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ABSTRACT: Early and accurate identification of Maize Leaf Diseases (MLD) is critical for crop health 

and achieving maximum production. Automated diagnosis systems are becoming more valuable across 

today's agricultural sector. These systems assist farmers with early tolerance response treatment of MLD 

while protecting maize yield and quality. Existing methods struggle to reliably identify MLD for early 

infections appear as tiny dots and asymmetrical shapes in natural scene images. In this paper, a Multi-Scale 

Vision Transformer (MS-ViT) is proposed to quickly recognise MLD. Using Maize leaf dataset the spatial 

proximity and pixel intensity technique removes noise and preserve edges. Then smoothen the maize leaf 

image using Joint Bilateral Filtering (JBF) to develop high quality images. Subsequently, the processed 

image is given as an input to the Grabcut segmentation that segments the leaf area by graph-cut algorithm 

and Gaussian Mixture Model (GMM). After that MLD image is featured by Gray Level Co-occurrence 

Matrix (GLCM) find the energy, contrast, homogeneity, and correlation values for further analysis. An 

MS-ViT framework is proposed to enhance the classification of MLD image using maize leaf dataset. 

Using the proposed framework implemented python software, the approach achieves a higher accuracy of 

95% compared to other techniques. 

Keywords: Multi-scale Vision Transformer, Joint Bilateral Filtering, Grab cut segmentation, Gray Level 

Co-occurrence Matrix , Maize Leaf Disease, Multi-Scale Vision Transformer. 

1. Introduction 

Maize is an essential source of raw materials for 

many industrial products in worldwide [1]. It is 

one of the most significant crops, since it is the 

primary source of energy in human meals and 

produces high production throughout India. 

However, plant leaf diseases have an impact on 

maize crop yield production [2]. Consequently, 

the Gramineae family, which includes maize, 

ranks third in terms of overall production and 

cultivated area, behind rice and wheat. Maize is a 

great feed for animals as well as for human use [3]. 

Furthermore, the main disaster affecting maize 

production is disease, which causes 6–10% of the 

annual loss. Statistics show that there are over 80 

maize diseases in the world [4]. Whereas, sheath 

blight, rust, northern leaf blight, curcuma leaf spot, 

stem base rot, head smut, and other diseases are 

common diseases in maize leaf and have harmful 

effects [5]. Moreover, lesions caused by diseases 

such as sheath blight, rust, and northern leaf blight 

are clearly visible on maize leaves. Rapid and 



Multi-Scale Vision Transformer Architecture for High Resolution Maize Leaf, 2025 

Page | 14 

precise diagnosis is essential for many illnesses in 

order to increase yields, which aid in crop 

monitoring and prompt disease treatment [6].  

MLD image is processed using the pre-processing 

technique such as, Discrete Wavelet Transform 

(DWT) to transform the image pixel from the 

MLD image. DWT makes it possible to analyse 

MLD at different resolutions and concentrate on 

different levels. Nevertheless, this technique 

computationally hard, particularly for high-

resolution analysis of complex images [7]. 

Consequently, Gabor Filtering utilized by edge 

detection for MLD. It detects the edges of maize 

leaf with high accuracy and captures the texture 

analysis. Nonetheless, it is computationally 

intensive, and its performance heavily depends on 

complex parameter tuning [8]. Although, to 

smooth the maize leaf, Gaussian filter is utilized 

with high accuracy. It reduces noise educes high-

frequency noise and effectively suppresses noise.  

However, this filter require more computation 

time [9].  Thus, the proposed JBF based pre-

processing technique is utilized for removes the 

noise and preserve edges from MLD image for 

further Processing. 

K-means clustering based segmentation method to 

cluster the MLD image. It works well with large 

datasets and have a low computational cost. 

However, it sensitivity to unusual centroid 

location and failure to handle irregularly sized 

clusters [10]. Consequently, Otsu thresholding 

based segmentation method segment the MLD 

with high performance. Using Otsu thresholding 

the diseased maize leaf is segmented suitable for 

bimodal histogram. Nevertheless, it difficult to 

deal with MLD images that have several peaks or 

uneven class variances [11]. Whereas, a semantic 

segmentation-based approach is employed to 

segment the MLD image, present accurate 

boundary detection in maize leaf structures. 

