leaf images. This suggested model accuracy was 99.58 %, 1.72 % higher than the original GoogLeNet.Sheli Sinha
Chaudhuri et al. [28] laid out Principal Component Analysis (PCA) DeepNet to identify tomato leaf diseases for agriculture. The
innovative framework integrates a traditional machine learning model’s PCA with a specifically designed deep neural network called
PCA DeepNet. With the suggested model, classification accuracy increased to 99.60 %. Aibin Chen et al. [29] proposed LMBRNet to
identify tomato leaf disease. The overall identification accuracy of the suggested model is 99.7 %. It exceeds previous models like
GoogleNet (98.96 %) and ResNet (97.48 %). The suggested model’s derived parameters are fewer than those of ResNet (23 million) and
GoogleNet (5.7 million).

Squeeze-Net training architecture is proposed by Kantha Raju Kanaparthi et al. [30] to train chilli leaves for identifying Gemini and
Mosaic viruses. Considering several training features like CNN optimizers stochastic gradient descent with momentum (SGDM),
Adaptive Moment (ADAM), and Root Mean Squared Propagation (RMSPROP), the resulting training accuracy can range from 50 % to
100 %. SGDM optimizer gained an accuracy of 50 % with Max_Epochs of 40. ADAM optimizer gained an accuracy of 100 % with
Max_Epochs of 40. RMSPROP optimizer gained an accuracy of 100 % with Max_Epochs of 35. The experimental results concluded that
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RMSPROP is best suited for the SqueezNet architecture. Oliva Debnath et al. [31] proposed Smart farming integrating ML with the IoT
network for early detection of Brown spot disease using CNN. The data is manually collected from rice fields, Tensorflow, and the Keras
framework. The accuracy of the suggested model was 97.70 %. Sihan Zhou et al. [32] recommended residual-distilled transformer
architecture to identify rice leaf diseases. By Refs. [33,34] residual concatenation, this approach integrates both the vision and distilled
transformers, producing more effective outcomes than existing techniques. The accuracy of the advised model jumped to 92 %.

Furthermore, similarity in plant leaf diseases and complex leaf texture structure leads to errors in the detection of plant diseases
[35]. [36]. All these limitations are the major constraints behind the design of an automated disease detection system for precision
agriculture. Based on all these requirements, a novel deep learning model is designed by extracting discriminating features with low
computational complexity. Recently [37], the attention module has produced outstanding results in terms of increasing the model’s
recognition accuracy in complex classification tasks. The usage of a Channel-based attention module based on Dense Net to recognize
wheat stripe rust disease has increased accuracy by 5.47 % in comparison to a native model. Even though the addition of an attention
module has increased the detection accuracy of plant leaf diseases, it was unable to reduce the model’s parameter redundancy when
features were engineered [38]. [39].

3. Methodology

This work proposes a novel customized deep learning architecture using Improved Vision Transfomer and ResNet9 for classifying
diseases of various plants. The following architecture elaborates on various stages, such as image preprocessing, augmentation, model
building, and testing phases on a given image dataset.

The images of plant leaves have been preprocessed to promote uniformity and learning. Further, images are typically resized to
224*224, the pixel values are normalized using methods like rotation, flipping, or zooming. Fig. 1 presents the architecture of the
proposed model.

3.1. Feature extraction using Improved Vision Transformer

In recent years, the usage of transformers has rapidly increased with their parallelization and computational efficiency and is
realized as the best alternative for recurrent neural networks (RNNs) in NLP tasks such as language modeling and machine translation.
In this paper, the Improved Vision Transformer [40]. [41] (IVT) is used for image classification tasks. An attention mechanism is the
central component of a transformer network. Irrespective of the distance between an input and an output, an attention mechanism
makes it possible to describe dependencies in a series. Self-attention is an attention mechanism that links many sequence places to
calculate the information of a single sequence. It has become an essential component of convincing sequence modeling and trans-
formation models for a range of activities. Abstract generalization, textual entailment, and reading comprehension are just a few of the
many tasks where self-attention has been effectively used. When a query, key, and value are vectors and are mapped from an input to
an output, this mapping is called the attention function. An ordered sum of values is the result of the attention process, with each
value’s weight determined by comparing its value with the relevant key using the query’s compatibility function. There are two types
of self-attention mechanisms [42-45]: multi-head attention and scaled dot-product attention. The query matrix Q of size dk, the key
matrix K, and the value matrix V of dimension d, are the inputs to the scaled dot-product attention. The roots of Q and V are dotted,
divided by dy, and then multiplied by V. The query, key, and value are linearly projected into several subspaces via the multi-head
attention mechanism [46] are computed using Egs. (1)-(3).

