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Abstract

Maize, a fundamental crop globally, is particularly susceptible to a range of leaf diseases, which can result in substantial
yield reductions and economic challenges for agricultural producers. Prompt and precise identification of these diseases is
critical to minimizing their adverse effects on food security. This study investigates the application of ensemble machine
learning methodologies to improve the robustness and accuracy of maize leaf disease classification. For this proposed
experiment, the standard dataset has been utilized, dataset contains 3857 images belonging to blight, Common rust, gray
leaf spot, and healthy leafs. By using this dataset three kinds of features (Gray-level co-occurrence matrix (GLCM), Local
Binary Pattern (LBP) and Gabor) were extracted. This proposed experiment was carried out in three categories i.e.,
Single, Double and Multiple combination of features. These extracted features are submitted to three machine learning
algorithms, such as s (SVM), kNN, and NN. In single feature Gabor with NN Classifier has given 85.40% as highest
accuracy, in the Bi-features Gabor with LBP using NN algorithm has record the 88.00% as an output result, at last in
Tri-features (Gabor + GLCM+LB) SVM has raised as a highest recognition accuracy as 88.80%.
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1. Introduction

Maize, or corn (Zea mays), is one of the most essential staple crops globally, grown in many different regions [1].
It serves as a crucial source of food, animal feed, and raw materials for various industries. The Food and Agriculture
Organization (FAO) reports that maize production exceeds 1.2 billion tons each year, making it a key player in ensuring
food security, especially in developing countries where it is a primary dietary staple for millions [2]. Unfortunately,
maize productivity can be severely impacted by a range of diseases, particularly those that affect its leaves, resulting in
significant yield losses. Some of the most common diseases affecting maize include Blight, Gray Leaf Spot (GLS), and
Common Rust (CR). If not detected and addressed quickly, these diseases can lead to significant damage. The prompt
and precise identification of maize leaf diseases is essential for preventing their proliferation and reducing crop losses [3].

Traditionally, disease identification has depended on visual inspections conducted by farmers or agricultural specialists;
however, this approach is susceptible to inaccuracies and inefficiencies, particularly in extensive farming operations. With
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the advancement of precision agriculture and digital technologies, machine learning has emerged as an effective method for
automating disease classification through image analysis. One well-known remedy for this problem is ensemble machine
learning techniques. Ensemble approaches produce more reliable and accurate classification results than individual models
by utilizing the capabilities of several models [4]. Ensemble learning is particularly well-suited for agricultural applications
like the categorization of maize leaf diseases because of its capacity to improve forecast accuracy and efficiently handle
complicated, noisy information.
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Figure 1: Block diagram of proposed system.

2. Literatue Survey

In this area many works have been reported, few of those works few are reported here. Zhang et al. [5] has explored
machine learning techniques to classify maize leaf diseases using image data. They applied a combination of Support
Vector Machines (SVM) and k-Nearest Neighbors (k-NN) for feature extraction and classification, achieving a classification
accuracy of over 85% on a small dataset of maize leaf images. Their study highlights the potential of traditional machine
learning methods for agricultural disease classification.

In a study by Mohanty et al. [6], convolutional neural networks (CNNs) were employed to classify maize leaf diseases
using a large dataset of plant images. Their model achieved an accuracy of 98.4%, demonstrating the power of deep
learning in automating plant disease classification. This work is considered a benchmark in applying CNNs to agricultural
image classification.

Ferentinos [7] applied transfer learning using pretrained CNN models such as VGG16 and InceptionV3 for classifying
maize leaf diseases. By fine-tuning these pretrained networks, the study achieved an accuracy of 96.3%. Transfer learning
proved to be highly effective, especially when training data was limited.

Singh and Misra [8] focused on the classification of two major maize leaf diseases, Gray Leaf Spot (GLS) and Northern
Corn Leaf Blight (NCLB), using Random Forest and SVM models. Their approach relied on image segmentation and
feature extraction, achieving an overall accuracy of 90% in distinguishing between the two diseases.

Saberi has implemented ensemble learning methods, including bagging, boosting, and stacking, to classify maize leaf
diseases [9]. Their ensemble model, which combined CNN and traditional classifiers, outperformed single models with an
accuracy of 94.8%, highlighting the robustness of ensemble approaches.

A research paper by authors in [10] proposed a novel system for maize disease detection using drone imagery. The
study used CNNs to classify maize diseases in images captured by drones, achieving an accuracy of 93.2%. The use of
drone imagery expanded the scope of large-scale monitoring of maize fields.

