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Abstract—In this work, a coal image classification 

technique using a custom CNN architecture and transfer 

learning models (ResNet50 and VGG16) is presented to 

increase accuracy and robustness of coal recognition. 

The proposed pipeline consists of preprocessing, 

resizing, normalization, augmentation, and per-class 

evaluation to handle the texture, lighting, and 

background variation problems. The automatic 

extraction of discriminative visual features of coal 

images and classification into specific classes differs from 

traditional manual inspection of coal images. This 

experiment aims to compare the performance of three 

models under the same training and validation 

conditions in order to find out which one is the most 

suitable. Accuracy, F1-score, confusion matrix, and 

explainability using Grad-CAM are selected as criteria 

for performance evaluation. The methodology can be 

further developed for industrial application in coal 

sorting and inspection. 

 

Index Terms—Coal categorization, deep learning, CNN, 

transfer learning, ResNet50, VGG16, image 

preprocessing 

 

I. INTRODUCTION 

 

Coal remains among the most utilized fossil fuels for 

generation of energy, metallurgy processes, cement 

production and other industrial applications. While the 

global energy market is shifting towards utilization of 

clean energy, coal is still being used as an energy 

source for industrial and electricity needs in many 

countries. The properties and quality of the coal have 

a direct effect on the burning efficiency, calorific 

value, ash formation, emissions and burning process. 

Therefore, proper classification of the coal is 

necessary for coal handling, sorting, quality testing 

and decision-making in the industry. Coal is a complex 

material in terms of its physical and chemical 

properties, texture, reflectivity, moisture and mineral 

content. Coal differs greatly in appearance and 

structure, depending on the kind of coal. Some 

common examples of coal include anthracite, 

bituminous coal and lignite coal, each having its own 

appearance and structure. However, this variety may 

not be noticeable through conventional methods, 

particularly when the lighting is poor, dusty, particle 

shapes are irregular or there is background noise. The 

traditional methodologies used for coal classification 

are mostly based on visual inspection and/or 

laboratory analysis. Laboratory methods provide 

precise results but are time-consuming and costly, and 

they are not applicable in situations that require instant 

results. On the other hand, manual inspection is quite 

subjective, depending on operator experience, 

environment, and load. This has led to the urgent 

requirement of a reliable automatic and accurate coal 

classification system that can cope with large numbers 

of coals. The application of computer vision and deep 

learning has been highly effective in recent times for 

the purposes of image recognition, object detection, 

defect detection, and industrial quality control. 

Convolutional Neural Network (CNN) is one of the 

most effective models for deep learning, which 

automatically learns spatial and hierarchical features 

from images.  
 

CNN is one of the most effective image classifiers 

compared to conventional machine learning methods, 

which depend on manually engineered features. These 

learned features can be used for differentiating 

between classes of coal based on the surface 

roughness, grains’ distribution, brightness variation, 

etc. CNN models trained from scratch will be highly 

sensitive to requirements for generalization 

performance which, in turn, are tightly connected with 
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the number, balance, and diversity of the training sets. 

In case of applying machine learning algorithms to 

problems like classification of coal images, the 

problem with the data set size might be present (it 

could either be small or impossible to achieve balance 

within the set). This will lead to overfitting, improper 

convergence and, as a result, low classification 

accuracy especially when we talk about minority 

classes. One of the good solutions to this issue is 

transfer learning which will allow using knowledge 

gained from large image databases. The pre-trained 

networks like ResNet50 and VGG16 can be adapted to 

coal classification by leaving their feature extraction 

network and adjusting only the final classification 

network according to coal classes.  

A customized CNN architecture is presented in this 

current study as the coal classification model and two 

transfer learning architectures will be applied: 

ResNet50 and VGG16. The aim is to conduct a 

comparison between the performance of the task-

specific CNN model and pretrained models in the 

same preprocessing, training, and validation dataset. 

