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Abstract: The intricate relationship between Gray-Level Co-occurrence Matrix (GLCM) metrics and machine 

learning model performance underscores the need for rigorous dataset evaluation and selection protocols to 

ensure the reliability and generalizability of classification outcomes. This study involved a thorough 

examination of selected publicly available plant diseases datasets, with an emphasis on how well they 

performed as measured by GLCM metrics. After first classifying the datasets according to their GLCM metrics, 

dataset_2 (D2) and dataset_5 (D5) were found, respectively, to be the best-performing dataset in all GLCM 

analyses. The same datasets were then used to train deep learning models, and their classification performances 

were assessed. A noteworthy association was observed between the results of training deep learning models 

and the performance ratings derived from GLCM studies. More specifically, dataset_2 (D2) performed best in 

both GLCM analysis and deep learning model performance, indicating a strong correlation between the 

accuracy of classification and the textural qualities that GLCM captured. In the context of plant disease 

identification, in particular, these results highlight the significance of clearly defined dataset selection criteria 

in deep learning applications. Scholars can improve the accuracy and dependability of deep learning models 

for diagnosing plant diseases by giving preference to datasets with favorable GLCM metrics. The research also 

emphasizes the importance of texture features being taken into account in addition to conventional image 

features, highlighting the necessity of transparency and rigor in dataset selection procedures.  

Keywords: GLCM metrics; deep learning; darkNet19; plant diseases; open datasets; criteria 

 

1. Introduction 

In recent times, the world is facing an increase in population that in turn calls for a red alarm on 

food security. According to the Food and Agricultural Organization of the United Nations (FOA), 

70% increase of recent food production is globally needed by the year 2050 to meet up with the 

bouncing population [1]. This is posing a serious demand on agriculture to meet up with the foreseen 

population rapidly and sustainably. However, Plants being the primary source of food are faced with 

serious challenges in growth. Abnormalities in its growth mainly caused by diseases, pests and 

environmental factors are yet to reach an end. 

Plant diseases can cause anything from modest symptoms to severe damage to large fields of 

crops, incurring significant expenditures and having a significant negative influence on the 

agricultural economy. Plant pests and diseases accounts for about 40% loss of global food crops and 

trade loss of over USD 220 billion every year [2]. These diseases promoted by invisible pathogens 

poses the most serious effect on the plant's health [3] thus causing a significant threat to food security 

and affecting the environment. In addition to that, it has been noticed lately that the recent climate 
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change promotes plant’s health problems by early appearance of pests and their dissemination to 

areas they have never been noticed [4]. 

Since ancient times, human beings have been struggling to counter these plant health problems. 

They largely rely on visible changes in plant parts, such as the leaves and stems, due to the absence 

of enough technologies to pre-detect the appearances hence causing a huge loss that may reach to 

famine in some regions [5]. This method is time and resource consuming, full of uncertainties, and 

labor intensive. Moreover, traditional methods were mainly focusing on particular locations thus 

limiting its efficiency across geographies. In contrast, plant diseases can spread across geographies 

unknowingly thus the need for a more generalized system of its detection [6]. 

With the advancements of technology, the world of today has been developing several 

techniques to tackle these problems. Artificial intelligence brought tremendous novelty in the name 

of machine learning and deep learning which are currently relied on in these regards. Machine 

learning techniques were widely used in the research community since the last two decades, when 

its applications were addressed and studies for agriculture and plant diseases were widely evaluated 

[7]. Conventional machine learning methods, however, still require time-consuming feature 

extraction for training models [8]. Moreover, it has limited success under some circumstances such 

as its inability to process natural data in their raw form [5,9]. As a result, deep learning algorithms 

that automatically extract features as part of their natural operation have been incorporated into 

research for about a decade [10–12]. According to [13], deep learning has emerged as a more preferred 

method for plant disease detection and management due to its increased computing power, storage 

capabilities, and accessibility of big datasets. 

Deep learning simply learns from datasets of the past disease images to detect and identify the 

plants’ health problem(s) using some sets of complex algorithms. As a data-hungry technology, 

researches in use of deep learning battle with datasets preparation for individual applications. This 

made the scientific research communities to provide datasets for the public use, simplifying the path 

for model developments, learning and knowledge sharing. PlantVillage Datasets, developed by [14] 

is considered one of the most significant datasets that fueled the application of deep learning in plant 

disease detection and management [15–18]. Maize plant disease dataset [19], Digipathos dataset [20], 

multiple plant disease datasets [21], PlantDoc dataset [22], cassava disease image dataset [23] and 

RoCoLe coffee disease dataset [24] are typical examples of available plant disease datasets. Datasets 

preparation for machine-learning or deep learning-based applications can also be done through the 

capturing of images on live plants over a period, using remote sensing and hyperspectral imagery 

[25]. Thermal imagery has also recorded success in capturing such images [26]. 

However, after a critical review and pre-tests undergone for the purpose of this study, most of 

the open datasets for plant diseases detection are observed to possess a number of technical problems 

worthy of noting for deep learning applications. For example, many of the public available datasets 

such as the PlantVillage dataset are developed in controlled laboratory contexts. This controlled 

environment provides for exact control over variables, assuring standardized data gathering 

conditions. Though Authors of [27] trained a deep convolutional neural network (DCNN) with the 

PlantVillage dataset using AlexNet and GoogleNet architectures and obtain a performance efficiency 

of 99.35%, Conversely, the controlled setting may not entirely mirror real-world situations 

encountered by farmers. In lab settings, field factors such as fluctuating light intensities, various 

backgrounds, and unpredictable weather are not faithfully duplicated. As a result, models trained on 

such datasets may perform poorly when applied to real-world agricultural contexts [28]. While these 

datasets give useful insights and initial model training, there is an urgent need to supplement them 

with field-based data in order to improve the resilience and practical application of deep learning 

models for plant disease detection. The works of [29,30] tangibly proved high efficiency of model 

trained with field-based dataset. 

