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a b s t r a c t 

India aims to achieve net-zero emissions by 2070 and has set 

an ambitious target of 500 GW of renewable power genera- 

tion capacity by 2030. As of 2025, coal-based power gener- 

ation accounts for approximately 47 % of the total capacity 

and > 70 % of the total electricity generation. Upgrading and 

decarbonizing high-emission coal plants became a pressing 

energy issue. A key technical parameter in coal plant oper- 

ations is the operating station heat rate (SHR), which repre- 

sents the thermal efficiency during operation. Yet, the oper- 

ating SHR of Indian coal plants varies and is not comprehen- 

sively documented. This study leverages existing databases to 

create a SHR dataset for 806 Indian coal plant units, utiliz- 

ing machine learning (ML), and presents the most compre- 

hensive coverage to date. Additionally, it incorporates envi- 

ronmental factors such as water stress risk and coal prices 

as predictive features to enhance accuracy. This dataset, ac- 

cessible through our visualization platform, is designed to 
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support energy and environmental policymaking as India ad- 

vances toward its renewable energy objectives. 

© 2025 The Author(s). Published by Elsevier Inc. 

This is an open access article under the CC BY-NC license 

( http://creativecommons.org/licenses/by-nc/4.0/ ) 
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pecifications Table 

Subject Engineering & Materials science 

Specific subject area The operating SHR dataset of 806 Indian coal power plants as of January 2024 for 

power system analysis 

Type of data Tables, Raw and Processed; Figures, Processed. 

Data collection The empirical SHR data, technical specifications, and delivered coal prices of Indian 

coal power units are sourced from the Council on Energy, Environment, and Water 

(CEEW) report [ 1 ]. The locations of 806 Indian coal power units as of 2024 are 

obtained from the Global Energy Monitor (GEM) Global Coal Plant Tracker [ 2 ]. 

Additional predictive features, such as water stress risk and power system regions, are 

gathered and harmonized from the Water Resources Institute (WRI) [ 3 ] and Indian 

government reports [ 4 ]. 

Data source location All data sources are based in India. 

Data accessibility Repository name: A Dataset of the Operating Station Heat Rate for 806 Indian Coal 

Plant Units using Machine Learning 

Data identification number: https://doi.org/10.5281/zenodo.13921645 

Direct URL to data: https://zenodo.org/records/13921645 

Related research article Y. Ding, D. Mallapragada, R. J. Stoner, The role of coal plant retrofitting strategies in 

developing India’s net-zero power system: A data-driven sub-national analysis, Energy 

for Sustainable Development, Volume 86, 2025, 101687, ISSN 0973-0826, 

https://doi.org/10.1016/j.esd.2025.101687 . 

. Value of the Data 

• A granular, plant-specific characterization of the operating SHR for the entire Indian coal

plant fleet for accurate modeling and effective policy making. 

• Predictive features include the technical, environmental, and spatial factors influencing SHR,

such as power system regions, water stress index, and coal prices. 

• Comprehensive ML algorithms accurately capture nonlinear relationships between SHR values

and features. 

. Background 

India is the third-largest carbon emitter globally, and its power system depends heavily on

igh-emission coal plants [ 5 ]. As of 2025, coal-fired power generation accounts for approxi-

ately 219 GW of capacity, representing around 47 % of the total installed capacity and gen-

rating > 70 % of the country’s electricity [ 6 ]. 

Historically, Indian coal plants have had low thermal efficiency, primarily due to the use of

ow-quality domestic coal and inefficient boilers. As a result, coal power generation in India

roduces significant carbon dioxide emissions and air pollution, contributing to many prema-

ure deaths [ 7 ]. Moreover, the majority of India’s thermal power generation relies on freshwa-

er for cooling, intensifying water stress and contributing to operational disruptions or partial

hutdowns due to water shortages [ 8 ]. Between 2015 and 2018, these shortages accounted for

pproximately 0.2 % to 2 % of total generation losses due to outages at various thermal power

lants nationwide [ 9 ]. Given the continued dependence on coal-fired plants, such challenges are

xpected to persist in the near to medium term. Upgrading and decarbonizing coal power gen-

ration have become India’s near-term pressing energy issues. 

http://creativecommons.org/licenses/by-nc/4.0/
https://doi.org/10.5281/zenodo.13921645
https://zenodo.org/records/13921645
https://doi.org/10.1016/j.esd.2025.101687
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Existing methodologies for characterizing the entire Indian coal plant fleet often oversim-

plify the measurement of thermal efficiency at the unit level. The SHR—the ratio of heat energy

input to electricity output—is a key indicator of coal plant efficiency, helping estimate fuel con-

sumption and power generation. A higher SHR signifies lower thermal efficiency. Without access

to detailed technical parameters for each plant, such as stream pressure and temperature [ 10 ],

many studies represent SHR using a single value [ 11 , 12 ] or a fitting curve [ 13 ] across the entire

Indian coal fleet, despite significant variations due to plant designs, ambient conditions, and op-

erating regimes. These oversimplifications can lead to underestimation of coal consumption and

carbon emissions, resulting in ineffective policy decisions —a particularly pressing concern given

coal’s dominant role in India’s energy system. 