Nevertheless, it is struggle to large datasets and the 

possibility of losing area in complex situations 

[12]. Thus, Grabcut based segmentation approach 

is proposed in this research that effectively 

segments the leaf area by graph-cut algorithm and 

Gaussian mixture model. 

From the segmented MLD images, the prominent 

features of MLD are extracted by using techniques 

such as, Scale Invariant Feature Extraction (SIFT). 

SIFT find the key points from the MLD image 

with high performance. Nonetheless, high 

computational complexity, possible patents 

problems, and the requirement for a fixed-size 

vector for encoding affect the performance of the 

method [13]. Although, Histogram of Oriented 

Gradient (HOG) based feature extraction to 

extracts the MLD image, it demonstrates superior 

computational efficiency and flexibility to 

differences in clarification. Nevertheless, it 

difficult in handling hard areas and complex 

structures [14]. Moreover, Handcrafted feature 

based feature extraction is designed and extracts a 

MLD image, offer better interpretability and 

efficiency, especially when working with smaller 

datasets. However, Handcrafted features often fail 

to capture complex patterns or high-level 

abstractions in the data 15]. Therefore, the 

proposed feature extraction technique is utilized 

GLCM to finds the value energy, homogeneity, 

correlation, and contrast MLD image. 

To classify the MLD image, various classifiers 

used in previous studies. In existing methods, 

SqueezeNet is perfectly identified and precisely 

diagnosed for improved yields prediction. 

Squeezenet have faster training, efficient 

processing, it have possible by its compact size 

and low computing cost. Nevertheless, it 

decreased accuracy and a limited capacity to learn 

extreme complex features [16]. Whereas, to 

identify and classify the MLD image 

MobileNetV3 model is utilized. The 

MobileNetV3 model replaced a bias loss function 

for the cross-entropy loss function to increase the 

accuracy. Nonetheless, it have the condition for 

optimization to achieve peak performance with 

extremely low specifications [17]. To overcome 

the limitations of existing classification, a 

proposed MS-ViT is implemented for 
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transforming the multi-scale vision to get high 

accuracy and efficiency of MLD prediction. 

2. Related Work  

He et al [18] (2023) have proposed a Faster 

Region-CNN (Faster R-CNN) for the 

classification of MLD image. It classifies the 

maize leaf region with high accuracy and 

performance. The Region Proposal Networks 

(RPNs) use common convolutional features to 

decrease computation and generate region 

proposals more quickly. Nevertheless, sensitivity 

to hyper parameters affects consistent 

performance across different image datasets. 

Hu et al [19] (2023) have developed an improved 

You Only Look Once version 5 (YOLOv5) to 

identify the maize leaf. It is a lightweight detection 

algorithm to improve the detection accuracy 

without increasing the number of model 

parameters. It is appropriate for real-time 

applications including its high speed, efficiency, 

and simplicity. Nevertheless, YOLOv5 struggle 

with detecting small or densely packed objects, 

particularly in complex environments. 

Li et al [20] (2022) have presented a CNN with 

Multi-scale feature fusion for MLD detection. 

CNN automatically and adaptively captures the 

image from the maize leaf. Multi-scale feature 

fusions have been shown to be highly valuable for 

gradient propagation. However, there is a 

possibility of image quality loss, computationally 

intensive and their performance heavily depend on 

the complexity of parameter tuning. 

Haque et al [21] (2023) have proposed a Deep 

Convolutional Neural Network (DCNN) model 

for recognizing the diseases of maize crop. DCNN 

identified the maize leaf with higher accuracy and 

good performance. DCNN is extremely better at 

recognizing images of maize diseases and 

outperforms the widely used pre-trained models. 

However, it takes more time to process the data 

when large datasets are used. 

Waheed et al [23] (2020) have presented a 

DenseNet to identify MLD image. The normal and 

diseased maize leaf is determined by extracting the 

MLD image. DenseNet is used to segregate and 

classify the numerous types of MLD images with 

higher accuracy. Every layer in DenseNet receives 

input from all previous layers, promoting reuse of 

learned features and improving representation. 

However, due to dense connections and memory 

overhead, training is slower. 

