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Abstract— Agriculture is the most significant industry for determining the nation's economic 

growth. It affects all four societal sectors. Sugarcane is the most extensively farmed and 

promising crop in India. It can be grown as a primary crop or as a cash crop. Small to 

medium-sized peasants gather sugarcane to make brown sugar, which is fed to animals. The 

sugarcane industry uses sugarcane complexes to produce white sugar, bio-ethanol, bio-

electricity, and a host of other organic goods. In order to sustain global population growth, 

sugarcane yields need to be raised. The yield of sugarcane is significantly impacted by pests 

and diseases. As a result, the nation and farmers suffer large financial losses. To increase 

productivity, early detection of a variety of sugarcane diseases and pest management 

techniques are therefore necessary. Measurements of pesticide regulators are erroneous since 

it is impossible to visually identify illnesses of sugarcane leaves. It is necessary to 

automatically detect and diagnose sugarcane infections in order to increase productivity and 

quality. Algorithms for image processing quickly extract characteristics from sugarcane 

leaves and categorize different forms of diseases early on. This paper provides an overview 

of various deep learning methods and image processing techniques for quick evaluation and 

sugarcane diagnostic extraction. Additionally, the difficulties supporting computational 

methods for evaluating sugarcane infections are emphasized, along with potential avenues for 

future research. 

Keywords— CNN Model, Skip-Connected Convolutional Neural Network, Image 

Classification, Sugarcane Disease

I. INTRODUCTION 

The Indian economy's fastest-growing 

sector is agriculture. The only source of 

income for more than two thirds of Indians 

is agriculture. Crops raised by farmers 

include oilseeds, domestic crops, food crops, 

and more. Sugar cane is one of the most 

important agricultural products produced in 

India[1]. Because canes can be used directly 

to make ethanol, the plant is also planted for 

the production of biofuel. Straw and cane 

fibers, two byproducts of sugarcane 

production, could be used to create biofuel. 

Many sugarcane products contain molasses 

and rum, which are used to feed animals [2]. 

Plant diseases are characterized as erratic 

changes in physical processes brought on by 

one or more biotic or abiotic factors that 

compromise a plant's ability to grow and 

reproduce normally. Plant diseases are 
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caused by a variety of circumstances, 

including extremes in temperature, 

insufficient soil moisture, an unfavorable 

pH, insufficient mineral content, and others. 

Plant diseases are often categorized as either 

infectious or non-infectious. Viral, fungal, 

and bacterial infections are the causes of 

infectious diseases. The non-infectious ones 

are caused by unfavourable environmental 

circumstances [3]. The most frequent 

diseases that damage sugarcane are red rot, 

smut, red stripe, wilt, and yellow leaf 

disease. 

Colletotrichum falcatum is the fungus 

that causes red rot. The leaves of infected 

plants get yellow and then dry out 

individually or in clusters. Mid-rib lesions 

after summer showers indicate a very 

susceptible kind. Canes affected by red rot 

exhibit dull red to brown rind/nodal areas, 

accompanied by obvious pink sporulation on 

the rind and leaf scars [4]. The bacterium 

Xanthomonas Albilineans, which causes red 

stripe disease, manifests itself in high 

moisture conditions as both leaf stripes and 

top rot. 

On the basal portion of young spindle/crown 

leaves, water-soaked, thin, narrow chlorotic 

stripes emerge, frequently midway in the 

leaf and close to the midrib [5]. An infection 

with Cephalosporium sacchari is the cause 

of wilt disease. Canes that have wilted lose 

weight and color. On the internal surface, 

diffuse reddish-brown spots are frequently a 

sign of an early infection [6]. Ustilago 

scitaminea is the fungus that causes smut. 

The plant with buds on stepped stalks is 

attacked by the fungus. The black, whip-like 

texture of the sugarcane plant is known as 

sugar cane smut [7]. The Sugarcane Yellow 

Leaf Virus (SCYLV) causes small, yellow, 

irregularly shaped spots to emerge above the 

leaf layer on infected plants. 

SCYLV-affected plants have little spots 

on the underneath, moderate spots in the 

middle, and maximal spots around the leaf 

tip. The extended time it takes for spots to 

agglomerate dries out the leaf. From a 

distance, it seems to be reddish-brown [8]. 

