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Abstract. The process of importing coal into industries faces
critical challenges, com- promising efficiency, accuracy, and
quality control. Weight discrepancies often occur between challan-
reported quantities and actual deliveries due to transit losses or
moisture, making inventory management complicated. Even
ensuring coal quality is difficult, as predicting key metrics such as
Gross Calorific Value (GCV) and moisture con- tent is limited.
Sampling practices whereby only a fraction of the trucks is
checked increase the likelihood of undetected quality differences
in the batches that were not tested, hence leading to defective
outputs. In addition, the absence of real-time analytical tools
delays decisions and worsens inefficiencies. An automated
tracking system can thus monitor the coal entry from gate entry to
weighing and sampling stages. Its variance-detection mechanisms
identify weight variance, which, in turn, can prompt further
checks. Machine-learning-based predictive models can work in
real time to generate coal quality metrics such as GCV and
moisture levels. Automation of special sampling alerts provides for
better quality checks of the consignment, minimizes the risk
factors, and streamlines operations.
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1 INTRODUCTION

1.1 Challenges in Sampling and Quality Prediction in

Roadway Coal Transportation Causes and

Solutions
The industrial coal import process is riddled with many challenges
that defeat efficiency and reliability. The discrepancies between
the challan-reported quantities and actual delivered weight, caused
mainly by moisture, transit losses, or intentional misreporting,
complicate inventory management and cost estimation. A
consistent quality of coal in the supply is equally demanding, with
poor predictability of crucial metrics such as GCV and moisture.
This impacts the final outcomes of samples tested at the sampling
lab that eventually leads to conflict in desired output from the raw
material such as variable amount of electricity generated from the
same amount of coal, less burning time of coal as compared to the
same set burnt earlier. [2]
Sampling practices worsen the problem since only a fraction of
trucks, for example, 4— 5 out of 10 from a transporter, are tested in
lots, and the quality of the remaining trucks goes unchecked. This
selective approach increases the chances of accepting low-quality
coal, which compromises the final output. Furthermore, the
delayed decisions that are brought forth due to the lack of the
proper real-time analysis tools cause improper identification of
batches requiring special handling, thus causing inefficient
operations and defective results. Such problems require a simple
yet efficient solution that guarantees precision, robust quality
control, and real-time decision-making in optimizing the
importation process of coal. [3]

When a truck arrives in the plant, gate entry initiates the process.
At this stage, the truck driver will present himself, and by
confirming the eligibility of the vehicle registration, he is allowed
entry into the plant. Once through, the truck heads straight to the
department that the coal is needed. In the gate of that particular
department, the driver will present his order number, which he
registered with the company. The personnel on duty fetches all the
necessary information by inputting the order number into their
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computer. They then physically inspect the vehicle to check for
physical damage, accidents, or even water leakage. If there is any
of these signs, the truck may be rejected. If the truck passes this
test, it moves to the weighbridge to be weighed and then to the
place where it is supposed to offload its load-the coal. [6]

Automated Tracking. The whole delivery of coal is tracked,
starting from gate entry, up to the weighbridge, and then sampling.
Every truck will be tracked with its Order ID or Gate Entry 1D
right from the entry of trucks into the plant till dropping in the
yard. From there, the coal will be moved for quality sampling. It
will provide real- time visibility, increase operational efficiency,
and decrease the possibilities of manual errors because proper
tracking and documentation are provided at every stage.

Weight variance Detection. The system automatically identifies
the difference be- tween the challan quantity and the actual weight
and further analyses it if any discrepancy is found. On the arrival
of the truck, its Order ID is identified, which includes important
information such as the ordered quantity, source of the order, and
allocated transit time. In case of any weight variance, the
responsible people will inspect the truck physically to find out the
possible issues. In case of suspicion, a specific sampling process is
carried out to ensure compliance and quality. This streamlined
process enhances accuracy, reduces fraud, and holds accountable
throughout the delivery process.[7]

Past record verification. For an automobile caught suspicious,
thorough performance review is done about the time delay in its
transit period, GCV variance, moisture variance, and weight
discrepancies. The case usually begins with establishing the day's
de- lay whereby the number of minutes between the truck being
behind time to arrive on the scene is determined. Once that is
confirmed to be positive, then next is doing weight variance
analysis. At the weighbridge, weighing of the entire truck along
with coal quantity plus weight is taken and the same emptiness of
the truck minus is carried for- ward to calculate the real weight of
coal, which can be weighed for comparison with challan
quantities. Further, in case there are discrepancies, more analysis is
done to determine possible reasons. This may include car
tampering or wrong documentation. Such detailed analysis ensures
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proper delivery tracking and maintains the integrity of the supply
chain.