Moreover, the size and resolution of the images offered in the open plant disease datasets 

frequently varies. Some datasets contain very high-resolution images, like the RoCoLe coffee disease 

dataset [24] and Paddy Doctor dataset [31], while others may contain images of inferior quality. For 

model training, images with high resolution can be computationally intensive and may necessitate 
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large processing resources. Low-resolution images, on the other hand, may lack fine-grained features 

necessary for effective disease detection. It is thus critical to strike a balance between image resolution 

and processing efficiency. To standardize image sizes in this case, preprocessing procedures are 

necessary to ensure that models can handle the data successfully while preserving the key visual 

information [30,32]. 

Plant diseases are extremely diverse, with hundreds of distinct pathogens affecting thousands 

of different plant species [6]. Each disease has unique symptoms, making it difficult to create a single 

universal dataset that includes all possible disease variations. Diseases can present differently even 

among the same plant species depending on factors such as pathogen strain, climatic circumstances, 

and host genetics [33]. Because of this complication, dedicated datasets for individual diseases or 

groups of linked disorders were necessary.  

Plant disease databases have been created in certain cases by directly collecting photos from 

search engine results, notably from platforms such as Google [34]. While this strategy may appear to 

be convenient, it creates numerous serious obstacles to the dataset's integrity and trustworthiness. 

These photos lack consistent quality and metadata, and thus may be in violation of copyright laws. 

Because of search engine biases, their diversity and representativeness are jeopardized. Stringent data 

gathering techniques from trustworthy and authorized sources are thus required to ensure valid and 

reliable plant disease datasets. This not only maintains ethical norms, but also improves the dataset's 

quality and usability for relevant scientific research and deep learning applications in plant 

pathology. 

Researchers are, nevertheless, expected to be mindful of the constraints imposed by specialized 

datasets. While they are useful for some disease categories, they may not be appropriate for broader 

applications without further data augmentation or transfer learning approaches, especially for open-

field generated datasets for mobile application development.  

Using texture analysis methods, including Gray-Level Co-occurrence Matrix (GLCM) metrics, 

which identify complex texture qualities in images, is one way to tackle these problems [35,36]. These 

metrics offer a quantitative depiction of texture features and offer insightful information about the 

spatial correlations between pixel intensities [37,38]. Nevertheless, little is known about how machine 

learning model performance is impacted by differences in GLCM metrics between datasets.  

Progress in the field of plant disease identification depends on the scientific community’s ability 

to comprehend how differences in GLCM variables affect machine learning model performance. 

Along with providing insight into which datasets are appropriate for training models, it also helps to 

build reliable, broadly applicable models that are able to diagnose plant diseases in a variety of 

agricultural contexts. Consequently, it is imperative to conduct a thorough analysis of the differences 

in GLCM metrics among diverse plant disease datasets and evaluate their consequences for improved 

deep learning applications in plant disease identification. This research is therefore an attempt to 

define novel criteria, using some publicly available plant disease datasets in the eyes of deep learning 

application, through the exploration of technical and textual features of plant disease datasets for 

enhancement of machine learning and deep learning applications, as the case may be. 

2. Methodology 

2.1. Data Collection 

A set of five distinct plant disease datasets that are publicly available were acquired online via:  

• "plant_village dataset" - [https://github.com/spMohanty/PlantVillage-Dataset] 

• "a_database_of_leaf_images" - [https://data.mendeley.com/datasets/hb74ynkjcn/4] 

• "RoCoLe dataset" - [https://data.mendeley.com/datasets/c5yvn32dzg/2] 

• "FGVCx_cassava dataset" - [https://github.com/icassava/fgvcx-icassava/tree/master#fgvcx-

cassava-disease-diagnosis] and  

• "paddy_doctor dataset" [https://ieee-dataport.org/documents/paddy-doctor-visual-image-

dataset-automated-paddy-disease-classification-and-benchmarking] 
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Each of the mentioned datasets comprises a set of diverse plant species, diseases, and image 

resolutions. 

2.2. Image Preprocessing & GLCM Metrics 

Standardized image sizes and formats across datasets were captured and summarized using the 

Image Text analysis feature in Python programming language interface. 

Gray Level Co-occurrence Matrix (GLCM) was used in further processing of these datasets to 

obtain the relevant GLCM metrics. These are texture features derived from images that describe 

spatial relationships between pixel intensities. A total of Ten (10) GLCM metrics including Energy, 

Contrast, Correlation, Homogeneity, Total Variance, Difference Variance, Maximum Probability, 

Joint Entropy, Difference Entropy and Angular Second Moment were extracted using predefined 

parameters and utilized for further analysis. 

2.3. Statistical Analysis 

Descriptive statistics was employed to compute and derive insights into the datasets. These 

include computed mean, variance, and sums of GLCM metrics for each dataset. Normality and 

homogeneity of data checks were conducted in an attempt to assess normal distribution assumptions 

using Shapiro-Wilk and Kolmogorov-Smirnov tests using GraphPad Prism 10.1.2 (324). Applied 

Kruskal-Wallis test for non-normally distributed data was used for Variability Assessment. Several 

charts as figures were generated to display correlations and distributions in GLCM metrics. 

Relationships between these metrics within the datasets were also presented and discussed in the 

results sections. 

2.4. Deep Learning Model Training and Evaluation 

From each dataset, 77 images were randomly collected (minimum number of classes available 

from the overall datasets properties used herein) to ensure uniformity as well as avoiding bias in the 

representation of datasets. A total of 6160 images were summed, from the different classes across the 

datasets, and used as training data. 