The classification and evaluation of plant 

leaf diseases in sugarcane was done in this 

work by a methodical examination of several 

computational techniques. Approximately 

100 publications on plant diseases have been 

retrieved in total from a variety of data 

sources, including PubMed, IEEE, Springer, 

and Google Scholar. The articles are divided 

into distinct groups based on the types of 

plant diseases. Next, a selection of about 34 

relevant research papers is made, with a 

focus on computational methods for 

diagnosing diseases associated with 

sugarcane. 

Considering the damage caused due to 

leaf diseases, accurate and timely diagnosis 

may be essential for improving the yield and 

reducing the losses. Existing traditional 

disease detection methods often rely on 

manual observation, which may lack the 

requisite speed and 
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precision required for large-scale farming 

operations. Moreover, inexperienced 

growers frequently misjudge diseases, 

leading to improper pesticide usage, thereby 

negatively impacting corn yield, quality, and 

the environment. A possible answer to these 

problems has been offered recently by deep 

learning (DL), a subfield of artificial 

intelligence. A highly accurate and effective 

solution for early detection is provided by 

the automated diagnosis of crop leaf diseases 

using deep learning models specifically 

designed for corn disease classification, 

which takes advantage of developments in 

deep learning techniques and digital image 

processing technologies. Specifically, 

convolutional neural networks (CNNs) have 

shown impressive performance in image-

based tasks, which makes them a good fit for 

deciphering the complex visual patterns 

linked to different corn illnesses. If this deep 

learning strategy is successful, it might 

greatly increase global food security 

concerns, advance sustainability, and boost 

total agricultural production [8]. Keeping the 

challenges in mind, we have designed a 

CNN based model for the detection of 

sugarcane leaf. 

The diseases focused in this work are 

 Red Rot, SMUT, Red Stripped Disease, 

Mosaic Disease and Yellow Leaf Disease 

which are most prevalent in India [9] based 

on the literatures survey done. The general 

aim of this paper is to introduce different 

approaches into classifying various types of 

sugarcane leaf diseases to predict the 

severities of the same. A CNN model has 

been designed to predict the severities of the 

maize leaf diseases. 

The remainder of the paper is arranged 

as follows: A study of the literature is 

conducted in Section II regarding the several 

techniques utilized to identify sugarcane 

diseases utilizing its leaves. Section III 

examines the article's possibilities for the 

future and concludes the article. 

II. LITERATURE SURVEY  

The development and quality of sugarcane 

plants are enhanced by the automated 

diagnosis and early disease detection of 

sugarcane illnesses, which is made possible 

by computational methods. Image 

processing methods including pre-

processing, ROI extraction, feature 

extraction, and classification were used to 

categorize diseases in sugarcane plants. 

Table 1 enumerates the signs of ailments 

that can affect sugarcane plants.  

A. Techniques for detecting leaf disease in 

Sugarcane 

In order to diagnose sugar beet infections 

in 2014, Rong Zhou et al. [10] used 

Orientation Code Matching (OCM). OCM's 

template matching method made it possible 
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to track the evolution of the disease over 

time and at a specific place. Additionally, 

the color histogram is utilized to extract 

features. A support vector machine (SVM) 

then processes the data, classifying and 

quantifying illnesses pixel-by-pixel. The 

experiments' results demonstrated that sugar 

beet diseases may be distinguished with high 

recall rates and precision. 

Some researchers worked on using SVM 

for detecting the disease. Finding the 

optimal line or decision boundary that 

divides n-dimensional space into classes and 

facilitates the prediction of a new data point 

in the appropriate category is the aim of the 

SVM method.  

Ratnasari et al. [11] employed Support 

Vector Machine (SVM) in 2014 to identify 

illnesses on sugarcane leaves. Thirty 

sugarcane leaf photographs are included in 

the testing results; nine of these photos 

depict rust spot disease, seven exhibit 

ringspot disease, and about fourteen show 

yellow spot disease. The RGB image is 

converted to the L * a*b color space. The 

sick area is divided into portions by 

thresholding strategies. The textual features 

are then extracted via the usage of the Gray 

Level Co-Occurrence Matrix (GLCM). The 

Support Vector Machine detected multiple 

spot diseases over eighty percent of the time, 

with an average erroneous severity 

estimation of 5.73. 