The authors [11] developed a hybrid model that combined traditional image processing techniques (edge detection,
color analysis) with deep learning for maize leaf disease classification. Their approach resulted in a classification accuracy
of 91.5%, showing that pre-processing can improve the performance of deep learning models.

The authors of [12]| introduced explainable AT (XAI) methods, such as SHAP (SHapley Additive exPlanations),
to interpret CNN-based maize disease classification models. Their study provided insights into how the model made
decisions, improving the transparency and trustworthiness of Al systems in agriculture. Because of its vital significance
in guaranteeing food security and agricultural production, researchers are paying more and more attention to the
classification of diseases that affect the leaves of maize plants. An overview of significant scientific contributions in this
field was given by this literature review.



Elsayed et al. Journal of Modern Technology, Volume 1, Issue 2, Jul-Dec 2024, pp. 87-93 89
3. Materials and methods

3.1. About dataset

Figure 1 shows the block diagram of the proposed system. The standard dataset has been utilized for this experiment
[13]. The database contains 3857 images, all the images in the uniform size of 224 x 224. The following Table 1 has the
information about the dataset.

Table 1: Details of dataset.

Sl. No. | Dataset Image No. of Images
1 Blight 1145
2 Common Rust 1306
3 Gray Leaf Spot 244
4 Healthy 1162
Total 3857

3.2. Feature extraction methods

This experiment has employed the two major and widely used feature extraction methods namely Gabor [14]- [16],
GLCM |[17], and LBP [18]- [19]. These are popularly used features and widely used techniques.

3.2.1. GLCM (Gray Level Co-Occurrence Matriz)

In image processing, a statistical technique for texture analysis is the Gray-Level Co-Occurrence Matrix (GLCM).
By determining how frequently pairs of pixels with gray levels (intensities) occur in each spatial connection (distance
and angle), it characterizes the spatial relationship between pixels in a grayscale image. Numerous texture properties,
including contrast, correlation, energy, and homogeneity, can be extracted using the GLCM. These features are useful for
tasks including pattern identification, medical image analysis, remote sensing, and agricultural diagnostics. The GLCM
contains a variety of features i.e., Contrast, Correlation, Energy, Homogeneity.

Contrast:

Contrast measures the intensity variation between a pixel and its neighboring pixel across the whole image and is
given by (1).
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In (1), G is the number of gray levels and M (4, 7) is the normalized GLCM value for gray levels i and j.
Correlation:

The degree of correlation between a pixel and its neighbouring pixel is measured by correlation, given by (2) and it
displays the linear relationship between adjacent pixels’ gray levels.
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In (2):

wi and p; are the means of gray levels i and j, respectively.

o; and o are the standard deviations of gray levels i and j.
Energy:

Energy, sometimes referred to as Angular Second Moment (ASM), gauges how consistent or smooth an image’s texture.
Higher values indicate greater consistency or repetition in the texture pattern. It represents the distribution of pixel
intensity levels. The equation (3) indicates energy.
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Homogeneity:

Inverse Difference Moment (IDM), another name for homogeneity, quantifies how closely the distribution of components
in the GLCM resembles its diagonal. When pixel pairs with comparable brightness occur more frequently, as indicated by
high homogeneity values, the texture is more uniform. It is indicated by (4).

G-1G-1

. —~ _M(i, j)
Homogenelty = Z Z m (4)
i=0 j=0

3.2.2. Gabor

Gabor features are texture descriptors frequently applied in image processing and pattern recognition. These features
are based on Gabor filters, which are specific filters designed to capture both frequency and orientation details from an
image. Gabor filters function by examining an image at various scales and orientations, simulating how the human visual
system detects textures and edges. Following (5) is the formula of Gabor.

G.[i, j] = Be'5o% cos (27 f (icosf + jsinf)),
Gsli, j] = Ce'so% sin (27 f (icosf + jsin®))

3.2.8. LBP (Local Binary Pattern)

This method is an effective and straightforward approach for texture analysis in images. The process involves
comparing a pixel in the image to its surrounding pixels and generating a binary code based on this comparison. This
code represents the texture in the immediate area of the pixel. Through this method, LBP captures important texture

details, making it a useful tool for various tasks like image classification and facial recognition. Following (6) is the
formula for LBP.