Suspicious Category Analysis and Prediction. The Only if all the
conditions given above are satisfied does a vehicle fall into the
category of suspicious. From that point onwards, we do the
prediction of GCV along with the moisture contents present in the
current delivery. A prediction based on some very important
features is considered.

Transporter's Identity Number. Historical records associated with
the transporter's identity and the current Order ID are analysed,
especially if the transporter has a history of suspicious activity.

Vehicle Number. This is a review of the vehicle's history but to
look for consistent delivery amounts fluctuations and use it in the
current order under the identified trans- porter.

Weight Variation. Variation of the current measured weight with
respect to the Order ID is considered.

Time LAG in Transit. The LAG time minutes associated with the
current order ID has been included within the data analysis.

Given these inputs, the computer makes the GCV as well as the
moisture of the order in question. Anticipated ahead of time
information in regards to the quality of the coal thus facilitates
smooth future sampling and analyses which normally would
require a much-extended time lapse before it materializes.

Then the application displays the predicted amount with an
accuracy of [81.75%] and a risk factor matrix that will help the
operator to take decision of marking the truck for special sampling
easier further reducing manual errors, reducing time constraints,
in- creasing operational efficiency, reducing cost to company.

1.2 The Role of Machine Learning in predicting quality

Machine learning (ML) has a critical role in coal quality
prediction, and one of the key metrics of interest is Gross Calorific
Value (GCV) and moisture content. In this system, a strong

75



76

O. Deota et al.

ensemble-based ML algorithm named Random Forest Regression
is used to analyse delivery data such as transporter records, vehicle
histories, weight variations, and transit delays.[3]

This is well-suited for Random Forest models, as they can easily
deal with non-linear relationships and interactions between
features. Using historical data and features such as transporter
identity, consistency in weight discrepancies of the vehicle, and
time de- lays, the model predicts quality parameters before
sampling is complete.

This approach enhances the efficiency of coal management by
offering real-time in- sights into quality metrics, reducing
dependency on lengthy physical sampling pro- cesses, and
enabling early detection of potential quality issues, thereby
improving operational decision-making and overall supply chain
integrity.

1.3 Coal Quality Monitoring Using Artificial Intelligence (AI)
Artificial Intelligence transforms the coal industry by making
available advanced tech- niques for the monitoring, prediction, and
ensuring quality and performance of coal delivery. Companies can
make tremendous improvements in operational efficiency, quality
assurance, and real-time decision-making using Al models and
data-driven in- sights. Al systems analyse complex patterns of data
related to weight variation, mois- ture levels, calorific value, and
transit delays, which allows the early detection of dis- crepancies
and potential quality issues.[4]

Al Techniques for Coal Quality Monitoring.

Machine Learning Models: Random Forest Regression: Random
Forest Analyses of delivery data: vehicle number, transporter
identity, weight variation, and delays predict key coal quality
metrics - Gross Calorific Value and moisture content, with
accuracies of more than 90% in case of non-linear relationships
and multi-feature dependencies. Use Case: This model predicts
GCV using variability in weight, transporter and records keeping.
Quality assurance is assured in real-time.

Graph-Based Monitoring. Al systems visually represent key
performance indicators KPIs) using advanced graphing tools.
Graphs displaying relationships between GCV, moisture levels,
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weight variations, and transit times provide actionable insights.
Transit Delay and Weight Variation: Helps visualize how delays
impact coal quality.

GCV Predictions and Moisture Content. Indicates trends where
discrepancies in weight correlate with high moisture levels.[8]

Anomaly Detection Algorithms. Support Vector Machines (SVMs)
can be applied for finding patterns in coal delivery data that are
characterized by unexpected weight drops or outlier moisture
levels, thus effectively avoiding fraudulent practices. [8]

Example: Early detection of suspicious transporter behaviour as
evidenced by repeated anomalies in weight variation.

1.4  Coal Quality Prediction Using Machine Learning Models

Machine learning (ML) is a critical tool for prediction of quality of
coal on the basis of diverse data sets like weighbridge records,
sampling data, and logistical delays. ML models are good for
pattern identification and correlation between various features,
such as variations in weight, transit delay, and quality parameters
of GCV and moisture content. The following list includes several
effective models in this domain:

Random Forest (RF). An ensemble learning technique called
Random Forest per- forms an excellent task in processing
structured data from coal samples. It uses decision trees that
predict GCV and moisture content based on the following features:
weight variation, transit delays, and transport identifiers. This
model should be robust against overfitting, suitable for the
complexity of the relationships in coal data.

Multi Output Regressor (MOR). This model wraps around
regressors like Random Forest in order to handle multi-target
predictions simultaneously, such as predicting GCV and moisture
simultaneously. It ensures consistent predictions across interde-
pendent quality metrics and improves overall accuracy.