The contribution of this work is follows 

 JBF-based image pre-processing is 

introduced for MLD images to effectively 

remove unwanted noise and preserve 

edges, higher-quality input for analysis. 

 Segmentation using the GrabCut algorithm 

accurately extracts the maize leaf region by 

applying graph-cut techniques combined 

with a GMM, preparing the image for 

precise feature extraction. 

 GLCM is performed to compute energy, 

homogeneity, correlation, and contrast, 

which serve as significant indicators for 

identifying and analysing disease patterns 

in MLD. 

 A MS-ViT is proposed to improve the 

classification and detection of MLD 

images, achieving high accuracy through 

efficient attention-based feature 

representation. 

3. Proposed Work 

The proposed block diagram in given figure 1 for 

MLD prediction using DL technique with Maize 

leaf datasets. The MLD image is randomly chosen 

as an input maize leaf image dataset, initially pre-

processing by JBF that enhance the edges and 

reduce the unwanted noise for better quality 

image. Segmentation based on the GrabCut 

algorithm is used to extract the maize leaf area by 

generating a bounding box around the region of 

interest. Additionally, the GMM segments this 

region into foreground and background 

components. Following segmentation, the 

extracted MLD image undergoes feature 
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extraction using GLCM. Key texture features such 

as energy, homogeneity, contrast, and correlation 

are computed to facilitate accurate classification in 

the subsequent stages. 

 

Figure 1: Block diagram of proposed work  

The featured values are given as an input to 

classification technique which is based on MS-

ViT. The MS-ViT classifier classifies the MLD 

classes as common rust, gray leaf spot, healthy, 

northern leaf spot and not maize leaf. The MS-ViT 

process transforms the multiscale vision to get 

great accuracy and efficiency for MLD image.  

3.1 Pre-processing for MLD by Joint Bilateral 

Filtering 

In the pre-processing stage of MLD identification, 

the JBF is applied to remove unwanted noise from 

the input images. This noise often arises from 

unprocessed or low-quality data within the maize 

leaf dataset. Therefore, it is essential to reduce and 

correct for such noise to enhance the quality of the 

data. The JBF is a frequently employed method 

and filtering is to reduce noise and enhance the 

image's edges. JBF functions by limiting diffusion 

in high-gradient regions and employing diffusion 

exclusively in low-gradient regions to selectively 

smooth portions of an image while preserving 

edges and boundaries.  

By changing the photometric weight 𝑤𝑝 in 

Equation (1) to use the guide image 𝐺 instead of 

the original image 𝐸, the filtering process becomes 

more adaptive to the structural information 

provided by 𝐺, thereby enhancing edge-aware 

smoothing. To compute the Dual Bilateral Filter, 

an additional guide weight is incorporated into the 

JBF equation. This added weight enhances the 

filtering process by improving edge preservation 

and detail accuracy based on the guidance image 

 𝐹(𝑥) =
∑ 𝑤𝑠(‖𝑡‖𝑤𝑝(𝐸(𝑥)−𝐸(𝑥+𝑡))𝐸(𝑥+𝑡)𝑡∈𝑆𝑚

∑ 𝑤𝑠(‖𝑡‖𝑤𝑝(𝐸(𝑥)−𝐸(𝑥+𝑡))𝑡∈𝑆𝑚

    (1) 

The window 𝑠𝑚 is usually a square [−𝑚, 𝑚]  ×

 [−𝑚, 𝑚]. The function of 𝑤𝑠decreases 

symmetrically with the distance 𝑡 from the center 

of 𝑠𝑚 

∑ 𝑤𝑠(‖𝑡‖𝜑(𝐹(𝑥) − 𝐸(𝑥 + 𝑡))2)𝑡∈𝑆𝑚
         (2) 

Thus the filter output value 𝐹(𝑥) attained at the 

lowest possible cost: 

∑ 𝑤𝑠(‖𝑡‖𝑤𝑔(𝐺(𝑥) − 𝐺(𝑥 + 𝑡))𝜑((𝐹(𝑥) −𝑡∈𝑆𝑚

𝐸(𝑥 + 𝑡))2)  (3) 

𝑞𝑡 = 𝑤𝑠(‖𝑡‖𝑤𝑔(𝐺(𝑥) − 𝐺(𝑥 + 𝑡))            (4) 

Where,  𝑞𝑡 = 𝑤𝑔   𝑤𝑠  denotes the spatial weight 

and 𝑤𝑔   is the guide weight from the maize leaf 

image. The photometric noise model is 

characterized by 𝜑, and the new similarity 

indicator is  𝑤𝑔.   Whereas, JBF enhances image 

quality by preserving important details like edges 

and decreasing the impact of noise. JBF technique 

is used for improving the quality and diagnostic 

value of MLD images. The JBF enhance the edges 

and remove the noise for better quality MLD 

image. The processed image is fed to 

segmentation based on Grabcut algorithm. 