P-1
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s(x):{l’ if 2 > 0, )

0, otherwise
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4. Results with discussion

This experiment has been carried out on a maze plant diseased with healthy leaf dataset, the dataset contains 3857
images. On these images the GLCM, LBP, and Gabor methods were applied, and features are extracted. These features
were given as an input to three widely used machine learning algorithms known as KNN [20], [21], SVM [22], and NN
(Neural Network) [23]. Following Tables 2, 3, and 4 show the performance of the proposed algorithm and categorical
experiment result. Table 2 shows the single feature result for GLCM, Gabor, and LBP.

Table 2: Single feature result.

Sl. No. Feature Classifier Result
1 GLCM NN 87.80%
2 Gabor NN 89.40%
3 LBP NN 90.90%
Table 3: Bi-features result.
Sl. No. Feature Classifier Result
1 Gabor with GLCM NN 89.20%
2 Gabor with LBP NN 96.00%
3 GLCM with LBP NN 90.20%
Table 4: Tri-features result.
S1. No. Feature Classifier Result
1 Gabor, GLCM, LBP SVM 98.80%

From Tables 3 and 4 is seen that from single to tri-features the results are increasing, and this is the main advantage
of ensemble features. Figure 2 shows all features have reported the highest result.

Result Analysis
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Figure 2: Result analysis of the proposed method.

5. Conclusion

Early detection of leaf diseases of maize leaf is crucial for the farmers to take precautionary measures to save the
time and energy of farmers. This proposed experiment is put an effort to give solution to the farmers problems by
ensemble the variety of texture features alongwith with different classifiers. This experiment has given the highest 98.80%
recognition accuracy. In the future work effort to collect much more dataset and developing a robust method to gain
highest recognition accuracy.
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The machine learning approach is widely used in critical research areas such as medical [24], [25] and other complex
problems in various domains [26]-[29].

Declarations and ethical statements

Conflict of interest: The authors declare that there is no conflict of interest.

Funding statement: This research received no external funding.

Artificial Intelligence usage statement: During the preparation of this manuscript, the authors utilized ChatGPT
solely for language refinement and grammatical corrections. The authors carefully reviewed and revised the generated
content and take full responsibility for the accuracy, integrity, and originality of the final manuscript.

Availability of data and materials: The data and/or materials that support the findings of this study are available
from the corresponding author upon reasonable request.

CRediT authorship contribution statement

Ebrahim Eldesoky Elsayed: Conceptualization, Methodology, Writing—Original draft, Review & Editing. Mohammed
Raisan Hayal: Visualization, Writing— Review & Editing. Davron Aslonqulovich Juraev: Formal analysis &
Validation.

Publisher’s note

Krrish Scientific Publications Pvt. Ltd. and the Journal of Modern Technology remain neutral with regard
to jurisdictional claims in published maps and institutional affiliations.

References

[1] Nuss ET, Tanumihardjo SA. Maize: A paramount staple crop in the context of global nutrition. Comprehensive Reviews in
Food Science and Food Safety. 2010;9(4):417-436. Available from: https://doi.org/10.1111/j.1541-4337.2010.00117.x

[2] Shiferaw B, Prasanna BM, Hellin J, Bénziger M. Crops that feed the world 6. Past successes and future challenges to the role
played by maize in global food security. Food Security. 2011;3:307-327. Available from: https://doi.org/10.1007/s12571-0
11-0140-5

[3] Boddupalli P, Suresh LM, Mwatuni F, Beyene Y, Makumbi D, Gowda M, Olsen M, et al. Maize lethal necrosis (MLN): Efforts
toward containing the spread and impact of a devastating transboundary disease in sub-Saharan Africa. Virus Research.
2020;282:197943. Available from: https://doi.org/10.1016/j.virusres.2020.197943

[4] Seni G, Elder J. Ensemble Methods in Data Mining: Improving Accuracy Through Combining Predictions. Springer Cham
Publishers; 2010. Available from: https://doi.org/10.1007/978-3-031-01899-2

[6] Zhang X, Qiao Y, Meng F, Fan C, Zhang M. Identification of maize leaf diseases using improved deep convolutional neural
networks. IEEE Access. 2018;6:30370-30377. Available from: https://doi.org/10.1109/ACCESS.2018.2844405

[6] Mohanty SP, Hughes DP, Salathé M. Using deep learning for image-based plant disease detection. Frontiers in Plant Science.
2016;7:1419. Available from: https://doi.org/10.3389/fpls.2016.01419