According to a conventional procedure, a deep learning model was trained independently with 

regards to each dataset. The following procedures were part of the training process:  

i. Preprocessing of the Data: To improve model performance, better feature representation and 

guarantee uniformity before processing, the images were resized to a uniform resolution 

(227x227) and pixel values. 

ii. Model Selection: The DarkNet19 architecture was chosen as the foundational model for training 

since it has a track record of success in image classification challenges. DarkNet19 is a deep 

convolutional neural network (CNN) model. 

iii. Hyperparameter Tuning: To maximize classification accuracy, the DarkNet19 model's 

hyperparameters—such as initial learning rate (0.0001), mini-batch size (128), maximum epoch 

(10), weight and bias learning rate factors (10) were adjusted as same values for all training trials.  

To guarantee a fair representation of classes, a validation dataset, equal to 20% of the overall 

dataset, was randomly selected from each dataset. This 80:20 split ratio was aimed at reducing the 

possibility of overfitting while guaranteeing a sufficient quantity of data for both training and 

evaluation. Based on the trained models' predictions on the validation dataset, performance metrics 

like accuracy, precision, recall, and F1-score were calculated. These metrics shed light on how well 

the model classified plant images that belonged to various disease classifications. 

3. Results and Discussions 

3.1. Ideals of Image Properties and Distribution across the Datasets 

Images sizes and formats within the relevant plant disease datasets used in this research 

portrayed some versatile properties that has a potential of inflicting deep learning applications. In a 

more detailed form, these will be digested in the following sub-headings: 
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3.1.1. Data Imbalance 

In order to create high-quality datasets for the detection of plant diseases, data balancing is 

crucial. It comprises making certain that a roughly equal fraction of each data class or category is 

represented. This holds particular importance in scenarios where certain classes, like particular plant 

diseases, might be less prevalent than others. Data balance is important because it allows the model 

to learn equally and fairly from every class, making the detection system more dependable and strong 

[39]. 

The performance of the plant disease identification model may suffer from an imbalanced 

dataset in several ways, including where certain classes contain much fewer samples than others [40]. 

Biased training is one such outcome. A presentation of the data imbalance across the datasets, with 

the respective annotations assigned in this study, could be outlined in a general form and summary 

through Error! Reference source not found. A more specific analysis will be also presented for each 

dataset. 

Table 1. General dataset. 

Annotation Dataset name 
Total 

Images 

Image 

Resolutions 
Setting 

Disease 

Classes 
Plants involved 

dataset_1 plant_village dataset 54303 
[256x256] 

throughout 
Lab 38 

Apple, Cherry, 

Corn, grape, 

Peach, Pepper, 

Potato, Strawberry, 

and Tomato 

dataset_2 a_database_of_leaf_images 4503 
[6000x4000] 

throughout 
Lab 22 

Mango, Arjun, 

Alstonia Scholaris, 

Guava, Bael, 

Jamun, Jatropha, 

Pongamia Pinnata, 

Basil, 

Pomegranate, 

Lemon, and Chinar 

dataset_3 RoCoLe dataset 1560 

[2048x1152], 

768 images, 

[1280x720], 479 

images, 

[4128x2322], 

313 images 

 

Field 5 Coffee 

dataset_4 FGVCx_cassava dataset 537 

Variable 

between 

[213x231] to 

[960x540] 

 

Field 5 Cassava 

dataset_5 paddy_doctor dataset 16,225 

[1080x1440], 

16219 images, 

and 

[1440x1080], 6 

images 

Field 13 Paddy 
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Figure 1. Data sixe disparity in PlantVillage Dataset (dataset_1). 

Across different classes, the dataset_1 appears to be significantly unbalanced, with different 

image sizes and numbers. For example: 'tomato_yellow_leaf_curl_virus' has a greater number of 

images in the 'tomato' subfolders than other classes such as 'bacterial_spot' or 'leaf_mold'. In addition, 

‘Healthy' subfolders—like 'cedar_apple_rust' and 'background_without_leaves'—occasionally 

included less photos than subfolders dedicated to certain diseases.  

A class imbalance is also realized in dataset_2 between different plant species and their health 

statuses. For example, there are substantially different numbers of diseased and healthy pictures in 

classes like "arjun" and "alstonia_scholaris." Moreover, the inscribed 'Diseased' subfolders typically 

contain more photos in nearly every class than their 'healthy' counterparts. 

The 'coffee' dataset in dataset_3 includes pictures of coffee plants in various states of health 

(healthy, red spider mite, rust levels 1–4). There is a notable disparity in class between the subfolders: 

'healthy' has the greatest number of images, followed by 'rust_level_1' and 'red_spider_mite'. As rust 

gets less severe, there are increasingly fewer images for "rust_level_2," "rust_level_3," and 

"rust_level_4". 

The Image data imbalance in dataset_4 is found to be significant where 'Healthy' is the class with 

the most images, followed by 'Brown_streak_disease', 'Green_mite', 'Mosaic_disease', and 

'bacterial_blight', which each contain fewer images. Within a few disease classes, even certain 

resolutions appear to be more prevalent (Figure 3). 

As dataset_5 also follow the cue, there are a total of 2351 images in "blast" and 450 images in 

"bacterial_panicle_blight" respectively. In contrast to certain disease classes, the 'healthy' or 'healty' 

class, which represents healthy paddy plants, as annotated in the dataset’s nomenclature style, 

contains a significant number of images. Further variations in the class data could be observed in 

Figure 4. 

Due to variations and the smaller sample sizes, classes with fewer images may produce GLCM-

based features that are less reliable, which could have an impact on model performance. Moreover, 

if unaddressed during model training, imbalanced classes may result in biased models that perform 

well on majority classes and badly on minority classes. Other factors that may hinder similar 

performances relevant to datasets’ feature extraction are defined in literature (Error! Reference 

source not found.). In the coming sections, an in-depth observation into these GLCM features is 

presented. 
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Figure 2. Image Size Distribution in dataset_2. 