3.2 Segmentation by Grabcut Algorithm 

GrabCut is an iterative image segmentation 

method that combines Graph cuts and GMM to 

segment the MLD image. The system iteratively 

improves the segmentation, eventually producing 

accurate results, by rectangles designating the 

foreground and background. GrabCut, an efficient 

image segmentation algorithm, employs 

rectangular bounding boxes to effectively separate 

foreground objects from the background in input 
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images. Pixels outside the bounding box are 

regarded as background for maize leaf. Using the 

GrabCut graph-cut technique, the Region of 

Interest (RoI) is identified by labelling a lasso or a 

bounding box on the MLD image. Because of two 

improvements iterative estimate and partial 

labelling grabcut method requires less user 

interference than the original graph cut method in 

figure 2. Also, the sequencer first estimates the 

color distribution of the background and 

foreground using the GMM. In this context, the 

GMM comprises two components: one for the 

background and one for the foreground. This dual-

component structure allows the model to 

effectively differentiate between the regions of 

interest in the image based on their statistical 

properties. 

 

Figure 2: Graph cut model  

Each Gaussian component needs its covariance 

matrix with 𝑘 components, each of which 

represents a distinct cluster in the MLD image, 

allowing for flexible modeling of correlation 

between the features. To GMM computationally 

flexible, an additional 𝑘 vector, 𝑘 =

 {𝑘1, … . , 𝑘𝑛, … . . 𝑘𝑁}, is added with 𝑘𝑛€ {1, … 𝐾}. 

this gives each pixel in the MLD image a unique 

GMM element, one of which come from the 

foreground or background model depending on ∝

=  0 . This indicates that the pixel is assigned to 

the background model if ∝ =  0 and to the 

foreground model if ∝ equals 1. 𝑇, And data item 

𝑈 are used to define Gibbs energy based on the 

GMM component variables 𝑘.  

𝐸(∝, 𝑘, 𝜃, 𝑧) = 𝑈(𝛼, 𝑘, 𝜃, 𝑧) + 𝑇(𝛼, 𝑧)     (5) 

The informational point 𝑈 uses 𝑘, the Gaussian 

variable, to 𝑧 the image data and gray histogram 𝜃 

in order to compute the pixel label 𝛼. 

(𝛼, 𝑘, 𝜃, 𝑧) = ∑ 𝐷(𝛼𝑛, 𝑘𝑛, 𝜃, 𝑧𝑛) =𝑛

− ∑ (𝑙𝑜𝑔𝑝(𝑧𝑛|𝛼𝑛, 𝑘𝑛,𝜃) + 𝑙𝑜𝑔𝜋(𝛼𝑛, 𝑘𝑛)|𝑛   (6)    

In this case, 𝑝 is the Gaussian probability 

distribution of pixel 𝑧𝑛 to Gaussian pixels 𝑘𝑛, and  

𝜃, the current pixel 𝛼𝑛. The grabCut algorithm's 

main phases and general operation are as follows: 

3.2.1 Initialization 

The segmentation process begins by labelling the 

background and foreground regions. These labels, 

denoted as α, are used to initialize the GMMs for 

both regions. 

3.2.2 GMM Model Processing 

Once initialized, the GMMs are used to model the 

color distributions of the labelled regions. Each 

pixel in the image is assigned to the GMM 

component that minimizes the distance function, 

as defined by: 

𝑘𝑛 = 𝑎𝑟𝑔𝑘𝑛

𝑚𝑖𝑛𝐷𝑛(𝛼𝑛, 𝑘𝑛, 𝜃, 𝑧𝑛)     (7) 

Subsequently, the GMM parameters θ are 

optimized by minimizing the energy function: 

𝜃 = 𝑎𝑟𝑔𝜃
𝑚𝑖𝑛𝑈(𝛼, 𝑘, 𝜃, 𝑧)              (8) 

3.2.3 Graph Construction 

 An undirected graph is then constructed using the 

labelled foreground and background pixels. This 

graph incorporates both data terms representing 

well a pixel fits the GMM and smoothness terms. 