[7] Ferentinos KP. Deep learning models for plant disease detection and diagnosis. Computers and Electronics in Agriculture.
2018;145:311-318. Available from: https://doi.org/10.1016/j.compag.2018.01.009

[8] Singh V, Misra AK. Detection of plant leaf diseases using image segmentation and soft computing techniques. Information
Processing in Agriculture. 2017;4(1):41-49. Available from: https://doi.org/10.1016/j.inpa.2016.10.005

[9] Saberi Anari M. A hybrid model for leaf diseases classification based on the modified deep transfer learning and ensemble
approach for agricultural AloT-based monitoring. Computational Intelligence and Neuroscience. 2022;2022(1):6504616. Available
from: https://doi.org/10.1155/2022/6504616

[10] Tetila EC, Machado BB, Menezes GK, Oliveira AS, Alvarez M, Amorim WP, Belete NAS, Da Silva GG, Pistori H. Automatic
recognition of soybean leaf diseases using UAV images and deep convolutional neural networks. IEEE Geoscience and Remote
Sensing Letters. 2020;17(5):903-907. Available from: https://doi.org/10.1109/LGRS.2019.2932385


https://krrishpub.com/index.html
https://journal.krrishpub.com/index.php/jmt/index
https://doi.org/10.1111/j.1541-4337.2010.00117.x
https://doi.org/10.1007/s12571-011-0140-5
https://doi.org/10.1007/s12571-011-0140-5
https://doi.org/10.1016/j.virusres.2020.197943
https://doi.org/10.1007/978-3-031-01899-2
https://doi.org/10.1109/ACCESS.2018.2844405
https://doi.org/10.3389/fpls.2016.01419
https://doi.org/10.1016/j.compag.2018.01.009
https://doi.org/10.1016/j.inpa.2016.10.005
https://doi.org/10.1155/2022/6504616
https://doi.org/10.1109/LGRS.2019.2932385

Elsayed et al. Journal of Modern Technology, Volume 1, Issue 2, Jul-Dec 2024, pp. 87-93 93

[11] Panigrahi KP, Das H, Sahoo AK, Moharana SC. Maize leaf disease detection and classification using machine learning
algorithms. In: Progress in Computing, Analytics and Networking: Proceedings of ICCAN 2019. Singapore: Springer; 2020. p.
659-669. Available from: https://doi.org/10.1007/978-981-15-2414-1_66

[12] Kinger S, Kulkarni V. Explainable AI for deep learning-based disease detection. In: Proceedings of the 2021 Thirteenth
International Conference on Contemporary Computing. 2021. p. 209-216. Available from: https://doi.org/10.1145/347412
4.347415

[13] Singh D, Jain N, Jain P, Kayal P, Kumawat S, Batra N. PlantDoc: A dataset for visual plant disease detection. In: Proceedings
of the Tth ACM IKDD CoDS and 25th COMAD. 2020. p. 249-253. Available from: https://doi.org/10.1145/3371158.337119

[14] Gabor D. Electrical engineers—Part III: Radio and communication engineering. Journal of the Institution of Electrical
Engineers—Part III: Radio and Communication Engineering. 1946;93(429):39.

[15] Daugman JG. Uncertainty relation for resolution in space, spatial frequency, and orientation optimized by two-dimensional
visual cortical filters. Journal of the Optical Society of America A. 1985;2(7):1160-1169. Available from: https://opg.optica
.org/josaa/abstract.cfm?URI=josaa-2-7-1160

[16] Jain AK, Farrokhnia F. Unsupervised texture segmentation using Gabor filters. Pattern Recognition. 1991;24(12):1167-1186.
Available from: https://doi.org/10.1016/0031-3203(91)90143-S

[17] Haralick RM, Shanmugam K, Dinstein IH. Textural features for image classification. IEEE Transactions on Systems, Man,
and Cybernetics. 1973;SMC-3(6):610-621. Available from: https://doi.org/10.1109/TSMC.1973.4309314

[18] Ojala T, Pietikdinen M, Harwood D. A comparative study of texture measures with classification based on featured distributions.
Pattern Recognition. 1996;29(1):51-59. Available from: https://doi.org/10.1016/0031-3203(95)00067-4