 

Figure 3. Data Imbalance in FGVCx_cassava dataset (dataset_4). 

 

Figure 4. Image data Imbalance in paddy_doctor dataset (dataset_5). 

Table 2. Factors fostering fine-grained extraction style in plant disease detection research. 

Factors Effects Source 

External factors such as uneven lighting, 

extensive occlusion, and fuzzy details 

Variations in the visual characteristics of 

affected plants. 
[41] 

0
100
200
300
400
500
600
700

- healthy

- diseased

51%

11%

22%

10%

4%2%

coffee - healthy coffee - red_spider_mite coffee - rust_level_1

coffee - rust_level_2 coffee - rust_level_3 coffee - rust_level_4

0 500 1000 1500 2000 2500 3000

bacterial_leaf_blight

bacterial_panicle_blight

blast

downy_mildew

hispa

tungro

yellow_stem_borer
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Variations in the presence of illness and the 

growth of a pest 

Subtle differences in the characterization of 

the same diseases and pests in different 

regions, resulting in “intra-class 

distinctions”. 

[42] 

Similarities in the biological morphology 

and lifestyles of subclasses of diseases and 

pests 

Problem of “inter-class resemblance” [39] 

Background disturbances 
Makes it harder to detect plant pests and 

diseases In actual agricultural settings 
[43] 

3.1.2. Image Resolutions 

For texture analysis techniques like Gray-Level Co-occurrence Matrix (GLCM) to ensure 

consistent feature extraction, resolutional consistency in pictures within a dataset is essential. More 

precision and dependability may be achieved in the extraction of texture information when photos 

have consistent resolutions. The resolutional consistency of datasets 1 and 2, for example, is 

demonstrated by the images, which are usually scaled at 256x256 or 256x192 pixels for dataset 1 and 

6000x4000 pixels for dataset 2. With all of the images in these datasets, this consistency improves the 

dependability of GLCM analysis.  

Nevertheless, dataset_3 exhibits a significant range of dimensions, from 2048x1152 to 1280x720 pixels. 

Likewise, dataset_4 and dataset_5 have different resolutions of 213x213 to 960x540 pixels and 

1080x1440 and 1440x1080 pixels, respectively. These variations in image resolutions between datasets 

could lead to unpredictability in GLCM measurements, which could affect texture analysis outcomes.  

The differences in image resolutions found in datasets 3, 4, and 5 may result in inconsistent 

texture feature extraction, which could compromise the precision and dependability of GLCM 

analysis. Furthermore, because the models may find it difficult to generalize across images of 

different resolutions, these inconsistencies could provide problems for machine learning or deep 

learning models trained on these datasets. In order to ensure the robustness and generalizability of 

texture analysis results and ensuing machine learning models in the context of plant disease 

detection, resolutional discrepancies must be addressed. 

3.2. Distribution of GLCM Metrics 

Images are used to generate texture characteristics called GLCM (Gray-Level Co-occurrence 

Matrix) metrics, which show the spatial correlations between pixel intensities. Particularly when 

applied to plant disease image datasets, these metrics can be quite relevant for describing images 

since they capture various facets of texture. The 10 GLCM metrics distribution between the 5 different 

datasets were captured for the purpose of this research and presented in Error! Reference source not 

found. and Error! Reference source not found.. A general summary of these metrics is provided: 

Energy 

Energy represents the total of the GLCM's squared elements. Greater texture complexity or a 

wider range of pixel pairings in the image are indicated by higher energy ratings. It is computed 

using equation (1). 

 ∑ 𝑃 (𝑖, 𝑗)2

𝐾=1

𝑖,𝑗

 (1) 

Where 𝑃 (𝑖, 𝑗) is the (i, j)th entry in GLCM. While images in dataset_2 possess the highest energy 

level, dataset_5 has the lowest energy level (Figure 5). As energy changes proportionately, there is an 

indication of the homogeneity in the image texture. 

Contrast  
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It measures the local variations existing in an image. High contrast values suggest a great 

difference between pixel intensities, hence indicating a more textured surface. It is computed using 

equation (2). 

 ∑|𝑖 − 𝑗|2𝑃(𝑖, 𝑗)

𝐾−1

𝑖,𝑗

 (2) 

Where 𝑃 (𝑖, 𝑗) is the (i, j)th entry in GLCM.  

Contrast distribution presented Error! Reference source not found. (Figure 5) indicates the 

lowest index for dataset_2, while dataset_1 and dataset_5 possess equal and highest levels. A linear 

variation of contrast could be further observed between dataset_3 to dataset_5 in a row. This could 

stand treasured in understanding how contrast-related features change across different datasets, 

potentially impelling the interpretation of plant disease images or the performance of image analysis 

algorithms. 

 

Figure 5. GLCM Metrics: Energy and Contrast. 

Correlation 

It Indicates the linear dependency of gray levels in an image. High correlation values suggest a 

more linear association between pixel pairs. Correlation feature is computer using equation (3)  

 ∑
(𝑖. 𝑗)𝑃(𝑖, 𝑗) − 𝜇𝑥𝜇𝑦

𝜎𝑥𝜎𝑦

𝐾−1

𝑖,𝑗

  (3) 

where 𝜇𝑥,, 𝜇𝑦, 𝜎𝑥 and 𝜎𝑦 are the means and standard deviations of Px and Py 

From the GLCM results distribution (Figure 6), dataset_1 has the lowest correlation while 

dataset_2 and dataset_3 possesses the highest. 

Homogeneity: 

This is an indicator that reflects the closeness of the distribution of elements in the GLCM to the 

GLCM diagonal. High homogeneity highlights the uniformity in the image. It is given using the 

equation (4) below.  
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 ∑
𝑃(𝑖, 𝑗)

(1 + |𝑖 − 𝑗|2)

𝐾−1

𝑖,𝑗=0

  (4) 

Dataset_2 has the highest correlation while dataset_4 shows the lowest (Figure 6).  