Gradient Boosting Machines (GBMs). More accurate models, such
as XGBoost, LightGBM and CatBoost, are used for coal quality
prediction. These models are quite efficient in handling feature
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importance and have identified variables such as vehicle type,
delay times, and weight variation, which significantly contribute to
the coal quality metrics.

Recurrent Neural Networks (RNNs). RNNs are suited to analyze
sequential data, for example, transit delays or historical quality
measurements over time. With the ability to capture temporal
dependencies, RNNs can predict trends in coal quality based on
previous patterns.

2. LITERATURE

Dey aimed to predict the GCV of Indian non-caking coals based on
ash and moisture content. This study showed the feasibility of
regression-based models in the estimation of coal calorific value,
which involves these parameters in determining the quality of coal. It
was a study that emphasized moisture and ash content as important
features for predicting GCV.[1] Recent studies have shown that there
is significant improvement in the prediction of coal quality using
machine learning (ML) and artificial intelligence (Al) techniques. Aas
K used Shapley values to explain individual predictions when features
are dependent, improving the accuracy of model predictions for coal
quality parameters, such as GCV. Their work showed how Shapley
values can be used to provide more accurate approximations for
models analysing coal properties, giving deeper insights into how
different features impact predictions in coal analysis.[3] Chelgani
conducted a study on the relationship between inorganic and organic
coal analysis with GCV using multiple regression and Adaptive
Neuro-Fuzzy Inference System (ANFIS). Their approach integrated
various coal characteristics, such as ash con- tent and moisture, to
predict GCV more effectively. This research emphasizes the
importance of feature selection and hybrid modelling techniques in
coal quality prediction.[4] A study by Priya Kumari, Ashok K. Singh,
and David A. Wood further explores the prediction of GCV from
moisture and ash content in Indian coals. Using advanced statistical
models, their research presented valuable insights into how the
moisture and ash content directly correlate with the GCV of coal, thus
providing an essential reference for coal quality monitoring and
optimization (Kumari et al., 2019).[5] Collectively, these studies
underscore the transformative potential of machine learning and hybrid
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Al techniques in predicting coal quality. By integrating multiple coal
char- acteristics, such as moisture, ash, and organic content, with
advanced modelling techniques, these approaches enable more
accurate predictions of coal quality, ultimately enhancing operational
efficiencies in the coal industry. The studies reviewed collectively
underscore the transformative role of machine learning and artificial
intelligence (AI) techniques in coal quality prediction and optimization.
Aas K explain how Shapley values enhance model interpretability due
to the de- pendency of features and augment the accuracy of
predictions. With reference to [4] present the applicability of hybrid
models that are composed of multiple regression and Adaptive Neuro-
Fuzzy Inference System (ANFIS) to predict GCV with a satisfactory
degree of accuracy by taking into account the coal characteristics like
ash content and moisture. In a similar perspective, Priya Kumari,
Ashok K. Singh, and David A. Wood (2019) are contributing to the
literature by putting emphasis on the prediction of GCV from moisture
and ash content in Indian coals, thus providing valuable inputs for
optimizing coal quality. Together, these studies indicate that even
though there has been significant progress in applying Al and ML for
coal quality prediction, future research efforts should be directed
toward improving the integration of multimodal data sources,
increasing model interpretability, and perfecting the application of
these methodologies in real-world coal monitoring and optimization
scenarios.[9]

3.Methodology

This coal quality prediction system makes use of advanced machine
learning (ML) techniques to optimize the monitoring and analysis of
the quality parameters of coal, such as Gross Calorific Value (GCV)
and moisture content. The process initiates by collecting data from
different sources, including weighbridge data, coal samples, and
transition delays. Key features like vehicle number, weight variation,
and delay times are extracted, processed, and merged into a
comprehensive dataset. The heart of the methodology is the use of a
Random Forest Regressor model, trained to predict multiple output
variables, namely the moisture content and GCV, from input features.
The preprocessing pipeline includes application of One-Hot Encoding
for categorical variables followed by the split of data into sets of
training and testing, for which the model will have robustness and
performance validation. Furthermore, model interpretability is
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achieved using techniques such as Shapley values to understand the
influence of various features on predictions, which are vital for
practical application and decision-making in coal quality monitoring.
Multiple metrics are used to test the predictive accuracy of the model
to ensure that it complies with industry standards for real-time
monitoring. The methodology also focuses on data integration from
different modalities, combining features from different datasets, and
proposes continual refinement of the model as more data becomes
available. This iterative process is aimed at improving the model's
predictive power while ensuring it can be adapted to the dynamic and
complex nature of coal quality analysis. This integrated approach, as
depicted in the following flow chart, details the primary steps of data
collection, preprocessing, model training, and prediction, thus forming
the base for proper coal quality prediction and optimization.
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Fig. 1. Process flow for special sampling of coal

4. Result

The coal quality prediction system demonstrated significant
improvements in monitor- ing and analyzing critical coal parameters
such as Gross Calorific Value (GCV) and moisture content. The
following are key results derived from the implementation of the
methodology:

Model Performance. The Random Forest Regressor had an
accuracy of 81% in the prediction of GCV and moisture content,
given the data. This was attained by using an 80-20 train-test split
on the dataset, thus ensuring a good evaluation.

