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Abstract: Ensuring global food security relies heavily on the capability to detect, quantify, and forecast plant diseases with high 

precision. With rapid advancements in computational technologies and precision agriculture, MATLAB has emerged as a powerful 

platform for modelling plant–pathogen interactions, analyzing hyperspectral data, and predicting yield losses due to major crop 

diseases. This study explores the transformative role of MATLAB in plant disease forecasting, emphasizing its value in 

mechanistic modelling, data-driven prediction, and early disease detection using multispectral and thermal imaging. By integrating 

machine learning algorithms, advanced image processing techniques, and climate-based disease progression models, MATLAB 

enables researchers to identify risk hotspots, simulate epidemic dynamics, and generate timely decision-support outputs. 

Experimental evaluation using soybean rust and wheat blast datasets demonstrates the platform’s ability to enhance predictive 

accuracy and diagnose stress factors long before visual symptoms appear. The research highlights MATLAB’s increasing relevance 

in precision agriculture and its potential to reduce chemical inputs, mitigate crop losses, and support sustainable food production 

systems. 

 
Keywords: Hyperspectral Imaging, MATLAB, Modelling Techniques, Plant Disease, analyzing hyperspectral data, Precision 

agriculture. 

 

I. INTRODUCTION 

Plant diseases remain one of the most significant threats to global agricultural productivity, contributing to severe yield 

reductions, economic losses, and instability in food supply chains. As climate change accelerates the emergence and spread of new 

pathogenic strains, researchers and farmers require tools that can rapidly diagnose diseases and accurately forecast epidemics. 

Traditional diagnostic methods, reliant on manual field scouting and laboratory analysis, are often slow, subjective, and inadequate for 

large-scale management.  

 

Figure 1: Illustration of hyperspectral imaging 

This has led to the integration of computational tools into plant pathology, where platforms such as MATLAB offer advanced 

capabilities for modeling disease progression, analyzing sensor-generated datasets, and forecasting outbreaks. MATLAB’s extensive 

suite of toolboxes—including Image Processing, Statistics and Machine Learning, and Curve Fitting—enables a unified environment 
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for analyzing plant physiological responses, assessing stress factors, and creating predictive models that support data-driven 

agricultural decision-making. 

II. PROPOSED METHODOLOGY 

The methodology adopted in this study intertwines mechanistic disease modelling, hyper-spectral image analysis, and machine 

learning-based classification within MATLAB. The first component involves constructing simulation-based models that mimic plant–

pathogen interactions under varying environmental conditions. Such models incorporate temperature, humidity, leaf wetness duration, 

and pathogen life-cycle parameters to forecast infection frequency and disease severity. These epidemiological simulations enable the 

estimation of potential yield losses and identification of outbreak-prone regions. 

The second methodological component focuses on hyper-spectral and thermal image processing. MATLAB’s Image 

Processing Toolbox was used to preprocess datasets through filtering, segmentation, and normalization. Spectral signatures associated 

with early-stage infections were extracted and analyzed using dimensionality reduction techniques such as principal component 

analysis (PCA). Machine learning methods including support vector machines (SVM), k-nearest neighbors (KNN), and ensemble 

classifiers were then deployed to classify disease presence before visible symptoms manifested. 

 

Figure 1: Plant Disease Detection using Hyperspectral Image Analysis 

The final stage integrates climate data analytics with machine learning to generate forecasting models capable of predicting 

disease outbreaks several days in advance. This hybrid methodological framework supports continuous monitoring, early warning, 

and improved management planning. 

III. DATA AND SOFTWARE RESOURCES 

Although plant-disease forecasting largely relies on software-based analysis, this study incorporates essential data sources and 

computational configurations that act as the backbone of the system. The datasets used include hyper-spectral images of soybean rust 

lesions, thermal datasets of wheat blast infections, and microclimatic data obtained from automated field stations. MATLAB R2023b 

served as the primary analytical platform, running on a workstation equipped with a multi-core processor and GPU acceleration, 

enabling efficient processing of high-dimensional spectral datasets. Software dependencies included MATLAB’s Image Processing 

Toolbox, Machine Learning Toolbox, Deep Learning Toolbox, and Simulink for disease progression simulations. While no physical  

hardware was required for modelling, remote sensing devices such as hyperspectral cameras and thermal infrared sensors played a 

critical role in data acquisition. 
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Implementation 

 

Figure 2: Hyper Spectral Imaging for Plants 

The implementation process began with data preprocessing, where noise in hyper-spectral datasets was minimized using 

median and anisotropic diffusion filters. Regions of interest on leaf surfaces were segmented through thres-holding and active contour 

methods. Spectral reflectance values were normalized and mapped against known signatures of infected tissues. MATLAB’s curve-

fitting tools were employed to model disease-induced changes in pigment degradation, water loss, and heat stress. 

 

Figure 3: Hyperspectral Imaging Wavelength Range 

Mechanistic models were implemented in Simulink, integrating epidemiological equations that describe pathogen growth rates 

and infection cycles. Weather variables were fed into these models to simulate disease intensity across temporal scales. To enhance 

prediction accuracy, machine learning algorithms were trained using labeled datasets containing both infected and healthy samples. 

Validation was conducted through k-fold cross-validation to ensure robustness. 
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The final system combined disease detection and forecasting modules into a unified MATLAB-based pipeline capable of 

generating real-time risk maps and time-series predictions. 

IV. RESULTS AND DISCUSSION 

The experimental results demonstrated significant improvements in both disease detection accuracy and outbreak forecasting 

capabilities. Hyperspectral classification models achieved an accuracy between 92% and 96% for early-stage detection of soybean 

rust and wheat blast, outperforming traditional RGB imaging methods. The mechanistic disease models accurately predicted disease 

progression trends when tested against historical outbreak data, with forecast errors reduced by approximately 18%. MATLAB’s 

machine learning algorithms effectively captured subtle spectral variations associated with stress, enabling early detection often 3–5 

days before visible symptoms appeared. 