 

Figure 6. GLCM Metrics: Correlation and Homogeneity. 

Angular Second Moment (ASM):  

This represents the consistency or smoothness of an image. Higher ASM values indicate a more 

homogeneous texture. ASM is computed using equation (5).  

 ∑ 𝑃𝑖,𝑗
2

𝐾−1

𝑖.𝑗=0

 (5) 

In terms of meaning, energy is somehow similar to ASM. However, dataset_1 and dataset_2 has 

the highest ASM, while dataset_4 and dataset_5 shows the lowest (Figure 7). 

Total Variance: 

This represents the variance of the GLCM as it provides an overall view of the variance in the 

image texture. It's related to texture complexity; higher values indicate more complexity. It is 

computed using equation (6) below. 

∑|𝑖 − 𝜇|2𝑃(𝑖, 𝑗)

𝐾−1

𝑖,𝑗

 (6) 

GLCM distribution results (Figure 7) indicates that dataset_1 and dataset_2 possesses the highest 

and lowest total variance respectively.  
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Figure 7. GLCM Metrics: ASM and Total Variance. 

Maximum Probability: 

This represents the most frequently occurring intensity pair in the image, as in equation (7). 

Higher values of maximum probability indicate a dominant texture pattern within the image sets.  

 𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑃𝑟𝑜𝑏a𝑏𝑖𝑙𝑖𝑡𝑦 = max(𝑃) (7) 

Difference Variance:  

This measures the variance of the differences between adjacent pixel sets. It reveals alterations 

in intensity between neighboring pixels. Equation (8) shows the formula of difference variance. 
𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑉ariance = variance of Px−y (8) 

Joint Entropy:  

This reflects the amount of info or ambiguity present in the image. Higher joint entropy values 

indicate more randomness or less predictability in the image’s texture (Figure 9). 
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Figure 9. Joint entropy and Difference Variance. 

Difference Entropy:  

This reflects the randomness or unpredictability of the differences between adjacent pixel pairs. 

It is computed using equation (9) below.  

Difference Entropy =  ∑ 𝑃𝑥−𝑦(𝑖)

𝐾−1

𝑖=0

log{ Px−y(i)}  (9) 

3.3. Highest-Lowest GLCM Metric’s Scorecard 

Texture analysis for plant disease diagnosis relies heavily on image quality control and dataset 

selection criteria, as seen by the observed differences in GLCM metric scores between datasets. 

Although GLCM metrics were uniform and constant in certain datasets, they varied significantly in 

others, which can affect the validity of texture-based characteristics that were derived from the 

images. To distinguish between the performances of individual datasets, with regards to being the 

highest or lowest per metrics generated, the scorecard presented in Error! Reference source not 

found. was developed.  

The dataset_3 images include high-resolution variations spanning from 2048x1152 to 1280x720 

pixels, indicating that image resolution may have an impact on texture analysis results. While lower 

resolution images may result in information loss and poorer texture differentiation, higher resolution 

pictures may capture finer texture features, leading to more nuanced GLCM measurements. 

Table 3. GLCM Metric's scorecard. 

GLCM Metrics Highest in GLCM Metrics (dataset_x) Lowest in GLCM Metrics 

(dataset_x) 

1 2 3 4 5 1 2 3 4 5 

Energy 
 

X 
       

X 

Contrast X 
   

X 
 

X 
   

Correlation 
 

X 
   

X 
    

Homogeneity 
 

X 
   

X 
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Angular_Second_Momen

t 

X X 
      

X X 

Total_Variance 
    

X 
 

X 
   

Maximum_Probability X 
       

X 
 

Joint_Entropy 
    

X 
 

X 
   

Difference_Variance 
   

X 
 

X 
   

X 

Difference_Entropy 
    

X 
 

X 
   

Sum of scores 3 4 0 1 4 3 4 0 2 3 

Dataset_2 and dataset_5 scored the highest overall performance while dataset_2 showed the 

lowest overall scores per GLCM metrics.  

Differences in image acquisition settings, environmental factors, and disease severity may be the 

cause of variations in GLCM metrics such as energy, contrast, and homogeneity between the 

respective datasets. For example, texture properties in images from lab-based datasets 1 and 2 might 

be more consistent because the images were taken under controlled conditions, while field-based 

datasets 3, 4, and 5 (referring to Error! Reference source not found.) presents more variability because 

of natural variations in plant physiology and environmental factors. This in turn calls for the need to 

conduct a more comprehensive analysis into the reasons why field-based datasets are lower in GLCM 

metrics score and whether this has an impact on machine/deep learning applications.  

The observed discrepancies in GLCM measure scores among datasets bear significant 

consequences for the robustness and generalizability of machine learning and deep learning models 

that are trained on these datasets. When compared to models trained on datasets with significant 

variability in texture qualities, models trained on datasets with consistent GLCM metrics might 

perform better and be more generalizable. The capacity of the model to identify discriminative 

patterns linked to various disease classes may be hampered by bias and noise introduced into the 

feature space by inconsistent GLCM metrics between datasets. In practical applications, this can 

result in less-than-ideal performance and decreased dependability, especially when used in varied 

and ever-changing agricultural settings. 

3.4. Correlation Matrix of GLCM Metrics  

To ascertain the relationships between individual GLCM metrics of these datasets, a correlation 

matrix was generated and presented as a heatmap for easy visualization (Figure 10). The GLCM 

metrics were ordered in the following series: Energy (1), Contrast (2), Correlation (3), Homogeneity 

(4), Angular Second Moment (5), Total Variance (6), Maximum Probability (7), Joint Entropy (8), 

Difference Variance (9) and Difference Entropy (10) respectively. 
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Figure 10. Correlation Matrix of the derived GLCM Metrics. 