Attention (Q, K, V) = softmax <3Idi: > \% (€D)

Each subspace is a head, and each one computes its scaled dot product attention value independently. These values are then
connected and projected again to acquire the final result.:

MultiHead(Q, K, V) = Concathead(head, ..., head;, ) W 2)
Where Head; = Attention(QW[Q7 KWK vwY 3

where the projections are parameter matrices
W{Q € Rémoderxdy , Wzk € Rémoderxd , Wzk eRmoderxdy i 1 WO ¢ RN Xdmoder

The first transaction model to completely generate its input and output representations using a self-attentive process without the
use of RNNs or convolution is a transformer [47]. Fig. 1 also holds the encoder-decoder structure used by a proposed Improved Vision
Transformer:

3.2. Feature classification using proposed ResNet-9 model
Consider input (W, P, K) where W represents input dimensions (n*m), K is the kernel size, P represents padding, and S is stride.

Image size is reduced when transported from layer to layer [48]. To calculate the size of output dimension N,q obtained at each stage,
using Eq. (4).
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Moreover, The number of parameters obtained at convolutional layer N, batch normalization Nj,, and dense layer N4 are computed
using Egs. (5)-(7), respectively.

Nye = ((wy % hy xmyp) +1) # g 5)
prn = (nuc * 2) (6)
Npg = ((1ne * np) + 1 5% 1) )

In the above Eqs., wy represents the filter width, hy is the filter height, n, is the total filters in the previous layer, n; denotes the total
filters, n,. is the total output channels, n, is total neurons in the current layer, and n,, represents the total neurons in the previous
layer [49-51]. The total number of parameters obtained for the model is defined in Eq. (8).

A’p = Z]vpc + ZA’plm + Zlvpd (8)

Each convolution layer produces the output of images with a smaller size. There is a residual layer or block after two convolution
layers. In our proposal, we have also introduced a shortcut connection. There are 64,128,256 and 512 convolution kernels from layers
1 to 4. The last one features a 512-sized kernel. The kernel size of all convolutional layers is 3*3. ReLU was applied after every
convolution of layers to activate neurons in the following layer. For the classifier layer, max-pooling and dropout layers with a value of
0.2 are added to avoid overfitting and improve model accuracy.

Fig. 2 shows three layers within the initial convolutional block: convolutional, batch normalization, and activation function
Rectified Linear Unit (ReLU). After the initial convolutional block, each subsequent convolutional block has a max-pooling layer that
produces a sharpened image compared to the original image. Shortcut networks correspond to a simple convolutional layer in the
residual representation. After some weight layers, all the input values are added to the output with a skipped connection. Nine
parameterized layers shall be used to implement the ResNet9 model with recurrent connections as the residual block of transmission
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Table 1

List of parameters used for Hyper Parameter Tuning.
Learning Rate Optimizer Batch Size Image Size Loss Function Weight decay Gradient Clip
0.001 SGD 32 256 x 256 Categorical Cross Entropy 0.00018 0.13

learning. These residual [22] blocks must be applied to increase the surface depth and decrease the output size. The classifier layer, two
dense layers, and activation functions ReLU and Softmax are used. The dropout layer shall be used with a value of 0.2 to avoid
overfitting.

