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Abstract: Sugarcane's overall productivity, yield, and crop health are all greatly impacted by nutrient deficiencies. 

Manual observation and laboratory testing are the mainstays of traditional methods for detecting these deficiencies, but 

they are costly, time-consuming, and frequently subject to human error. Furthermore, it can be difficult to make an 

accurate diagnosis because the visual symptoms of various nutrient deficiencies often overlap. This study suggests a deep 

learning-based method for automatically identifying nutrient deficiencies in sugarcane through image analysis in order 

to overcome these drawbacks. In order to accurately identify deficiencies like nitrogen, phosphorus, and potassium 

shortages, Convolutional Neural Networks (CNNs) are used to extract and classify features from images of sugarcane 

leaves. By offering scalable, precise, and real-time solutions, the suggested system improves efficiency by lowering 

reliance on laboratory testing and expert knowledge. By incorporating artificial intelligence into The goals of precision 

agriculture are to enhance crop management, maximise fertiliser use, and advance environmentally friendly farming 

methods. Results from experiments show how well deep learning models identify and categorise nutrient deficiencies, 

indicating their potential for practical agricultural uses. 
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I. INTRODUCTION 

A crucial cash crop, sugarcane makes a substantial contribution to the world economy, especially when it comes to the 

production of sugar, ethanol, and other bio-based goods. However, effective nutrient management is crucial to its 

productivity. Sugarcane that lacks certain nutrients may grow more slowly, have less sugar, and produce less. For the 

best crop health and long-term economic viability, these deficiencies must be recognised and addressed early on. To 

identify nutrient deficiencies, farmers and agricultural specialists have historically relied on laboratory testing and manual 

observation. In addition to being labour- and time-intensive, these approaches are also prone to human error [3]. 

Furthermore, it can be challenging for non-experts to identify the precise nutrient deficiency affecting the crop because 

the visual symptoms of various deficiencies frequently overlap. 

Recently, Precision agriculture, which incorporates technology-driven techniques to enhance crop monitoring and 

management, has surfaced as a solution to these issues in recent years. Deep learning approaches have demonstrated 

significant promise in automating the detection of plant diseases and nutrient deficiencies as a result of advances in 

artificial intelligence (AI) [3], [4]. In this work, we suggest a novel method for identifying and categorising various 

nutrient deficiencies in sugarcane from leaf photos by using deep learning models, more especially Convolutional Neural 

Networks (CNNs).By automatically extracting pertinent features, CNNs have demonstrated efficacy in image 

classification tasks, negating the need for manual feature engineering [3], [4]. 

II. TYPES OF ABNORMALITIES IN SUGARCANE 

Red Rot: This disease damages the stalk's internal tissues, resulting in reddish discoloration and distinctive white patches 

called cross-banding. The upper leaves of the plant start to turn yellow and dry from the tip down, and infected canes 

frequently smell sour and alcoholic. Red rot thrives in warm, humid, and poorly drained conditions and is spread by 

contaminated tools, irrigation water, and infected setts. Up to 80% of yield can be lost. Planting resistant cultivars like 

Co 0238, applying carbendazim (0.1%) to seed setts, keeping the field clean, and eliminating diseased plants are all 

examples of effective management. 

Mosaic Disease: Usually accompanied by poor tillering, narrow leaves, and stunted growth, it manifests as a mottled 

pattern of light green and yellow patches on the leaves. Aphids such as Melanaphis sacchari and Rhopalosiphum maidis, 

along with contaminated plant material, are the main vectors of disease transmission. The virus is a serious threat to 

ratoon crops, where yield losses can range from 10% to 40%. It does not persist in soil, but it does survive in infected 
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setts. Using certified virus-free planting material, using insecticides or neem oil to control aphids, and promptly removing 

(roguing) infected plants are some management techniques. 

Red Rot Disease: There are two varieties of rust disease: orange rust and brown rust. Orange rust produces lighter orange 

pustules, mostly on the undersides of leaves, whereas brown rust produces reddish-brown pustules. The powdery spores 

released by these pustules weaken the plant, decrease photosynthesis, and cause early leaf drying. Dense planting and 

warm, humid weather exacerbate the disease, which spreads swiftly through wind-borne spores. Cultivating resistant 

varieties like Co 86032, making sure there is enough space for air to circulate, and applying fungicides like propiconazole 

(0.1%) as soon as symptoms appear are some control measures. 

Yellow leaf Disease : It is characterized by the midrib and leaf blades turning yellow, starting at the top of the plant and 

working their way down. Necrotic leaves may develop over time, and canes that are impacted show decreased stalk 

weight and low-quality juice. Aphid vectors, especially Melanaphis sacchari, and infected setts are the primary means of 

virus transmission. The disease, which can cause yield losses of 15% to 50%, is prevalent in ratoon crops and under 

stressful circumstances. Aphid control, avoiding ratooning in impacted fields, using virus-free seed setts, and routinely 

checking and roguing symptomatic plants are all part of management. 

III.  LITERATURE SURVEY 

1. Conventional Methods for Identifying Nutrient Deficiencies 

Visual inspection, soil testing, and tissue analysis are the mainstays of traditional nutrient deficiency detection techniques. 

Despite their widespread use, these methods have a number of drawbacks: 

• Visual Inspection: Using the colour and texture of the leaves, farmers manually evaluate the health of the plants. But 

because the visual signs of various deficiencies frequently overlap (for example, yellowing from an iron deficiency versus 

a nitrogen deficiency), diagnosis is difficult and subject to error, particularly in different environmental settings [1]. 

• Soil testing: A method used in laboratories to evaluate the availability of nutrients in soil samples. Although accurate, 

this approach lacks real-time monitoring capabilities and only offers indirect information. 