With the use of the correlation matrix, the link between variables by calculating values between 

-1 and 1 can be ascertained. Prior to developing any machine learning model, most data scientists 

believe that this is a decisive step to do as it helps determine which variables are most relevant for 

their model. 

Strongly correlated metrics appeared darker in color. Results suggested pairwise correlation 

between the following metrics: 

1) Strong Correlations:  

• Energy and Angular Second Moment 

Higher values of Energy are generally correlated with higher values of Angular Second Moment, 

according to a strong positive correlation observed. In accordance with this, images with more 

uniform pixel values also tend to be more homogeneous. This has the potential of helping machine 

learning algorithms to identify patterns or homogeneity in textures. Moreover, understanding this 

correlation is key for feature selection in image processing. Consequently, supposing either of the 

two metrics is highly representative, using both may not provide additional information. 

• Energy and Maximum Probability 

The maximum probability of pixel pairs tends to grow as the uniformity (Energy) of the image 

increases, due to a strong association observed. This indicates that more uniform plant disease images 

are likely to have a pixel pair that occurs more regularly than others. For machine learning and deep 

learning applications, this could impact tasks where the existence of specific pixel pairs is essential, 

such as in identifying unique texture patterns in certain diseases. 

• Maximum Probability and Angular Second Moment 

There appears to be a considerable association between the likelihood of a certain pixel pair 

recurring frequently and the homogeneity of the image. This could mean that certain patterns or 

textures appear frequently and consistently across the image. For applications requiring a given 

texture pattern to occur frequently and to be uniform, such as diagnosing diseases based on recurring 

patterns will be worthwhile. 

• Joint Entropy and Difference Entropy  
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A substantial positive correlation suggests that that as the information content (Joint Entropy) 

of an image increases, the randomness in intensity differences (Difference Entropy) also increases. 

More information-rich images may show a wider range of intensity variations. More information-

rich images may show a wider range of intensity variations. This implies that the information content 

(Joint Entropy) of an image is related to the distribution of pixel intensities (Maximum Probability) 

classified within itself. Images with different distributions of pixel intensity could have more entropy. 

In terms of deep learning, this is cherishable for tasks where understanding both the randomness in 

intensity differences and the overall information content is decisive, e.g., in tasks requiring diverse 

texture patterns. 

2) Moderate Correlations:  

• Contrast and Joint Entropy 

According to a reasonable correlation between Joint Entropy and Contrast, there tends to be a 

corresponding increase in the intensity difference between adjacent pixels (Contrast) as the 

individual plant disease image's information content rises (greater Joint Entropy). This correlation 

further implies that images with higher entropy (more varied pixel pair intensities) also seem to have 

more noticeable contrasts in intensity between neighboring pixels. 

This correlation may be useful for activities where it is important to comprehend both the overall 

information content and the fluctuations in local intensity. For example, it could be helpful to capture 

different texture patterns at the global and local levels in disease identification.  

• Contrast and Difference Entropy 

A moderate link has been found between Difference Entropy and Contrast, indicating that a rise 

in the unpredictability of intensity differences between pixels (higher Difference Entropy) is 

accompanied by an increase in the intensity difference between a pixel and its neighbors (Contrast). 

According to this correlation, images with more diverse intensity differences between individual 

pixels also typically exhibit more pronounced intensity differences between neighboring pixels. 

The Effect on Machine Learning/Deep Learning Applications could be linked to tasks where it 

is necessary to capture both the local changes in intensity and the global randomness in intensity 

differences. This correlation may aid in the identification of various texture patterns with unique local 

properties in the context of plant disease image analysis. 

• Correlation and Homogeneity 

A moderately positive correlation between these measures indicates that there is a tendency for 

stronger correlation to be associated with higher homogeneity. This possibly will suggest, in the 

context of machine/deep learning, that textures with more homogeneity (homogeneity) shows a 

relationship with higher correlations between pixel values at various spatial distances, thus 

signifying a texture that is more predictable. 

3) Weak Correlations 

• Difference Entropy and Difference Variance 

The low correlation seen between these metrics may suggest that the information contained in 

these differences (Difference Entropy) is not highly correlated with fluctuations in pixel differences 

across spatial distances (Difference Variance). This could imply, in terms of machine learning, that 

although pixel disparities vary, they may not significantly add to the image's data content.  

4) Inverse Correlation 

• Joint Entropy and Homogeneity 
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The negative correlation suggests that homogeneity and entropy are inversely proportional. 

That is to say as homogeneity seems to drop as Joint Entropy rises. This could imply that images tend 

to be less homogeneous when their entropy is larger. This may suggest that images with a wider 

range of pixel intensities have less homogeneity in machine learning. 

5) Kruskal-Wallis test of Variance 

To find out whether there are statistically significant differences between the GLCM metrics, 

Kruskal-Wallis test for non-parametric data was utilized. This is due to the violation of the datasets 

to ANOVA assumptions, including normality of data and its hypotheses, as insights from the 

presented distribution of the parameters across the datasets portrays. In this case a statistical 

significance is indicated by a p-value less than 0.0001. Given the size of the datasets, the p-value is 

determined to be estimated rather than exact. Moreover, the shown multiple stars signify much more 

of the said significance. It's true that there is a significant difference (P < 0.05) in the medians, as well, 

between the 10 GLCM metrics. Kress-Wallis Statistic value estimated as 619192 is given herein as the 

determined test statistic value. 

In light of the findings as summarized in Error! Reference source not found., machine/deep 

learning applications could be impacted owing to the significant differences in GLCM metrics across 

plant disease datasets, through the feature relevance of these metrics might be decisive in 

distinguishing plant diseases. Integrating these metrics through advanced modellings could 

significantly impact classification accuracy. Also, tailoring the deep learning or machine learning 

algorithms, as the case may be, to accommodate these differences has the potential to enhance their 

performance. Such algorithms could adapt their weights or learning rates based on the dataset's 

specific characteristics shown by its GLCM metrics. Nevertheless, it’ll be crucial to understand which 

metrics vary significantly alongside the individual correlations between them. This will viable help 

allow targeted training through a fine-tuning style or separate training for each dataset, hence 

optimizing their analytical power for specific diseases. 