The algorithm of the ResNet 9 model for plant leaf image classification is given below:

#pre-processing images
begin
for the number of input images (Xj,) in the dataset:
Xie <Resize (Xin)
Xor <Normalize (Xe)
X <RandomHorizontalFlip (X;,)
X+ <RandomRotation (Xuf)
Xy <ColorlJitter (X;r)
Xpp < hyper_parameter_tuning(Xc;)
end for
end
#Training the network model
begin
for the number of epochs do
begin
for the number of X¢; images in a dataset:
dl = Convl (XCJ)
d2 = Conv2 (d1)
d3 = residual_block (d1,d2)
d4 = Conv3 (d3)
d5 = Conv4 (d4)
d6 = residual_block (d4,d5)
d7 = classifier_block (d6)
end for
end for
end
#Testing the network model
begin
for all input images (Xj,) in the testing dataset:
X; < pre-processing (Xin)
end for
for each test image (Xo):
predicted_label (Y) < test_image (X
target_label (T) < input_image (Xj,)
if T = = Y(Xj,) then:
The image is correctly classified
else:
The image is not correctly classified
end for
end

The proposed Hierarchical Residual Vision Transformer is trained with ImageNet weights and fine-tuned with the hyperparameters
mentioned in Table 1 on the Plant Village Dataset. The number of Units in the final dense layer of ResNet9 has been changed according
to the number of classes.

3.2.1. Hyperparameter tuning

The collection of parameters influencing the model’s learning process is termed hyperparameters. These parameters encompass
aspects such as the number of layers, epochs, activation functions, learning rate, and more. The subsequent Table 1 provides an
overview of the hyperparameter configurations employed in this proposed model.
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Extended plant village dataset.
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Type of the Class

# Train Images

# Test Images

Local Crop Dataset

Beans angular spot
Beans healthy

Beans rust

Cotton healthy

Cotton powdery mildew
Guava healthy

Guava red rust

Rice bacterial leaf blight
Rice brown spot

Rice leaf smut
Sugarcane healthy
Sugarcane red rot
Sugarcane red rust

Sub Total

Plant Village Dataset
Apple black rot

Apple black rust

Apple healthy

Apple scab

Blueberry healthy
Cherry healthy

Cherry powdery mildew
Corn(maize) common rust
Corn(maize) Gray leaf spot
Corn(maize) healthy

Corn(maize) northern leaf blight

Grape black rot

Grape Esca (black measles)
Grape healthy

Grape leaf blight

Orange Huanglongbing
Peach bacterial spot

Peach healthy

Pepper bell healthy
Pepperell bacterial spot
Potato early blight

Potato healthy

Potato late blight
Raspberry healthy
Soyabean healthy

Squash powdery mildew
Strawberry healthy
Strawberry leaf scorch
Tomato bacterial spot
Tomato yellow leaf curl virus
Tomato early blight
Tomato healthy

Tomato late blight

Tomato Leaf Mold

Tomato mosaic virus
Tomato Septoria leaf spot
Tomato spider mite
Tomato target spot

Sub Total

Extended Plant Village Dataset
Total Images

1782

211

155

158
183
169
136
162
135
172
139
45
186
188
168
195
173
124
6485

8267

25
26
26
25
25
25
26
25
25
25
25
26
26
330

25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25
25

1278

4. Experimental results and discussion

This section aims to provide a concise and informative overview of the findings derived from the conducted experiments of the
Improved Vision Transformer and ResNet-9 model on the Plant Village Dataset.

4.1. About Plant Village Dataset

Images of healthy and diseased plant leaves are included in the Plant Village Dataset, which was compiled for developing various
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b — Tomato early blight ¢ — Tomato early blight

a — Tomato Healthy

e — Tomota Spider mite

d — Tomato Mosaic Virus

f — Orange Haunglongbing

longbing  h — Grape Black Measles

o

i— Grape leaf blight

Fig. 3. Sample Plant leaf images of Plant Village Dataset - Tomotao Crop Images of Healthy and different diseases such as early blight, mosaic virus,
and spotted spider mite are given in (A-E); Haunglongbing disease of Orange crop are given in (F-G) and Black measles and leaf blight disease
samples of Grape crop are given in (H-I). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version
of this article.)

learning models to detect and diagnose plant diseases. Performance evaluation of the proposed model is evaluated on three datasets i.
e., Local Crop Dataset, customized Plant Village dataset, and Extended Plant Village Dataset. The local Crop dataset comprises local
crops like beans, cotton, rice, sugarcane, and guava with 2112 images. We have divided this Local Crop dataset into train and test sets
with 1782 and 330 images respectively. The customized Plant Village dataset includes over 7435 images of plant leaves of 38 classes
from 14 different crop species. We have divided this dataset into train and test splits with 6485 and 950 images respectively. The
extended Plant Village dataset consists of 9545 samples from 51 different classes collected from 19 different crop species. Out of 9545
samples, 8267 samples are used for model building and the remaining 1278 samples are used for performance evaluation. The crop-
wise image details of the Local Crop dataset are given in Table 2.