The proposed pipeline is as follows: resizing of 

images, normalization, augmentation, and evaluation 

of the images according to the classes. The underlying 

reason is that the coal images need to be preprocessed 

in the following manner because they may contain 

different scales, lighting, orientation, texture, and 

background. Data augmentation can also be conducted 

to enhance the robustness of the model by generating 

more image variations during training. In this paper, 

the evaluation of the model is not restricted to its 

performance in terms of accuracy alone. In addition, 

consideration is given to evaluation measures such as 

F1 Score and confusion matrix because of the 

possibility of misinformation due to class imbalance. 

The metrics provide an understanding of how the 

classes are being classified and the accuracy of the 

models. Furthermore, methods such as Gradient-

weighted Class Activation Mapping are used for 

visualizing regions of the image that influence model 

decisions. This is particularly important when 

applying the solution in an industrial setting because it 

increases trust in the accuracy of automation systems. 

The key finding of this study is the creation of a 

repeatable and scalable deep learning-based coal 

image classification model. The study also evaluates 

the performance of a custom CNN against transfer 

learning models, giving insightful information 

regarding the appropriateness of particular 

architectures to coal recognition tasks. Intelligent coal 

sorting, inspection and quality control system can be 

implemented by the proposed method, which can 

reduce the manual operation and increase the 

uniformity of the decision-making. In summary, the 

use of deep learning and transfer learning in the field 

of coal classification, in an explainable, robust, and 

accurate way, for the industrial analysis of materials is 

shown to be a very promising approach. 

 

II. LITERATURE REVIEW 

 

Coal is still considered one of the main fossil fuels in 

terms of production of energy and metallurgical 

processes, as well as for various industrial applications 

[1]. In reality, coal is not homogeneous, rather it 

consists of different types of coals, which vary by 

color, texture, reflectivity, moisture content, and 

structural features [2]. The differences are critical in 

the sense that they influence the characteristics of 

combustion, calorific value, and efficiency of the 

processes. Therefore, the classification of such 

resources becomes an essential component of the 

handling [3], processing, and decision making 

concerning the reliable coal. Traditionally, such 

classification is done via visual inspection, which is 

manual, and/or laboratory examination. Such 

approaches tend to be time-consuming, labor-

intensive and error-prone and can be effective in the 

controlled environment [4]. However, such 

approaches become inefficient in cases when there is 

a need to classify large amounts of coal images or 

conduct real-time inspections [5].  

This has led to the generation of interest in automated 

image-based classification systems capable of 

performing the same work within a shorter period, and 

in a more uniform fashion. Deep learning 

developments have led to a complete transformation 

of image classification in the fields of science and 

industry. Image classification has become quite 

efficient in many fields of science and industry in 

recent times owing to deep learning. CNN is quite 

suitable for the purpose as it can learn hierarchical 

features from image data directly without the need to 

design features by oneself. For example, considering 

coal images, CNN is able to learn edges, grain 

structures [6], texture variations etc., which are 

important discriminative surface features. But, 
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however, for a small or unbalanced dataset, which is 

common in a specialized image classification task, a 

custom CNN will not do the job properly. In this case, 

transfer learning is useful. Pre-trained model such as 

ResNet50 and VGG16 will be able to use these highly 

efficient feature extractors that were trained on big 

datasets and transfer the knowledge to the dataset 

related to the coal images. It can result in better 

convergence, stability and generalization. In this 

paper, a novel coal classification model that 

incorporates three approaches to the learning – custom 

CNN, transfer learning from ResNet50 and transfer 

learning from VGG16 – has been introduced [7]. The 

objective of this approach is to properly classify the 

coal images as well as to compare the performance of 

different models under the same preprocessing and 

evaluation criteria [8]. Another feature of this study 

that needs to be mentioned is robustness. There is 

some variance in lighting conditions, image quality, 

background noise, and class imbalance in the case of 

coal datasets [9].  

Care should be exercised during the preprocessing 

stage so as to avoid overfitting of the model to the most 

common classes and poor performance in rare classes. 