Efficiency of Data Integration. Weighbridge Data. Weight
differences were com- puted with a mean difference of 5%-10%
between the expected and actual weight, thus allowing for accurate
analysis of transport differences.

Transition Delays. Delays were measured with a mean delay time
of 15 minutes, which helped to analyze operational inefficiencies.
Coal Sample data. The moisture content varied between 15% and
25%, and GCV stood between 3,000 and 6,500 kcal/kg, which
falls into the industrial range.

Feature Importance. Shapley value analysis revealed that weight
variation accounted for 35% in the prediction accuracy, delay
minutes (25%), and vehicle- specific attributes (20%). These
insights confirm the importance of operational and logistical factors
for the coal quality.

Operational Advantages. By automating the prediction process, we
have achieved- times to assess the quality of coal were reduced by
30%, thereby making the decision in real-time.

Manual error rates have drastically decreased, meaning greater
reliability in the assessment of coal quality.

Cost Optimization. The system may help in saving costs as
overestimation or under- estimation of coal quality parameters can
lead to saving up to 10% in operational costs for large-scale coal
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handling facilities.
In general, the integration of machine learning and systematic data
processing has improved the accuracy, reliability, and efficiency of
coal quality monitoring. The results of this study support the
practical application of this system in industrial coal management
and optimization.

160
140
120
100

80

Time(minutes)

60
40

20

0D2345 OD2845 0D1145 0oD004s 0oD2745 0D2749

Orderld

Fig. 2. Transition delay, the above graph represents the orderld in X-axis and time in
Y-axis demonstrating the delay in specified transition time for all the orders of a
transporter.
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Fig. 3. GCV(Gross Calorific Value), the above graph represents the orderld in X-axis
and GCV in Y- axis demonstrating the variation in GCV for all previous orders of a
transporter.
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Fig. 4. Moisture Variance, the above graph represents the orderld in X-axis and
moisture in Y- axis demonstrating the variance in moisture for all the orders
deliverd by a transporter.
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Fig. 5. Weight Variance, the above graph represents the orderld in X-axis and
weight in Y-axis demonstrating the variance in weigth for all the orders deliverd
by a transporter.

ENTRY DETAILS PERFORMANCE

ID: 100099
Vehicle No: OD23AB4460
Delay: 127 minutes

CLOSE

Fig. 6. Gate entry data of tranporters, weighbridge operator will enter the results of the
weighbridge operations.

Truck Data

Entry Id Vehicle No Challan Quantity (MT) Gross Weight (MT) Expected Weight (MT) Action

1000458 0D23M8892 15 25 17
100020 CGO4CVD000 12 22 14
100100 OD23AB4460 16 27 18
100099 0D23C8895 15 24 15

100098 AP12PL7896 14 22 13

100087 0D23AB4455 13 2 12

K
100096 0D23C88%0 20 24 15
100095 OD23AB4460 19 30 19
100094 0D23C8895 18 25 16
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Fig. 7. Today's performance of a transporter, checking for time variance if weighbridge
operator finds the vehicle suspicious.

5. Conclusion:

The integration of advanced technologies such as machine learning,
data analytics, and systematic data processing has proven to be
transformative in coal quality monitoring and operational
optimization. This study successfully developed and implemented a
predictive model capable of accurately estimating Gross Calorific
Value (GCV) and moisture content, achieving an accuracy of 81%. By
leveraging key features like weight variations, transition delays, and
coal sample data, the system has demonstrated its abil- ity to enhance
decision-making and streamline coal management processes. Further-
more, the methodology reduced assessment times by 30%, minimized
manual errors, and identified critical factors affecting coal quality.
These improvements not only op- timize operational efficiency but
also lead to significant cost savings in large-scale coal handling and
delivery systems.

This brings into evidence the possibility that broader uptake of these
Al-based systems within the coal industry opens it up for real-time
quality assessment and data- driven management practices. Future
improvements will then aim at adding supplementary sources, say,
the weather conditions, to further increase the accuracy level for its
pre- diction as well as overall robustness of the system.
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