To construct reliable plant disease prediction models, it is essential to gather high-quality data that is representative of the
particular region, crop, and disease under investigation. Sample leaf images of Plant Village Dataset are given in Fig. 3.

4.2. Experimental setup

The experimental environment used for performing is a Windows 10 operating system with 16 GB RAM and 3 GB GPU. The Pytorch
framework supports this training model. Google Colab is used to run Python code with GPU as runtime.
4.3. Performance metrics

To assess the performance of the proposed model, the following performance evaluation metrics are used.

Accuracy: The percentage of labeled samples correctly categorized in our model as a percentage of all samples is called accuracy as
per Eq. (9).
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Table 3

No.of Parameters of different models.
Name of the Model No. of Parameters
InceptionV3 228,71,366
MobileNetV2 23,06,662
ResNet 50 236,08,202
Proposed model 65,96,403

Table 4
Comparative Analysis of Performance Measures for different models.

Name of the Model Accuracy Precision Recall Fl-score

Local Dataset (13 Classes)

Inception V3 91.7 0.927 0.917 0.922
MobileNet V2 92.8 0.935 0.935 0.935
Vision Transformer 78.5 0.804 0.825 0.814
ResNet 50 98.4 0.974 0.984 0.979
Proposed Model 97.5 0.989 0.984 0.986
Plant Village Dataset (38 Classes)

Inception V3 94.3 0.9587 0.9212 0.9396
MobileNet V2 95.8 0.9647 0.9435 0.9540
Vision Transformer 80.7 0.824 0.815 0.8195
ResNet 50 99.1 0.9817 0.991 0.9863
Proposed Model 99.7 0.997 0.994 0.9955
Extended Plant Village Dataset (51 Classes)

Inception V3 95.1 0.9687 0.95 0.9593
MobileNet V2 96.5 0.973 0.965 0.9690
Vision Transformer 81.9 0.835 0.837 0.8360
ResNet 50 99.4 0.994 0.996 0.9950
Proposed Model 99.7 0.996 0.997 0.9965

(number of correctly classified samples)
(total number of samples)

Accuracy =

©)]

Precision: The percentage of the positive samples correctly categorized over total number of true positive and false positive
samples as per Eq. (10).

(number of correctly classified positive samples)

Precision = 10

recision (total number of positive samples) (10)
Recall: It is a percentage of the positive samples correctly classified as the total number shall be defined as per Eq. (11).

Recall (number of correctly classified positive samples ) an

(total number of actual positive samples)

F1-score: This is a combination of both recall and precision as per Eq. (12). This can check how well your new sample could classify
correctly.

true positive
F1 score = ( P )

12)

false positive+false negative
2

(true positive) +

ResNet50 is a deeper architecture with 50 layers, InceptionV3 contains multiple convolutional filters of different sizes, In Mobi-
leNetV2 computational resources are limited, whereas ResNet9 has only 9 layers. The number of parameters in a neural network
generally increases with the number of layers. More layers mean more parameters because each layer typically consists of multiple
neurons, and each neuron has its set of parameters (weights and biases). In the proposed work, transfer learning is adopted and a few of
the layers are frozen from training. Inception V3, MobileNet V2, and ResNet 50 models have trainable parameters as 228,71,366;
23,06,662; and 236,08,202 respectively. Trainable parameters of all the above models are tabulated in Table 3.

The performance of the proposed method is compared with various deep learning models on Plant Village, Local datasets, and
Extended Datasets. Accuracy, Precision, Recall, and F1-Score values with all these models are tabulated in Table 4. The proposed
model outperformed all other classification models on all different datasets.

The accuracy and loss curves of the proposed Hierarchical Residual Vision Transformer on the Local Crop dataset are given in Fig. 4
(a) and (b) respectively. Further, Fig. 4(c) and (d) presents the accuracy and loss curves of proposed model on Plant Village Dataset are
given. Finally, Fig. 4(e) and (f) describes the accuracy and loss curves of proposed Hierarchical Residual Vision Transformer on
Extended Plant Village dataset are given.
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Fig. 4. Performance evaluation of the Proposed model on various datasets.