A technique designed by Dewi et al. [12] 

uses a mix of texture and color features to 

classify visual patterns. Using combined 

texture and color features results in the 

highest classification accuracy of 97.5 

percent. By combining the extraction of 

texture and color characteristics with a 

polynomial kernel, 98.5 percent 

classification accuracy is attained. 

Renugambal et al. [13] automatically 

classify sugarcane leaf diseases using 

support vector machines (SVM). The 

diseased areas are divided using the K 

Means clustering approach. Diseases are 

categorized using the GLCM (Gray Level 

Co-Occurrence) textural feature of the 

affected area. An artificial neural network 

was contrasted with the support vector 

machine. Each system uses 100 images 

representing five different sugarcane leaf 

diseases as training and test sets. Whereas 

the accuracy of the ANN was 85%, that of 

the linear and nonlinear SVMs was 91% and 

94%, respectively. 

Huanga et al. [14] employed SVM in 2017 

to identify borer infections in sugarcane. 

There were about 147 pictures of 49 

diseased sugarcane seeds and 309 pictures of 

103 uninfected 265 sugarcane spores in the 

collection. The effectiveness of SVM was 

assessed with Polynomial Kernels and RBF. 

In terms of stability, the RBF kernel fared 

better than the polynomial kernel. SVM with 

RBF kernel accuracy for illness and 

uninfected images in the testing dataset was 

95.63% and 95.63%, respectively. 

SVM was utilized by Arpan Kumar et al. 

[15] in 2019 to identify the eye spot, red 

spot, and mosaic viruses in sugarcane leaves. 

There are nearly nine images of sugarcane in 

the dataset. Through the use of K-means 

clustering methods, the sick region was 

located. The GLCM was altered to extract 

traits from sugarcane leaves. The diseased 

region is removed qualitatively, and the 

disease-affected region is quantitatively 

assessed. 

SVM is used by Padilla et al. [16] to 

detect ring spot and yellow spot infections in 

sugarcane leaves in 2019. The collection of 

images included around 85 sugarcane leaves 
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with ringspots, 99 leaves in good condition, 

and 99 yellow spots. The overall 

classification accuracy of the SVM classifier 

was 86.66 percent. 

Multiple layers and parameters in one of 

the four basic neural network topologies—
pre-trained, unsupervised networks, CNN, 

recursive neural networks, and others 

(RNN)—are referred to as deep learning. In 

a typical ConvNet design, the output layer—
also referred to as a fully connected layer—
is the last processing layer. The convolution 

process involves the operations of shifting, 

multiplying, and summing. One popular 

deep learning optimization technique is 

transfer learning. It gains knowledge from a 

pre-trained model on a large dataset while 

resolving one issue, and this knowledge is 

then applied to tackle additional problems of 

a similar nature. 

Malik Hashmat Shadab et al. [17] 

employed pre-trained deep learning 

architectures, such as VGG-19, Resnet-34, 

and Resnet-50, to identify diseases in 

sugarcane leaves.  

2940 images from the plant village dataset 

of six sugarcane diseases were included in 

the collection. Testing accuracy for the 

VGG-19, Resnet-34, and Resnet-50 designs 

is 99.72 percent, 99.68 percent, and 99.84 

percent, respectively. 

A convolution neural network (CNN) was 

employed by Sammy V. Militante et al. [18] 

to identify plant diseases in their leaves in 

2019. The collection, which comprised 1000 

images of various apple, grape, maize, 

sugarcane, and other plant leaves, was made 

available via Plant Village Open Source. 

96.5 percent of the time, CNN properly 

detected sick leaves. 

In 2020, Sakshi Srivastava et al. [19] used 

deep learning pretrained Inception v3, 

pretrained VGG-19, and pretrained VGG-16 

architectures to extract attributes from 

sugarcane damaged leaves. Naive Bayes, 

AdaBoost, NN, stochastic gradient descent, 

KNN, SVM, and logistic regression were 

among the classifiers that received the 

characteristics. A total of 121 sick and 121 

healthy sugarcane leaves were used in the 

investigation. In the trials, the VGG-16 with 

SVM classifier achieved the highest AUC of 

90.2%. 