To solve this problem, resizing, normalization, data 

augmentation, and contrast enhancement (where 

applicable) have been adopted in the process [10]. The 

other key aspect of this is evaluation. Although some 

papers measure accuracy alone, the problem with this 

measure is that in case of an unbalanced class the 

accuracy becomes meaningless [11]. The reason for 

this is that even though a classifier can be very 

accurate in predicting the majority class, it might not 

be very accurate for the minority classes. Therefore, in 

the proposed study, the following set of metrics will 

be employed, namely F1 Score, Confusion Matrix [12] 

and the visual inspection of the explainability. In 

addition to the above, the paper discusses a more 

methodological topic: whether to optimize or 

construct a given CNN and whether to apply transfer 

learning or not [13]. This comparison raises the 

scientific value of the paper through the connection 

between the architecture of the model and the results 

obtained during the performance and interpretability 

analysis. The automatic classification of coal has 

practical importance for such processes as 

sorting and inspections and quality assessment of 

energy-related products [14]. It would be possible for 

operators to make more consistent and faster decisions 

with the help of the technique without additional 

manual labor. This is one more case showing how 

computer vision is used to solve traditional problems 

of materials analysis.  The proposed approach is 

important not only because it is an example of 

classification task [15] but also because it is an 

example of using deep learning for the optimization of 

industrial process. 

 

III. SYSTEM METHOD 

 

The model system is built to be a full image 

classification system beginning from coal images as 

the input and ending in coal class labels as the output 

illustrated in Fig.1. An image vector of the coal using 

RGB color format is acquired from the dataset and 

rescaled to a fixed input dimension to ensure the same 

input format for all samples. Once rescaled, the image 

is then normalized, augmented and enhanced with 

contrast enhancement (like CLAHE) if necessary. This 

process is crucial because the coal images may vary in 

brightness, visibility of textures, and background 

quality. The system has the ability to remove noise 

from the image by pre-processing of the input images 

ensuring stability of the learning process. Then, the 

normalized image is forwarded to the classification 

branch of one of the three branches in the model 

comparison framework. 
 

 
 

The first branch consists of the custom CNN model, 

which is constructed from a sequence of CNN, max-

pooling, and classification layers. These models learn 

coal texture and surface patterns. This branch may be 

used as the base line since it does not rely on any other 

features than the features extracted from the coal. The 

second branch is based on the pre-trained deep 

ResNet50 model, which has residual connections. 

These connections allow for smoother gradient flow, 
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which makes training deeper neural networks easier 

for image recognition. One more pre-trained model 

used as one of the transfer learning branches is 

VGG16. This model uses a stack of small convolution 

filters to extract fine details of the visual information. 

In both transfer learning branches, the feature 

extractors are learned, and the output layers are 

retrained to coal classes in the coal data set. Every 

branch is followed by a softmax output layer giving 

probability distribution of coal categories.  

The selection of the class happens through selecting 

the class with the highest softmax probability. It is an 

output probability that is valuable since it gives both 

the class prediction and the degree of confidence about 

the class prediction. The comparative architecture also 

provides flexibility in the system. It makes it possible 

for the researcher to determine whether the simple 

CNN developed is sufficient or there are other pre-

trained models that perform better using the same data. 

Additionally, one can apply the explainability methods 

such as Grad-CAM and SHAP that can be applied after 

prediction and make visualization of regions and 

features used for decision making. This can be very 

valuable for coal analysis when texture, grain 

boundaries and surface irregularities become the most 

reliable criteria. 

The system model is thus divided into three successive 

stages: a preprocessing stage, a feature learning stage 

and a classification stage. Preprocessing ensures the 

quality and consistency in the data, feature learning 

extracts meaningful representations from the data, and 

classification transforms these representations into 

coal type predictions. The comparison is meaningful 

and fair as it is based on the same input pipeline. The 

model structure also ensures that the system is 

reproducible; another researcher can reproduce the 

process with the same preprocessing steps and 

network structure. The system could be embedded into 

a larger industrial inspection system that automatically 

takes, analyses and classifies images of coal. Hence, 

the system model is not only a methodical framework 

but also a conceptual design that is ready for 

deployment for the classification of coal images. 