Table 4. Kruskal-Wallis test. 

Table Analyzed GLCW 10 parameters 

Kruskal-Wallis test  

P value <0.0001 

Exact or approximate P value? Approximate 

P value summary **** 

Do the medians vary signif. (P < 0.05)? Yes 

Number of groups 10 

Kruskal-Wallis statistic 619192 

Data summary  

Number of treatments (columns) 10 

Number of values (total) 637010 

Furthermore, metrics showing substantial unevenness or variations might correlate with disease 

severity. The severity of plant diseases based on image features will potentially help in accurately 

assessing these variations if properly leveraged. This could be true for enhancing the robustness of 

future machine learning and deep learning model’s robustness thus a better handle diverse 

conditions and variations observed in different diseases. 

3.5. Deep Learning Model’s Development and Analysis 

To maximize performance, the model was trained through a number of epochs (10) kept fixed 

for the whole datasets. The training dataset is traversed entirely in each epoch, and the model's 
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parameters are updated using mini-batches of data throughout each iteration. To guarantee the best 

results, hyperparameters including learning rate, batch size, and regularization strategies were 

carefully adjusted (Figure 12).  

As it is known, the input data size significantly affects the model performance. Like other 

hyperparameters, the number of inputs should be the same for all data sets in order to make a fair 

evaluation. For this purpose, the class with the lowest number of samples was determined after all 

data sets were converted into separate image data stores with a Matlab code. Accordingly, the 

subclass labeled "Leamon (P10)_deseased" of dataset D2 has the lowest number of image samples (77 

images). Using this threshold value, 77 images were randomly selected from the subclasses of each 

dataset to obtain the final image datastores. Then, 80% of the data was randomly allocated for training 

and the remaining 20% for testing. The stages of preparing the datasets are shown in Figure 11. 

Results obtained from the deep learning training are presented in Error! Reference source not found. 

The average accuracy, precision, recall, and F1-score measures show differences in the deep learning 

models' performance across the five datasets (D1–D5). 

 

Figure 11. The stages of preparing final datasets with equal class-image numbers. 

TRAIN

darkNet-19

VALIDATION

darkNet-19

D1: Plant Village

* 54.305 images

* 14 plants

* 38 classes

D2: Leaf Images

* 4.503 images

* 12 plants

* 22 classes

D3: RoCoLe

* 1.560 images

* 1 plants (coffee)

* 2 classes

D4: i-cassava

* 9.430 images

* 1 plants (cassava)

* 5 classes

D5: Paddy-Doctor

* 16.225 images

* 1 plants (paddy)

* 13 classes

38 x 77

2.926 images

D1 D2 

22 x 77

1.694 images

D4 D3 D5 

2 x 77

154 images

5 x 77

385 images

13 x 77

1.001 images

80 %

2.356 images

D1-Train D2-Train 

80 %

1.364 images

D4-Train D3-Train D5-Train 

80 %

124 images

80 %

310 images

80 %

860 images

20 %

570 images

D1-Test D2-Test 

20 %

330 images

D4-Test D3-Test D5-Test 

20 %

30 images

20 %

75 images

20 %

141 images
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Figure 12. Training Phase for D1. 

Training on the D1 and D2 datasets, the deep learning model demonstrated highly encouraging 

results on several assessment criteria, averaging 91.22% and 90.6 % average testing accuracy, 

respectively. This suggests that there was a strong agreement between the models’ predictions and 

the ground truth labels for the test samples. The models’ capacity to properly classify diseased and 

healthy plant image samples while limiting false positives and false negatives was demonstrated by 

the average precision, recall, and F1-scores. The models found an effective compromise between 

accurately recognizing unhealthy plants (recall) and minimizing misclassifications (precision), as 

evidenced by the high values of average precisions, recalls, and F1-scores, respectively. Generally, 

when working with imbalanced datasets, the F1-score is very helpful as it provides a thorough 

assessment of the model's overall performance by taking into account both precision and recall 

[21,44]. 

Table 5. Testing Performance Metrics of the datasets in the Deep learning. 

Datasets Av. accuracy Av. precision Av. recall Av. F1-score 

D1 0.9122 0.9141 0.9123 0.9111 

D2 0.9060 0.9116 0.9061 0.9056 

D3 0.6666 0.7329 0.6667 0.6411 

D4 0.5866 0.5885 0.5867 0.5867 

D5 0.5897 0.5996 0.5897 0.5852 

As evidenced by the confusion matrix derived for D1 (Figure 13), a 100% accuracy for 15 out of 

the 38 classes were recorded. The lowest was recorded as 9 accurate predictions thus indicating the 

suitability of both the dataset and model utilized (darkNet19) since it has minimal errors. The average 

accuracy of D1 and D2 being higher than that of D3, D4, and D5, respectively, implies that in terms 

of accurately classifying disease classifications, the models trained on datasets D1 and D2 performed 

better overall. 
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Figure 13. Confusion Matrix of D1. 

The models trained on the D3, D4, and D5 datasets have difficulty with classification tasks, as 

evidenced by the decrease in accuracy scores found for these datasets. This could be because of 

inadequate representation of disease classes or perhaps the noise. 