Prince Kumar et al. [20] classify 

sugarcane diseases in 2021 using a faster R-

CNN algorithm. There were 2940 photos in 

the collection of sugarcane leaves in various 

states of distress. The suggested design 

demonstrated a 93.20 percent precision rate 

in identifying diseases in sugarcane. 

Selvakumar and Seetharaman proposed 

using HOML-SL, a hybrid optimum 

machine learning technique, to identify 

illness in sugarcane leaves. They presented a 

segmentation technique for the sick area that 

separates it from the original sugarcane leaf 

using a non-linear cluster based optimization 

(NCO) approach. Then, they used the cross 

layer optimization (CLO) algorithm to build 

an optimal feature selection procedure that 

chooses the best features from a pool of 

features. Finally, they presented an approach 

for classifying sugarcane leaf diseases (such 

mosaic virus, red rot, grassy shoot, and ring 

spot) using a moth flame-based capsule 

neural network (MFO-CNN). The accuracy, 

precession, F-measure, and recall of the 

suggested HOML-SL illness detection 

method are comparable to those of the 

available state-of-the-art detection 

techniques. [21] 
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Tanwar et al. [22] blended the 

convolutional neural networks (CNN) model 

for Red Rot illnesses prediction and 

classification and discussed the sugarcane 

issue. The sugarcane red rot infection is 

explored in this work. The diseased plant is 

initially captured on camera via secondary 

sources. CNN’s deep learning techniques 

were used to extract features from the illness 

and classify it. The study predicted the Red 

Rot Sugarcane Disease with an accuracy of 

93%. 

Narmilan et al. [23] presented the first 

approach on the preliminary detection of 

sugarcane White leaf disease (WLD) by 

using high-resolution multispectral sensors 

mounted on small unmanned aerial vehicles 

(UAVs) and supervised machine learning 

classifiers. Four ML algorithms, namely 

XGBoost (XGB), random forest (RF), 

decision tree (DT), and K-nearest neighbors 

(KNN), were implemented along with 

different python libraries, vegetation indices 

(VIs), and five spectral bands to detect the 

WLD in the sugarcane field. The accuracy 

rate of 94% was attained in the XGB, RF, 

and KNN to detect WLD in the field. The 

top three vegetation indices (VIs) for 

differentiating between healthy and sick 

sugarcane crops are modified soil-adjusted 

vegetation index (MSAVI), normalized 

difference vegetation index (NDVI), and 

excess green (ExG) in XGB, RF, and DT. 

The best spectral band is red in XGB and RF 

and green in DT. The findings showed that 

this technique offers a fast, accurate, 

affordable, and dependable way to identify 

WLD. 

Thite et al. [24] provided the "Sugarcane 

Leaf Dataset," which consists of 6748 high-

resolution photographs of leaves categorized 

into three groups: healthy leaves, dry leaves, 

and nine disease classifications. Smut, 

yellow leaf disease, pokkah boeng, mosale, 

grassy shoot, brown spot, brown rust, 

banded cholorsis, and sett rot are among the 

illnesses covered by the dataset. There is a 

lot of room for reuse with this dataset. 

Several machine learning methods, like as 

deep learning, feature extraction, and pattern 

recognition, can be used with this dataset to 

improve the precision and effectiveness of 

automated systems for identifying sugarcane 

diseases. This dataset's public availability 

promotes cooperation among scientists, 

accelerating the development of disease 

management methods and raising sugarcane 

yield. Disease identification, monitoring, 

and management in sugarcane cultivation by 

utilizing the "Sugarcane Leaf Dataset," 

which will result in improved farming 

methods and increased crop yields. 

Upadhye et al. [25] examined the viability 

and efficacy of a CNN algorithm based on 

deep learning for the identification of 

agricultural illnesses, specifically focusing 

on four specific diseases that affect 

sugarcane crops in India. Computer vision 

and deep learning are used for achieving the 

challenges. The trained algorithm achieved 

this by classifying sugarcane photos into two 

groups: healthy and unhealthy/diseased 

(with disease type). An analysis using a 

basic CNN with four discrete classes 

revealed a 98.69% detection accuracy for 

sugarcane disease. A web-based application 

was also created for sugarcane crop disease 

detection and put into use to retrieve and 

track disease data in order to further assist 

the farmers. The paper also suggested some 

areas for future research, including: (i) 

allowing users to provide feedback that can 

be adjusted with the model for precisely 

forecasting sugarcane crop diseases and 

dynamic database updates; (ii) utilizing AI 
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tools and techniques to combine the effect of 

disease detection with agricultural 

productivity enhancement and price 

forecasting, helping farmers make informed 

decisions. 