3.2.4 Segmentation 

The final segmentation is obtained by minimizing 

the total energy function, which combines data 

fidelity and smoothness. This is achieved using the 

minimum cut algorithm, which partitions the 

graph into foreground and background regions 

based on the optimal energy configuration 
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𝐸(𝛼, 𝑘, 𝜃, 𝑧)𝑘
𝑚𝑖𝑛

{𝛼𝑛𝑛∈𝑇𝐶𝑃}

𝑚𝑖𝑛
              (9) 

The GMM is a probabilistic model that represents 

the probability distribution of the maize leaf 

dataset as a weighted sum of multiple Gaussian 

distributions. Next, the segmented output is fed as 

an input to feature extraction technique for MLD 

image. 

3.3 Feature extraction by Statistical Texture 

feature 

A statistical method for texture feature extraction, 

the GLCM is employed to analyze MLD images. 

GLCM evaluates the spatial relationship between 

pixels, allowing for the extraction of meaningful 

texture features. Initially, the images are converted 

to grayscale to retain essential image information. 

From these grayscale images, texture indices are 

computed and selected based on their strong 

correlation with MLD characteristics. These 

texture features serve as important inputs for 

further analysis. This dimensionality reduction is 

necessary to balance between computational 

efficiency and texture representation accuracy. 

Figure 3 shows the GLCM feature extraction for 

MLD. 

 

Figure 3: Statistical texture feature 

Statistical features in GLCM experimentally 

determined four essential features: the correlation, 

entropy, contrasts, and Angular Second Moment 

(ASM) features. Prior to computation, the GLCM 

needs to be normalized. An equation expressed as 

follows           

𝑃𝜑,𝑑 =
𝐺𝐺𝐿𝐶𝑀(𝑖,𝑗)

∑ ∑ 𝐺𝐶𝐿𝐶𝑀(𝑖,𝑗)𝑁−1
𝑗=0

𝑁−1
𝑖=0

                 (10) 

Contrast: A distinct moment of GLCM, the 

contrast quantifies the spatial frequency of a MLD 

image. It is the variation between the neighbouring 

set of pixels' highest and lowest values. The 

image's local variances are measured by the 

contrast texture. Low contrast images have low 

values and a GLCM concentration term around the 

major diagonal. 

𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 = ∑ ∑ (|𝑖 − 𝑗|)2𝑃𝜑,𝑑(𝑖, 𝑗)𝑁−1
𝑗=0

𝑁−1
𝑖=0    (11) 

Angular Second Moment (ASM): Quantifies 

textural homogeneity, it identifies the 

abnormalities in the image textures. The ASM 

reach a maximum value of one. A constant 

periodic form of the gray level distribution results 

in higher values. 

𝐴𝑠𝑚 = ∑ ∑ 𝑃𝜑,𝑑
2 (𝑖, 𝑗)𝑁−1

𝑗=0
𝑁−1
𝑖=0            (12) 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = ∑ ∑ 𝑃𝜑,𝑑(𝑖, 𝑗)𝑙𝑜𝑔2𝑃𝜑,𝑑(𝑖, 𝑗)𝑁−1
𝑗=0

𝑁−1
𝑖=0  

(13) 

𝐻𝑜𝑚𝑜𝑔𝑒𝑛𝑖𝑡𝑦 = ∑
𝑃𝑖,𝑗

1+(𝑖−𝑗)2
𝑁−1
𝑗=0                 (14) 

Correlation: A measure of the linear 

dependencies between the image's grayscale tones 

is called correlation 

𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 =
∑ ∑ [(𝑖,𝑗)𝑃𝜑,𝑑(𝑖,𝑗)−𝜇𝑥𝜇𝑦]𝑁−1

𝑗=0
𝑁−1
𝑖=0

𝜎𝑥𝜎𝑦
  (15) 