[19] Mukarambi G, Mallapa S, Dhandra BV. Script identification from camera-based tri-lingual document. In: Proceedings of the
2017 Third International Conference on Sensing, Signal Processing and Security (ICSSS). IEEE; 2017. p. 214-217. Available
from: https://doi.org/10.1109/SSPS.2017.8071593

[20] Moldagulova A, Sulaiman RB. Using KNN algorithm for classification of textual documents. In: Proceedings of the 2017 8th
International Conference on Information Technology (ICIT). IEEE; 2017. p. 665—671. Available from: https://doi.org/10.1
109/ICITECH.2017.8079924

[21] Yigit H. A weighting approach for KNN classifier. In: Proceedings of the 2013 International Conference on Electronics, Computer
and Computation (ICECCO). IEEE; 2013. p. 228-231. Available from: https://doi.org/10.1109/ICECC0.2013.6718270

[22] Soumaya Z, Taoufiq BD, Benayad N, Yunus K, Abdelkrim A. The detection of Parkinson disease using the genetic algorithm
and SVM classifier. Applied Acoustics. 2021;171:107528. Available from: https://doi.org/10.1016/j.apacoust.2020.107528

[23] Moshou D, Vrindts E, De Ketelaere B, De Baerdemaeker J, Ramon H. A neural network-based plant classifier. Computers and
Electronics in Agriculture. 2001;31(1):5-16. Available from: https://doi.org/10.1016/S0168-1699(00)00170-8

[24] Aazad SK, Saini T, Ajad A, Chaudhary K, Elsayed EE. Deciphering blood cells—Method for blood cell analysis using microscopic
images. Journal of Modern Technology. 2024;1(1):9-18. Available from: https://doi.org/10.71426/jmt.v1.i1.pp9-18

[25] Santhoshi PM, Sajja GS, Dintakurthy Y, Bali MG. Detection of prenatal cardiac disease using computer vision and artificial
intelligence. Contemporary Mathematics. 2024;5(4):5150-5167. Available from: https://doi.org/10.37256/cm.5420245765

[26] Solanke AV, Verma SK, Kumar S, Oyinna B, Okedu KE. MPPT for hybrid energy system using machine learning techniques.
Journal of Modern Technology. 2024;1(1):19-37.

[27] Patthi S, Murali Krishna VB, Reddy L, Arandhakar S. Photovoltaic string fault optimization using multi-layer neural network
technique. Results in Engineering. 2024;23:102299. Available from: https://doi.org/10.1016/j.rineng.2024.102299

[28] Rao PVLN, Lavanya V, Manasa D, Boggavarapu S, Soni BP. Battery models and estimation techniques for energy storage
systems in residential buildings. Journal of Modern Technology. 2024;1(1):47-58.

[29] Varanasi LNS, Karri SPK. STNILM: Switch transformer-based non-intrusive load monitoring for short- and long-duration
appliances. Sustainable Energy, Grids and Networks. 2024;37:101246. Available from: https://doi.org/10.1016/j.segan.20
23.101246


https://doi.org/10.1007/978-981-15-2414-1_66
https://doi.org/10.1145/3474124.347415
https://doi.org/10.1145/3474124.347415
https://doi.org/10.1145/3371158.337119
https://opg.optica.org/josaa/abstract.cfm?URI=josaa-2-7-1160
https://opg.optica.org/josaa/abstract.cfm?URI=josaa-2-7-1160
https://doi.org/10.1016/0031-3203(91)90143-S
https://doi.org/10.1109/TSMC.1973.4309314
https://doi.org/10.1016/0031-3203(95)00067-4
https://doi.org/10.1109/SSPS.2017.8071593
https://doi.org/10.1109/ICITECH.2017.8079924
https://doi.org/10.1109/ICITECH.2017.8079924
https://doi.org/10.1109/ICECCO.2013.6718270
https://doi.org/10.1016/j.apacoust.2020.107528
https://doi.org/10.1016/S0168-1699(00)00170-8
https://doi.org/10.71426/jmt.v1.i1.pp9-18
https://doi.org/10.37256/cm.5420245765
https://doi.org/10.1016/j.rineng.2024.102299
https://doi.org/10.1016/j.segan.2023.101246
https://doi.org/10.1016/j.segan.2023.101246

	Introduction
	Literatue Survey
	Materials and methods
	About dataset
	Feature extraction methods
	GLCM (Gray Level Co-Occurrence Matrix)
	Gabor
	LBP (Local Binary Pattern)


	Results with discussion
	Conclusion