Öğrekçi et al. [26] classified diseases in 

sugarcane leaves by using deep learning 

methods. The dataset used five classes—
healthy, mosaic disease, redrot disease, rust 

disease, and yellow leaf disease—across a 

total of 2521 photos. This dataset was first 

subjected to the convolutional neural 

network (CNN) model DenseNet121, then to 

the Vision Transformers (ViT) model, and 

lastly to the ViT + CNN combination. The 

outcomes were then compared. It was found 

that the observations led to the precisions of 

92.87%, 93.34%, and 87.37%, respectively. 

Kumar et al. [27] described using the 

CNN model to forecast sugarcane disease. 

Two distinct CNN models (VGG-16 and 

VGG-19) were put to the test. Based on 

pictures of 2165 that included both healthy 

and diseased leaves, the models were 

trained. Three sections comprise the entire 

dataset: training, testing, and validation 

sections. The chosen model, VGG-19, 

outperformed the others and was able to 

analyze the image with 90% precision and 

92% accuracy. 

Reddy et al. [28] introduced an efficient 

and novel comparison of Efficient deep 

learning models, for enhanced sugarcane 

disease prediction, that leverages the 

strengths of multiple deep learning 

classifiers, including Alex net, ResNet18, 

VGG19, and Densenet201. Red Rot, Red 

Rust, Mosaic, and Yellow Leaf Disease are 

some of the illnesses studied in the work. 

The method began with the classification of 

sugarcane photos using individual 

classifiers, then identifying and comparing 

the top-performing classifiers. The authors 

aslo classified leaf illnesses into four 

categories using 1990s photos of sugarcane 

leaves: normal, red rust, red rot, and 

bacterial blight. VGG19 exhibited the best 

accuracy (98.82%), precision (96.77%), and 

sensitivity (96.33%) among the four class 

classifications. The suggested model 

performed far better than current approaches 

in terms of timeliness, accuracy, and 

efficiency. The proposed work showed that 

incorporating effective deep learning models 

into agriculture opens the door to better 

informed decision-making, which in turn 

protects the livelihoods of individuals who 

depend on sugarcane cultivation. 

Singh et al. [29] presented a study that 

offered a thorough evaluation of the 

classification performance for seven distinct 

sugarcane leaf disease types. Several 

metrics, such as precision, recall, F1-score, 

support, and total accuracy, for each 

sickness class was evaluated. The 

comprehensive examination demonstrated a 

consistent model performance and a high 

degree of accuracy in properly classifying 

positive instances within each sickness 

category, with precision rates ranging from 

94.34% to 94.86%. These precision rates 

were also supported by recall values, 

indicating that the model is effective in 

eliminating false negatives and recognizing 

true positive situations. The F1-score, which 

successfully balanced precision and recall 

while maintaining a value of 94.57%, 

showed how resilient the model is in 

identifying illnesses of the sugarcane leaf. 

The model can accurately predict all classes, 

as evidenced by its 94.57% total accuracy. 

The work has implications that could 

enhance crop management and boost 

agricultural productivity, and it significantly 
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advances the field of agricultural disease identification. 

 

Table 1 survey of sugarcane leaf diseases diagnosed using various ML and DL techniques 

Author ML/DL 

Technique 

Features 

Used 

Dataset Performa

nce 

Metrics 

Key Findings 

Zhang et 

al. [30] 

CNN 

(Convoluti

onal Neural 

Network) 

Raw image 

pixels 

Custom 

sugarcane leaf 

disease dataset 

(6000 images) 

Accuracy: 

98.7% 

CNN-based models 

perform efficiently in 

recognizing sugarcane 

diseases from leaf 

images. 