Where in equation, 

𝜇𝑥 = ∑ 𝑖 ∑ 𝑃𝜑,𝑑(𝑖, 𝑗)𝑁−1
𝑗=0

𝑁−1
𝑖=0                   (16) 

𝜇𝑦 = ∑ 𝑗 ∑ 𝑃𝜑,𝑑(𝑖, 𝑗)𝑁−1
𝑗=0

𝑁−1
𝑖=0                   (17) 

𝜎𝑥
2 = ∑ (𝑖 − 𝜇𝑥)2 ∑ 𝑃𝜑,𝑑(𝑖, 𝑗)𝑁−1

𝑗=0
𝑁−1
𝑖=0      (18) 

𝜎𝑦
2 = ∑ (𝑖 − 𝜇𝑦)2 ∑ 𝑃𝜑,𝑑(𝑖, 𝑗)𝑁−1

𝑗=0
𝑁−1
𝑖=0      (19) 

Where, P(i, j) are the features 𝑖, 𝑗 of the 

standardised regular GLCM, N denotes the sum of 

gray levels, 𝜇 is the mean of GLCM and 𝜎2 

denotes the variance of the intensities. By using 

the GLCM values the features are extracted. The 

extracted MLD image is given to the proposed 

MS-ViT for further classification.  
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4. Classification by Multi-scale Vision 

Transformer 

In the proposed work, MS-ViT is employed to 

reduce the computational complexity involved in 

processing MLD images by utilizing extracted 

feature values. By incorporating multi-scale 

attention, the model selectively focuses on 

important regions, significantly lowering the 

computational burden. A key innovation in this 

architecture is the integration of a Transformer 

model for classifying MLD images. The 

Transformer's self-attention mechanism allows it 

to simultaneously consider contextual 

relationships across the entire input sequence, 

marking a notable shift from earlier models that 

processed sequentially. In computer vision tasks, 

attention mechanisms are primarily applied to 

explore the relationships between different image 

regions or blocks. The basic architecture of MS-

ViT, as illustrated in Figure 4, and demonstrates 

multi-scale attention strategy that is effectively 

implemented. 

 

Figure 4: Basic Multi-Scale Vision Transformer 

MS-ViT techniques enable the model to 

distinguish between relevant and irrelevant 

blocks, allowing it to focus on the most important 

regions for accurate object identification. As a 

result, the model improves its capacity to identify 

and process relevant features by learning to 

concentrate on important information. Three 

vectors are mainly used in the computation of 

attention: query, key, and value. A query and a 

collection of key-value pairs are mapped to an 

output, which is the weighted sum of values, 

during the whole computation process. Equation 

(20) defines the relevance between the current key 

and the query, which determines the weights. 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 (𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝐶
) 𝑉 (20) 

Where the inputs are 𝑄 ∈  𝑅𝑁𝑞 × 𝐶, 𝐾 ∈

 𝑅𝑁𝑘 × 𝐶, 𝑎𝑛𝑑 𝑉 ∈  𝑅𝑁𝑣 × 𝐶. To address 

issues with weight concentration and gradient 

vanishing, √C is included. To improve the 

performance of self-attention layers in light of the 

evolution of attention mechanisms multi-head 

self-attention is introduced.  

 

Figure 5:  Transformer encoder for multi-head 

attention 

This enables the model to concentrate on several 

informational facets, including the following 

equations. 

𝑄𝑖 = 𝑋𝑊𝑖
𝑄 , 𝐾𝑖 = 𝑋𝑊𝑖

𝑘 , 𝑉𝑖 = 𝑋𝑊𝑖
𝑉, 𝑖 = 1,2, … 8   

(21) 

ℎ𝑒𝑎𝑑𝑖 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄𝑖, 𝐾𝑖, 𝑉𝑖), 𝑖 = 1, … ,8  (22) 

𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝑄, 𝐾, 𝑉) =

𝑐𝑜𝑛𝑐𝑎𝑐𝑡(ℎ𝑒𝑎𝑑1, … … ℎ𝑒𝑎𝑑8)𝑊0 (23) 

By splitting the input into multiple heads along the 

channel dimension, the model creates distinct 

representation subspaces, each corresponding to a 

separate attention head. Initially, multi-scale 

computations are performed to capture features at 

various resolutions. Building upon this 

foundation, the module then applies vision 

transformer operations to enhance contextual 

understanding. To further improve efficiency, 

pooled multi-head attention is employed, which 

facilitates multi-scale processing and reduces the 
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sequence length of the output tokens. Figure 5 

shows the transformer encoder for maize leaf. 