Additionally, D1 and D2 have greater average precision values than D3, D4, and D5, suggesting 

that fewer false positives (misclassifications) occurred in the models trained on these datasets. As 

evidenced by the confusion matrix derived for D2 (Figure 14), a 100% accuracy for 7 out of the 22 

classes were noted. The lowest was recorded as 11 accurate predictions leaving 4 classes inaccurate, 

hence indicating the suitability and quality of the dataset for plant disease detections. The reduced 

precision values for D3, D4, and D5 point to an increased likelihood of false positives in the 

predictions, which caused much of the disease classes to be incorrectly identified (Figures 15–17) 

indicted high accuracy in classifying the “disease” class while low performance in the case of 

“healthy” class. This made it clear that low number of classes in dataset is significant in its accuracy 

for deep learning applications. 
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Figure 14. Confusion Matrix for D2. 

 

Figure 15. Confusion Matrix for D3. 
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Figure 16. Confusion Matrix D4. 

 

Figure 17. Confusion Matrix D5. 

Comparing models trained on D3, D4, and D5 to those trained on D1 and D2, the former show 

greater average recall values, suggesting fewer false negatives (missed detections). The lower recall 

scores for D3, D4, and D5 indicate a higher proportion of false negatives, implying that the models 

may have failed to identify incidences of disease classes in the dataset. 

The average F1-scores, which incorporate recall and precision, are greater for D1 and D2. This 

shows that the models trained on these datasets have a superior balance between precision and recall. 

The F1-score, in particular, suggests a good trade-off between precision and recall, is considered so 

essential for accurate disease detection [44]. It is possible that the class imbalances across these 

datasets are to blame for the lower F1-scores for D3, D4, and D5, which show a less than ideal balance 

between precision and recall.  

4. Conclusion 
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In conclusion, this study explored the complex terrain of GLCM (Gray-Level Co-occurrence 

Matrix) metric changes in various plant disease datasets and have concluded with a thorough 

investigation of their implications for deep learning applications in plant disease diagnosis. To shed 

light on the textural variations present, GLCM metrics were initially generated by carefully compiling 

a collection of plant images from five different disease datasets. Afterwards, a number of meticulous 

statistical analyses were carried out to identify trends and variances in GLCM measures between the 

datasets, providing the foundation for wise choices in later phases of this research. Specifically, these 

analyses, were used to assign scores to the datasets according on how well they performed on the 

GLCM measure, creating a quantitative standard for evaluating the quality of datasets. 

Within the field of deep learning model building, our methodology stands out by a careful 

synchronization with the understandings obtained from the GLCM analyses. Using the DarkNet19 

architecture, each dataset was subjected to rigorous model training, with particular attention 

dedicated to validation and hyperparameter tuning. The trained models were thoroughly evaluated 

using performance indicators as benchmarks for the models' ability to identify plant diseases. 

Most importantly, our results revealed a strong convergence between deep learning model 

performance and dataset quality as measured by GLCM measures. Of all the datasets analyzed, 

dataset_2 (D2) was identified as the best as it had the highest GLCM scores and the best model 

performance metrics. This correspondence highlights how important dataset properties are, 

especially texture-based features that are captured by GLCM metrics, on the efficacy of deep learning 

models in plant disease detection. Significantly, this study emphasizes how important it is to have a 

discriminating criterion when choosing datasets for deep learning applications in plant disease 

detection in the future. The study further emphasizes the need for a comprehensive approach to 

dataset curation by comparing dataset quality indicators obtained from GLCM analysis with the 

results of subsequent deep learning model training. To assure dataset compatibility and improve a 

model’s performance, this means going beyond conventional visual characteristics and including 

texture-based descriptors like GLCM metrics. 

Overall, this work provides important new understandings of the complex interactions among 

dataset properties, GLCM measures, and deep learning model performance in plant disease 

identification. By promoting a thorough and discriminating approach to dataset selection, a door is 

hereby opened to better decision-making and increased effectiveness in future deep learning 

applications, pushing the boundaries of agricultural research and supporting initiatives for 

sustainable food production and global food security. 

5. Recommendations and Future Works 

1. Reference to the GLCM Metrics distribution across the datasets, the results emphasize how 

crucial it is to carry out a more thorough investigation in order to comprehend the fundamental 

causes of the variations in GLCM metric scores between datasets that are field- and lab-based. 

The possible effects of these variations on the effectiveness of deep learning or machine learning 

applications in the identification of plant diseases are also called into question. To improve 

texture analysis techniques' resilience and dependability as well as their use in practical 

situations, these issues might need to be resolved. 

2. Owing to the limitations of this study in terms of generalization, the findings may be constrained 

by the specific plant disease datasets and deep learning methodologies employed. Generalizing 

the results to broader contexts, diverse plant classes or other datasets deserves caution and 

further authentication. 

3. Deep learning models trained in this work may not be as robust or as generalizable due to the 

inherent biases and constraints of the chosen plant disease datasets, which include differences 

in image quality, disease severity, and class diversity. Acquiring datasets on plant diseases from 

multiple sources and repositories in order to encompass a wider range of plant species, diseases, 

and environmental factors will be great development. Furthermore, to maintain consistency and 

comparability across various datasets, standardizing the procedures for acquiring such images, 

annotating them, and curating the data is recommended. This entails developing standards for 

camera settings, illumination, image resolution, and disease severity rating. 
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4. The incorporation of multispectral imaging techniques may allow for the acquisition of spectral 

information beyond the visible spectrum, thereby improving disease detection capacities and 

resilience to environmental variability. 

5. Future research could investigate the integration of other texture descriptors, such as Gabor 

filters or Local Binary Patterns (LBP), in addition to the GLCM metrics that were the focus of our 

study on texture analysis. This multi-modal method could lead to improved model performance 

by offering a more thorough analysis of texture features in plant disease images. 

6. Improving model generalizability and guaranteeing dependable performance across various 

imaging conditions and illness scenarios require addressing dataset biases and variability in 

texture features. To improve the accuracy and dependability of automated plant disease 

detection systems, future research should concentrate on creating strong feature extraction 

techniques and model architectures that can adjust to changes in textural characteristics and 

environmental factors. 
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