 

Figure 4: Experimental Results 

The integration of climate-driven simulations and spectral-based classification provided a comprehensive framework for 

proactive disease management. Furthermore, the ability to visualize disease risk maps and simulate alternative management strategies 

enhances decision-making for farmers and agricultural agencies. Despite its strengths, the system’s reliance on high-quality sensor 

data and computational resources may pose scalability challenges in low-resource environments. Nonetheless, the findings 

demonstrate that MATLAB-based analysis provides a robust and flexible approach to advanced plant disease forecasting. 

V. CONCLUSION 

This study illustrates the transformative potential of MATLAB in modern plant disease diagnosis and forecasting. Its powerful 

computational capabilities support mechanistic modelling, spectral image analysis, and machine learning-based classification, making 

it an essential tool for precision agriculture. By facilitating early disease detection, predicting outbreak dynamics, and supporting data-

driven decision-making, MATLAB contributes to enhance food security and reduced chemical inputs. Future work may focus on 

integrating deep learning architectures, expanding accessible mobile-based deployment, and developing cloud-based frameworks to 

support large-scale agricultural monitoring. Ultimately, MATLAB’s versatility positions it as a cornerstone technology for next-

generation plant pathology research. 

REFERENCES 

[1] A.B. Savary et al., ―The global burden of pathogens and pests on major food crops,‖ Nature Ecology & Evolution, vol. 3, pp. 

430–439, 2019. 

[2] L. Mahlein, ―Plant disease detection by imaging sensors—Parallels and specific demands for precision agriculture and plant 

phenotyping,‖ Plant Disease, vol. 100, no. 2, pp. 241–251, 2016. 

[3] P. Nagaraju et al., ―Hyperspectral imaging for early disease detection in agriculture,‖ Computers and Electronics in 



 

Journal of Recent Trends in Agriculture and Natural Science 

Volume 1, Issue 1, pp 34-38, October-December 2025 

ISSN (online): xxxx-xxxx 

DOI: https://doi.org/10.47001/JRTANS/2025.101005   

Available Online at www.jrtans.com 

 

Copyright © 2025 JRTANS All Rights Reserved 
 

38 

Agriculture, vol. 175, 2020. 

[4] L. P. Magarey, T. B. Sutton, and P. W. Turechek, ―Modeling plant disease epidemiology with computational tools,‖ Annual 

Review of Phytopathology, vol. 43, 2005. 

[5] MathWorks, MATLAB Documentation: Image Processing and Machine Learning Toolboxes, R2023b. 

[6] Mahlein, A. K. (2016). Plant disease detection by imaging sensors – Parallels and specific demands for precision agriculture 

and plant phenotyping. Plant Disease, 100(2), 241–251. 

[7] Bock, C. H., Poole, G. H., Parker, P. E., & Gottwald, T. R. (2010). Plant disease severity estimated visually, by digital 

photography and image analysis, and by hyperspectral imaging. Critical Reviews in Plant Sciences, 29(2), 59–107. 

[8] Sankaran, S., Mishra, A., Ehsani, R., & Davis, C. (2010). A review of advanced techniques for detecting plant diseases. 

Computers and Electronics in Agriculture, 72(1), 1–13. 

[9] Mohammad Abid Al-Hashim. (2025). Neural Networks in Image Processing: A Review of Architectures, Datasets, and 

Performance. International Research Journal of Innovations in Engineering and Technology - IRJIET, 9(10), 29-36. Article 

DOI https://doi.org/10.47001/IRJIET/2025.910005 

[10] Thenkabail, P. S., Lyon, J. G., & Huete, A. (2018). Hyperspectral Remote Sensing of Vegetation. CRC Press, Boca Raton, FL. 

[11] Zhang, J., Huang, Y., Yuan, L., Yang, G., Chen, L., Zhao, C. (2019). Using satellite multispectral and hyperspectral data for 

plant disease detection. Remote Sensing, 11(7), 827. 

[12] Camargo, A., & Smith, J. S. (2009). An image-processing based algorithm to automatically identify plant disease visual 

symptoms. Biosystems Engineering, 102(1), 9–21. 

[13] Pinter, P. J., Hatfield, J. L., Schepers, J. S., Barnes, E. M., Moran, M. S., Daughtry, C. S. T., & Upchurch, D. R. (2003). 

Remote sensing for crop management. Photogrammetric Engineering & Remote Sensing, 69(6), 647–664. 

[14] Beresford, R. M., & Royle, D. J. (1998). Weather-based forecasting of plant disease epidemics. Plant Pathology, 47(1), 1–14. 

[15] Juroszek, P., & von Tiedemann, A. (2011). Potential strategies and future requirements for plant disease forecasting under 

climate change. Plant Pathology, 60(1), 100–112. 

[16] Zhang, S., Wu, X., & You, Z. (2020). Leaf image-based plant disease identification using transfer learning and deep learning. 

Computers and Electronics in Agriculture, 173, 105393. 

 

 

 

 

 

*** End of the Article *** 

 

Citation of this Article: 

Srinila J, Seema Reddy, & Yashoda Tripathi. (2025). Hyperspectral Imaging and MATLAB Modelling Techniques for Next-

Generation Plant Disease Forecasting. Journal of Recent Trends in Agriculture and Natural Sciences. 1(1), 34-38. Article DOI: 

https://doi.org/10.47001/JRTANS/2025.101005  

 

https://doi.org/10.47001/JRTANS/2025.101005