Here is a description of the multi-scale mechanism 

for the maize leaf. The channel capacity is 

increased hierarchically while decreasing the 

spatial resolution, begin with the input resolution 

and smaller channel sizes 

𝑆𝑄 = (𝐿𝑄 , 𝐷) = (𝐿𝑘, 𝐷), 𝑆𝑉 = (𝐿𝑉 , 𝐷)    (24) 

Where, L is equal to T × H × W. Consequently, 

the query's sequence length changed in order to 

decrease spatial resolution. Thus the proposed 

MS-ViT performs high classification accuracy 

and good performance for the MLD image. 

6. Result and Discussion  

In result and discussion the MLD images are 

predicted using the proposed MS-ViT. For 

identifying MLD the maize leaf dataset is taken 

from the kaggle.com implemented using Python 

software. There are five classes of maize leaf are 

common rust, gray leaf spot, healthy, northern leaf 

bright, not maize leaf. The total train images have 

the count of 7079, and the total test images have 

the count of 1773. 

 

Figure 6: Input test and train count  

Figure 6 shows the input test and train count per 

class for maize leaf. The total train images have 

the count of 7079, where the common rust have 

1525 images, gray leaf spot have 1313 images, 

healthy have 1487 images, northern leaf blight 

have 1526 images and not maize leaf have 1228 

images. And the total test images have the count 

of 1773 where the common rust have 382  images, 

gray leaf spot have 329 images, healthy have 372 

images, northern leaf blight have 382  images and 

not maize leaf have 308 images. 

Figure 7: Random image train and test maize leaf image 

Figure 7 shows random images in train and test 

dataset of maize leaf and MLD image. The random 

images are taken from the maize leaf dataset for 

further process. Here, the maize leaf classes of 

common rust, not maize leaf, northern leaf blight, 

gray leaf spot healthy, images are randomly 
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chosen from maize leaf dataset to test and train for 

further analysis.  

 

Figure 8: Input maize leaf 

Figure 8 shows the input maize leaf image. The 

input image is from the maize leaf dataset 

randomly chosen test and train images. The MLD 

image is a raw image from maize leaf dataset from 

kaggle.com uses the following methods such as 

pre-processing, segmentation, feature extraction 

and classification for further processes. 

 

Figure 9: Input image into resize image 

Figure 9 shows the input image to resize image. 

Here the input MLD image is resized using image 

resizing technique. The noises present in the 

original image are removed and develop the better 

quality image.  Next, step the better quality MLD 

image is given as an input to grayscale conversion 

technique. 

 

Figure 10: Resize image into grayscale image 

Figure 10 shows the resized image into gray scale 

image for MLD approach. Here resized image is 

transformed into grayscale image for enhancing 

the MLD region. Resizing involves changing the 

dimensions of an image to a fixed width and 

height, which standardize input data. Converting 

an image to grayscale simplifies the data by 

reducing the number of color channels from three 

(red, green, and blue) to one. 

 

Figure 11: Grayscale image into joint bilateral 

filtering  

Figure 11 shows the grayscale image into JBF for 

MLD image. Here the MLD image is enhanced 

and preserves the edges by JBF, which also 

detected and removed the noise from disease 

affected image. Then the filtered MLD image is 

given as an input to Grabcut algorithm for further 

segmentation.  

 

Figure 12: JBF image into Grabcut 

segmentation 

Figure 12 shows the JBF image into grabcut 

segmentation for MLD image. Here the grabcut 

calculates the foreground and background using 

the graph cut and GMM. The graph cut calculates 

the boundary box and GMM calculates the 

foreground and background region. Then the 

segmented image is fed in to input to feature 

extraction here statistical texture feature is used.  
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Table 1: Statistical Texture Feature for MLD 

Image  

Key features Values 

Energy 0.7886 

Contrast 478.12 

Homogeneity 0.9926 

Correlation 0.9802 

Table 1 shows the statistical texture feature for 

MLD image. The statistical texture feature shows 

the value for energy of 0.7886, contrast of 478.12, 

and homogeneity of 0.9926 and correlation of 

0.9802 for MLD image. 