10



S. Vallabhajosyula et al. Heliyon 10 (2024) e29912

Table 5

Leaf disease prediction of different plants.
Crop Leaf Image Actual Label Predicted Label
Cotton Cotton Healthy Cotton Healthy
Cotton Cotton powdery mildew Cotton powdery mildew
Guava Guava red rust Guava red rust
Rice Rice bacterial leaf blight Rice bacterial leaf blight
Beans Beans angular spot Beans angular spot
Sugarcane Sugarcane red rust Sugarcane red rot

Confusion Matrix

a
Usugarcane__redrust

Predicted Class

Fig. 5. Confusion matrix for the ResNet-9 model on the local crop dataset.

Actual and Predicted class labels of various test samples of the Plant Village Dataset are presented in Table 5.

In the comparison with MobileNet V2 and Inception V3, the proposed ResNet 9 has outperformed in the classification of class-wise
diseases also. The number of correctly classified test images for each disease is plotted in the Confusion Matrix for locally grown crops
of 13 classes of 5 crops is shown in Fig. 5. The proposed model is evaluated on the Plant Village Dataset (38 Classes) with a batch size of
32 and accuracies are presented in Fig. 6. The performance of the proposed model is very close to ResNet50 and ResNet101, but
ResNet50 and 101 have high computational costs with tons of trainable parameters. The performance of the proposed model is
compared with other state-of-the-art classification models such as ResNet 50, ResNet 101, MobileNet V2, GoogleNet etc.

The proposed model has outperformed GoogleNet, Inception V3, SqueezeNet, and AlexNet. But, the performance of the proposed
model is very close to ResNet 50 and ResNet 101. However, the proposed VIT + ResNet9 is very shallower compared with the above
ResNet 50 and ResNet 101.

In the next phase of experimentation, the performance of the proposed method is evaluated with Adam and SGD optimizers, and the
results are presented in Fig. 7. The performance of the proposed model is evaluated with various initial learning rates including 103,
10~* etc. During this part of experimentation, the Adam optimizer has given consistent results but SGD has given the highest accuracy
at the initial learning rate of 1075

The proposed model is evaluated for 10 epochs in 34.3 min on the customized Plant Village Dataset and acquired an accuracy of
93.5 %. Further, the model was evaluated for 20 epochs and yielded an accuracy of 99.7 % with model building time of 42.2 min. The
computational complexity of the proposed model in terms of training times on various datasets is tabulated in Table 6.
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Fig. 6. Performance evaluation and comparison of the accuracy of various models on the Plant Village Dataset.
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Fig. 7. Performance comparison of various optimizers on the Plant Village Dataset.

Table 6

Computational Complexity of proposed model training time.
Dataset Proposed Model ResNet 50 MobileNet V2 Inception V3
Local Crop Dataset 0:12:23 0:23:23 0:14:23 0:25:53
Customized Plant Village Dataset 0:34:34 0:45:29 0:26:34 0:37:22
Extended Plant Village Dataset 0:42:23 0:59:40 0:49:47 0:42:38

5. Conclusion

This research work is intended to detect different types of crop leaf diseases using the proposed Hierarchical Residual Vision
Transformer model. To prevent overfitting and to reduce model complexity, a novel residual vision transformer is proposed using the
Improved Vision Transformer and ResNet9. To increase the model’s performance, hyperparameter tuning using Optuna was performed
with 25 trials. After tuning the model, the best trail parameters were considered to train the model using Vision Transformer, and
further features were classified using the lightweight ResNet9 classification model. The performance of the proposed model is eval-
uated on the Plant Village dataset in addition to some of the native crops including beans, sugarcane, cotton, rice, and guava. The
inclusion of pre-processing tasks such as resizing, random flips, rotations, and image enhancement is supported in the extraction of
discriminating features using Vision Transformer. In future work, authors aim to design and develop a lightweight deep neural network
to overcome the limitations of real-time data. In addition to that, a multi-tasking classification model is needed to be designed to
estimate the severity of the disease.
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