 

IV. METHODLOGY WORKFLOW 

 

The adopted approach for work includes a process of 

steps starting from data set preparation up to the model 

evaluation and interpretation which is shown in Fig.2. 

The very first step is the data set collection which will 

be then loaded into the training environment. After 

that the data set is loaded and organized in the folder 

per class in order for the image generator to access the 

data set properly. Once the data set is loaded, it should 

be split into the training and validation sets. It is 

required because model parameters are trained using 

the training set, while generalization ability of the 

model is evaluated on the validation set. In case of 

unbalanced classes, 

the augmentation process is performed.  
 

 
 

Preprocessing is done after the dataset split. All 

images are resized to 224×224 pixels, which is the size 

expected by the CNN and pre-trained models. The 

values of the pixels are normalized for increased 

learning stability and speed. Sometimes, contrast 

enhancement is added in order to make the patterns 

and textures visible.  

During training, other transformations such as 

flipping, rotation, shifting and magnification are used 

to increase the variation and make the classifier robust. 

Preprocessing is followed by training of the custom 

CNN, ResNet50 and VGG16 models. The custom 

CNN is trained from scratch, while the pre-trained 

models are trained using transfer learning - the base 

feature extraction is frozen and only the classification 

head is trained. This is the combination which allows 

making a simple comparison between learning 

specific for the task and the use of pre-trained features. 

The training is done using optimizer Adam with 

appropriate multiclass loss (such as categorical cross- 
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entropy). The accuracy and loss with respect to the 

number of epochs are utilized to keep track of the 

training process.  

Every single model would generate predictions based 

on the validation dataset post-training. These 

predictions would be converted into class labels along 

with probability scores for evaluation purposes. The 

evaluation stage is not limited to a mere accuracy 

output only. Validation accuracy, F1 score, confusion 

matrix and class wise performance would be used 

during the evaluation stage as well. Such metrics could 

provide information on the accuracy rate as well as the 

ability to separate classes in case of imbalance. 

The last stage of the workflow is the interpretation. 

Having the ability to interpret ability techniques like 

SHAP and Grad-CAM can help one to determine 

image regions influencing the model&#39; s 

prediction. It helps since, when considering deep 

learning models, they are perceived to be “black 

boxes,” and therefore interpretation in the visual field 

helps to increase trust and scientific transparency.  

The methodology shows attention regions for each 

model, making it possible to compare their 

performance. Therefore, the workflow is completed 

since it comprises input data preparation, learning, 

inference, evaluation, and explanation. This is a step-

by-step approach and hence the framework will be 

suitable for a conference paper presentation through a 

methodology flowchart. 

 

V. RESULTS AND DISCUSSION 

 

The result section presents a comparative analysis of 

the proposed coal classification models using visual 

performance indicators. In each graph there is one 

specific aspect of the model performance, such as 

accuracy, class distribution, feature dependence and 

consistency of predictions.  

 

The values shown in the graphs can be used as a good 

benchmark for selecting the best model architecture. 

Comparison of validation accuracy of the custom 

CNN, ResNet50 and VGG16 is depicted in Fig. 3. 

Accuracy of classification by the respective model in 

terms of validation data is significant since it 

represents the sum of all other graphs. In general, for 

most images’ classification problems, pre-trained 

models such as ResNet50 and VGG16 tend to be more 

successful in terms of validation accuracy than a 

custom CNN since they come with a higher-level 

representation of features and are pre-trained on a 

huge dataset. It means that the transfer learning models 

are more successful than the custom CNN which 

implies that knowledge transfer from the pre-trained 

network helps the network to identify the coal texture 

and structure better. Being competitive, the custom 

CNN implies that the coal data set has distinctive 

visual patterns for the respective task that can be 

learned directly. This graph is useful to make an initial 

level comparison but should be treated as just one 

measure of success since accuracy measures success 

in terms of learning all coal classes equally well. In 

case of an unbalanced data set, a model may appear to 

be very good because of the results of the majority 

class. Therefore, the graph of accuracy needs to be 

considered in combination with other measures. 
 