6.1 Performance metrics  

Performance metrics like accuracy, sensitivity and 

specificity which indicate the likelihood that a 

MLD be correctly detected and appropriately 

diagnosed as the probabilities calculated by the 

MS-ViT.  The performance metrics in this study 

explained in table 2.  

Table 2: Performance Metrics 

Performance metrics Formula 

Accuracy 
(𝑇𝑁 + 𝑇𝑃)

𝑇𝑆
 

Precision 
(𝑇𝑃)

𝑇𝑃 + 𝐹𝑃
 

Recall 
(𝑇𝑃)

(𝑇𝑃 + 𝐹𝑁)
 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 
(2 ∗ Precision ∗ Recall )

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙)
 

 

Figure 13: Training and validation accuracy 

Figure 13 shows the training and validation 

accuracy. The X-axis denotes the epochs and Y-

axis denotes accuracy for MLD image. The model 

accuracy graph illustrates increasing accuracy of 

95%, with the model achieving high performance 

and minimal over fitting. 

 

Figure 14: Training and validation loss 

Figure 14 shows the training loss and validation 

loss for MLD image. The X-axis indicates the 

epochs and Y-axis indicates the loss. Training and 

validation loss is reliably declining in training and 

validation loss, representing improved learning 

and reduced error. 

 

Figure 15: Confusion matrix for MS-ViT 

Figure 15 shows the confusion matrix for MS-

ViT. Proposed method evaluates the model’s 

performance for five classes’ common rust, gray 

leaf spot, healthy, northern leaf blight, and not 

maize leaf. Common rust have the value 378, gray 

leaf spot have the value of 256, healthy have the 

value of 372, northern leaf blight have the value of 

375 and not maize leaf have the value of 304 

respectively. 
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Figure 16: Multi-class ROC curve 

Figure 16 shows the multi-class ROC curve for 

proposed MS-ViT continues to have the highest 

AUC value of 1 for common rust, healthy, not 

maize leaf and for gray leaf spot, and northern leaf 

blight the AUC value of 0.99 demonstrating the 

unique overview and flexibility of MLD approach. 

6.2 Comparison for the proposed method 

The comparison of the proposed method with 

existing method is presented in table 3. The Faster 

R-CNN have the classification accuracy of 88% 

[18] and DenseNet have the accuracy of 94% [22]. 

The proposed MS-ViT have the higher accuracy 

of 95% compared to the existing method in table 

3. The proposed MS-ViT have better performance 

for MLD image. 

Table 3: Comparison for the proposed method  

Study Method Accuracy 

He et al. [18] Faster R-CNN 88% 

Waheed et al.[22] DenseNet 94% 

Proposed 

approach 

MS-ViT 95% 

     

Figure 17: Comparison of performance metrics  

Figure 17 shows the comparison of performance 

metrics for precision and recall value of proposed 

work and the existing work. The CNN have 

precision value of 93% and recall value of 93% 

[10], DenseNet have precision value of 94% and 

recall value of 94% [22] and proposed MS-ViT 

have the precision value of 96% and recall of 95% 

for identifying MLD image. The proposed 

precision and recall value is high compared to the 

existing method.  

7. Conclusion 

In this paper, MS-ViT is proposed for the 

detection and classification of MLD image. The 

model successfully classified five classes of 

common rust, healthy, northern leaf blight, not 

maize leaf and gray leaf spot. The preprocessing 

stage JBF effectively preserves the edges and 

removed noise. For GrabCut segmentation, to 

determine the bounding box and a GMM to 

distinguish between foreground and background 

regions. Statistical Texture feature effectively 

calculates the vales of energy, contrast, 

homogeneity and correlation from the MLD 

images. Finally, the proposed MS-ViT classifies 

the MLD image with better accuracy and 

improving early detection of MLD. The 

performance evaluation, conducted on the maize 

leaf dataset, demonstrates the superior capabilities 

of the MS-ViT method that achieves an improved 

accuracy of 95%, precision value of 96%, recall of 

95% and performance in contrast to the surviving 

methods.  
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