Kumar et 

al. [31] 

SVM 

(Support 

Vector 

Machine) 

Handcrafte

d features 

(color, 

texture) 

200 sugarcane 

leaf samples 

Accuracy: 

85% 

SVM is effective but 

requires precise feature 

extraction and selection. 

Wang et 

al. [32] 

CNN + 

Transfer 

Learning 

Raw image 

pixels 

PlantVillage 

dataset + 

augmented 

sugarcane leaf 

dataset 

Accuracy: 

99.2% 

Transfer learning 

improves accuracy, 

leveraging pretrained 

models like ResNet. 

Thakur et 

al. [33] 

Random 

Forest 

Color 

histogram, 

shape, 

texture 

features 

150 images of 

sugarcane 

leaves with 

various 

diseases 

Accuracy: 

82% 

 

 

 

Random Forest performs 

well with extracted 

features, but less 

effective than deep 

learning for complex 

features. 

Sharma et 

al. [34] 

KNN (K-

Nearest 

Neighbor) 

Color and 

texture-

based 

features 

(Haralick) 

120 sugarcane 

leaf disease 

samples 

Accuracy: 

78% 

KNN is simple but not as 

accurate as CNN-based 

approaches for image 

classification. 

Patel et al. 

[35] 

CNN + 

Data 

Augmentati

on 

Raw image 

pixels + 

synthetic 

data 

generation 

5000 

sugarcane leaf 

images 

Accuracy: 

97.5% 

Data augmentation helps 

mitigate overfitting and 

improves generalization 

of CNN models. 
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Gupta et 

al. [36] 

YOLO 

(You Only 

Look Once) 

Raw image 

pixels 

Sugarcane leaf 

disease dataset 

with 4000 

images 

mAP 

(Mean 

Average 

Precision): 

95.6% 

YOLO model allows 

real-time detection of 

sugarcane leaf diseases 

with high precision. 

Rani et al. 

[37] 

Deep 

Neural 

Network 

(DNN) 

Pixel 

intensities, 

texture 

features 

2500 

sugarcane leaf 

samples 

Accuracy: 

92.1% 

DNNs provide good 

accuracy but may require 

more computational 

resources than traditional 

ML methods. 

Pahuja et 

al. [38] 

ResNet-50 

(DL 

Transfer 

Learning) 

Pretrained 

ResNet-50 

features 

3500 

sugarcane 

disease images 

Accuracy: 

98.9% 

Transfer learning using 

ResNet-50 significantly 

boosts the performance 

with fewer training data. 

Singh et 

al. [39] 

LSTM 

(Long 

Short-Term 

Memory) 

Time-

sequence 

data of 

disease 

progression 

Time-series 

data from 

sugarcane leaf 

monitoring 

Accuracy: 

90% 

LSTM models are 

effective in modeling 

time-sequence data for 

tracking disease 

progression over time. 

Aggarwal 

et al. [40] 

Deep 

Convolutio

nal GANs 

(DCGANs) 

Generated 

synthetic 

images 

using GAN 

+ raw 

image 

pixels 

6000 original + 

3000 synthetic 

images 

Accuracy: 

97.8% 

GANs combined with 

CNNs can be used to 

generate synthetic data 

and improve model 

performance. 

 

III. CONCLUSION 

In conclusion, recent advancements in 

machine learning and deep learning have 

significantly enhanced the accuracy and 

efficiency of sugarcane disease detection. 

Studies from 2014 to 2023 have employed 

various techniques including Support Vector 

Machines (SVM), Convolutional Neural 

Networks (CNN), and Faster R-CNN to 

tackle this challenge. Innovations such as 

Orientation Code Matching (OCM), texture 

and color feature combinations, and 

advanced deep learning architectures like 

VGG-19 and ResNet have demonstrated 

impressive performance in classifying and 

quantifying sugarcane diseases. The 

integration of K-means clustering and Gray 

Level Co-occurrence Matrix (GLCM) has 

further refined the detection process. 

Notably, deep learning models like VGG-16 

with SVM and Faster R-CNN have achieved 

high accuracy rates, with VGG-16 showing 

an AUC of 90.2% and Faster R-CNN 
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reaching a precision of 93.20%. These 

advancements highlight the potential of AI-

driven methods to transform agricultural 

disease management. 
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