 
 

Figure 4 shows the comparison of F1-score. While 

accuracy cannot combine precision and recall, F1 

score is capable of doing this and hence gives us a 

better understanding of the model performance. This 

is especially true if not all classes of coal have the 

same amount of data. The higher the F1 score, the 

more accurate the prediction and the fewer the number 

of false positive and false negative values. This is 

especially critical in real life where the classification 

system not only needs to correctly classify the 
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majority of classes but also needs to accurately 

classify the minority class. If the F1 score of ResNet50 

or VGG16 is higher than that of the custom CNN, then 

this clearly demonstrates that transfer learning helps to 

increase the learning ability for discriminative features 

especially of smaller classes. However, if there are any 

deviations in F1-score values, the possible weak sides 

can be traced through the chart and may relate to 

imbalance that cannot be identified solely on the basis 

of accuracy values. This way, F1-score is one of the 

most informative charts for the whole study since it 

helps to understand the validity of the model within 

classes. Moreover, this score makes the comparison of 

the three models equal. 
 

 
 

In Fig. 5, we compare the mean and the standard 

deviation of the entropy of the Grad-CAM maps for 

VGG16 and MobileNetV2 in various images. A larger 

Entropy value will produce a map which will be more 

spread out and further from any form of concentration, 

while smaller Entropy values will lead to a more 

concentrated area, which is more “sure” about what 

area it highlights in the heatmap. The average entropy 

of VGG16 is larger than the one for MobileNetV2, 

meaning that VGG16 is spreading its attention over a 

larger part of the image than MobileNetV2. 

MobileNetV2 has a lesser level of entropy, which 

means that the highlights of Grad-CAM are sparser 

and more compact. We see that the error bars show 

that VGG16 also displays more consistency when it 

comes to attention on images, whereas there is more 

variability in the case of MobileNetV2. This means 

that when it comes to the processing of coal images, 

the VGG16 network can extract more texture 

information, while MobileNetV2 extracts more 

discriminative information in smaller areas. 

 
 

The best performing model is shown in the confusion 

matrix in Fig. 6 below. This plot shows class-wise 

information and clearly shows the position of correctly 

predicted data and the regions where the classifier 

incorrectly predicts one kind of coal with another one. 

The cells in the diagonal represent the correct 

predictions and those off-diagonal show 

misclassifications. A good confusion matrix will 

always have dominant diagonal structure. The 

confusion matrix directly tells the weakness regions in 

case of presence of minority classes which are 

misclassified. This is one of the most informative plots 

in classification because it tells if there is a balance 

among all the classes or the classification model is 

biased towards the dominant classes. Class imbalance 

problem occurs in cases where there is poor 

recognition of the minority class and the confusion 

matrix is often able to give an answer to such problems 

especially in cases of few samples. The confusion 

matrix can also be used to find out why the F1-score 

of a class is not satisfactory while the overall accuracy 

of the classifier is. 

 

VI. CONCLUSION 

 

In this research, the coal classification process was 

formulated using a fully customized CNN along with 

the transfer learning architectures such as ResNet50 

and VGG16. The pipeline consisted of stages such as 

data preparation, preprocessing, model training and 

testing, and explainability analysis, and the study 

showed the process to be suitable for both academia 

and industry. 
 

The comparative analysis of these two types of models 

indicated that the pretrained model could be used to 

extract more information about the features, and the 

customized CNN architecture is considered as a 

baseline to learn task-specific features. Based on the 
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accuracy, F1 score, confusion matrix, and class-wise 

performance analysis, it can be said that it is not 

enough to use only one metric to evaluate the 

performance of the model on an imbalanced dataset of 

coals. Grad-CAM was utilized as an explainability 

method for this purpose. What this means is that it is 

essential that the process of classification of the coal 

be done in an accurate manner. There are various ways 

that this framework can be enhanced through adding 

to the size of the dataset and also other light-weighted 

architectures. In summary, the research team has 

successfully validated the applicability of deep 

learning in the process of coal classification. 
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