• Tissue analysis: This method involves analysing plant tissues in a lab to ascertain their internal nutrient content. Despite 

being accurate, it is costly, time-consuming, and unscalable for regular, extensive monitoring. 

2. Crop Monitoring Using Image Processing and Machine Learning 

The shift to automation in crop health monitoring was signaled by the combination of image processing and traditional 

machine learning. To categorise nutrient deficiencies, researchers have used algorithms like Random Forests (RF), K-

Nearest Neighbours (KNN), and Support Vector Machines (SVM): 

• Singh et al. (2019) used image segmentation techniques like K-means clustering to extract colour and texture features 

from images of sugarcane leaves. SVMs were then used to classify these features. Although this approach demonstrated 

a moderate level of accuracy, it had trouble generalising to different backgrounds and lighting conditions [2]. 

• Traditional machine learning's handcrafted features, which necessitate manual tuning and domain expertise, restrict 

scalability. Additionally, they cannot capture complex visuals and are susceptible to image noise. 

3. Using Deep Learning to Identify Plant Deficiencies 

By automating feature extraction, Convolutional Neural Networks (CNNs) have completely transformed the 

classification of plant images. They have outperformed traditional machine learning techniques. For example, Patel et al. 

(2020) used CNN architectures such as AlexNet, ResNet, and VGG16 to classify sugarcane leaves and reported accuracy 

rates of over 90% [3]. One significant benefit of CNNs was their capacity to extract hierarchical patterns from data 

without the need for manual feature engineering. 

• Transfer Learning has shown promise in overcoming data scarcity and cutting down on training time by fine-tuning 

previously trained models on fresh agricultural datasets.Deep learning models, on the other hand, are data-hungry and 

need balanced datasets to function at their best. Overfitting, class imbalance, and a dearth of labelled data continue to be 
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major obstacles. 

4. Integration of Deep Learning and IoT for Real-Time Monitoring 

Babu et al. (2022) suggested using drones and edge devices to integrate IoT with CNNs for real-time sugarcane field 

monitoring. Real-time data collection was highlighted in their findings. 

• Lightweight CNNs for on-field analysis. 

• High energy and computational requirements continue to be barriers.[2] 

IV.     OBJECTIVES 

  To investigate and evaluate different deep learning techniques for identifying sugarcane nutrient deficiencies. [3]. 

• To evaluate contemporary and conventional image-based methods for tracking plant health [1], [3]. 

• To assess how well transfer learning models and CNNs identify particular nutrient deficiencies [3]. 

• To look into how IoT and deep learning might be combined for real-time deficiency monitoring [2]. 

• To pinpoint research gaps and suggest future paths to improve the detection of sugarcane nourishment [1], [2], and [3]. 

V.    METHODOLOGY 

1. Data Collection 

Photographs of sugarcane plants impacted by different nutrient deficiencies are gathered from field research, online 

datasets, and agricultural research facilities.The dataset is categorised according to the symptoms of particular nutrient 

deficiencies, including those related to potassium, phosphorus, nitrogen, and other micronutrients. [3] 

2. Data Preprocessing 

To guarantee consistency in input data, image resizing and normalisation are carried out. To improve the dataset and 

lessen overfitting, augmentation techniques like flipping, rotation, and contrast adjustment are used. To concentrate on 

leaf patterns and deficiency symptoms, noise reduction and background segmentation are done.[3] 

3. Model Selection and Training 

For feature extraction and classification, convolutional neural networks (CNNs) like AlexNet, ResNet, and VGG16 are 

chosen.Accuracy is increased through transfer learning by utilising previously trained models with with layers that are 

precisely calibrated.To assess model performance, the dataset is divided into training, validation, and testing sets [3]. 

4. Model Evaluation 

 

The efficacy of the model is evaluated using performance metrics like accuracy, precision, recall, and F1-score. Analysis 

of misclassification trends is aided by classification reports and confusion matrices. Learning rates, batch sizes, and 

activation functions are optimised through hyperparameter tuning.[3] 

 

5. Deployment and Real-time Monitoring 

 

For real-time sugarcane monitoring, a web-based or mobile application is integrated with the trained model. Drones and 

Internet of Things sensors are used to take pictures and transmit them for analysis [4].Predictions are stored in the database 

(SQLite), which also offers historical data for making decisions 
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V.       

CONCLUSION 

 

To maximise crop management and increase yield, sugarcane nutrient deficiencies must be identified. Conventional 

techniques for identifying nutrient deficiencies are expensive, time-consuming, and prone to mistakes [1]. Nutrient 

deficiency detection can be automated with the help of deep learning techniques, especially Convolutional Neural 

Networks (CNNs) [3]. CNNs have a high degree of accuracy in identifying deficiencies and can learn intricate features 

from leaf images [3]. To develop more precise and dependable systems for nutrient management in sugarcane farming, 

future research should concentrate on overcoming data limitations, enhancing model generalisation, and integrating 

multiple data sources. 

 

Sugarcane nutrient deficiency detection has been transformed by deep learning, which provides an automated, precise, 

and scalable method [3]. Through the use of CNNs, transfer learning, and IoT integration, researchers have created 

models that can accurately identify deficiencies [2], [3]. However, more research is still needed to address issues like 

real-time implementation, model interpretability, and dataset availability. 

 

The efficiency and dependability of these models will be improved by upcoming developments in AI, cloud computing, 

and IoT technologies [2], opening the door to more intelligent and sustainable farming methods. CNNs are very good at 

identifying nutrient deficiencies in sugarcane leaf images because they are very good at deciphering intricate patterns 

from visual data [3]. These models offer high accuracy and scalability while automating the detection process, which 

drastically cuts down on time and expense. 
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