Existing databases on Indian coal plants with SHR values are incomplete or inaccurate. The

most up-to-date database, the GEM coal plant tracker, records all Indian operating coal plant

units, including location details, commission years, and boiler types of each coal-fired power

unit [ 2 ]. However, the SHR values in this database are based on linear estimations, which may

significantly deviate from the actual values. Other databases, such as those from the the Coun-

cil of Energy, Environment, and Water (CEEW) [ 1 ] and the Central Electricity Authority (CEA)

[ 14 ], provided the operating SHR measurements but covered only part of the Indian coal plant

capacity (194 GW and 16.7 GW, respectively) and have not been updated to date. However, no

database or method comprehensively covers the operating SHR for all Indian coal plants after

2023. This gap motivates the creation of a well-documented, open-access SHR database for In-

dian coal plants using ML prediction techniques to supplement the missing data. 

3. Data Description 

We present a dataset of predicted SHRs for 806 Indian coal plant units, expanding on pre-

vious works and providing the most comprehensive and up-to-date coverage. Fig. 1 shows the
Fig. 1. Geographical locations of the 806 Indian coal plant units in the research scope [ 2 ]. 
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Table 1 

Data records of this research. 

No. Descriptions File names 

1 WRI water stress index geodata indiawater.geojson 

2 State-wise aggregated WRI water stress index State_water_stress.csv 

3 State-wise delivered coal prices State_wise_coal_price.csv 

4 30 Indian states or regions and their corresponding power system 

zones 

30_to_5zones.csv 

5 The official Indian map india-polygon.shp 

6 CEEW data with the additional features (subcritical units) CEEW_subcritical_with_ws_price.csv 

7 CEEW data with the additional features (supercritical units) CEEW_supercritical_with_ws_price.csv 

8 The original GEM data for all Indian coal plant units as of January 

2024 

India_coal_power_plants.csv 

9 GEM data with additional predictive features gem _with_ws_price.csv 

10 GEM data with the predicted SHR values of all subcritical units gem _predicted_subcritical.csv 

11 GEM data with the predicted SHR values of all supercritical units gem _predicted_supercritical.csv 
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eographical locations of 806 Indian operating coal plant units as of 2024, covering 226 GW

n total—157 GW of 704 subcritical units and 69.2 GW of 102 supercritical units. The locations

f these coal power units are sourced from the GEM Coal Plant Tracker database, released in

anuary 2024 [ 2 ]. 

The datasets are available in the Zenodo repository [ 15 ] and can be downloaded on our visu-

lization platform [ 16 ], with Table 1 detailing their contents. In this study, we predict SHR values

t 50 %, 70 %, and 90 % load levels and construct detailed, piecewise heat rate curves for all coal

lant units to facilitate linear computations in large-scale power dispatch and capacity expan-

ion models. Notably, the operating SHR is a transient variable varying with time, and our model

ffers flexibility in predicting SHR values at any load factor by adjusting input assumptions and

ligning with the specific operational regimes of individual coal plant units. 

Figs. 2 (a)–(d) illustrate the prediction results, with supporting code provided in Data in

rief (details on the experimental design, materials, and methods, as well as code availabil-

ty). Figs. 2 (a) and 2 (b) display the geographical distribution of predicted SHR values at a 50 %

oad factor for Indian subcritical and supercritical coal-fired power plant units. Correspondingly,

igs. 2(c) and 2(d) present the piecewise SHR curves for these units, with red line interpo-

ations representing the heat rate approximation curves. ML predictions capture the nonlin-

ar decline in SHR as the plant load factor increases, which shows higher thermal efficiency

t higher load factors. All results are available in two files, gem_predicted_subcritical.csv and

em_predicted_supercritical.csv . Table 2 summarizes the columns and content within these two

les. Apart from five columns, bws_score , coal_price , Predicted_HR_50.0 , Predicted_HR_70.0 ,

nd Predicted_HR_90.0 , the rest of the columns are based on the GEM Global Coal Plant Tracker

 2 ]. 

. Experimental Design, Materials, and Methods 

Fig. 3 illustrates the four steps to predict operating SHR values of Indian coal plant units us-

ng ML models. The boiler design of coal plant units determines their operating steam pressure

nd temperature and, therefore, their operating SHR. Supercritical power units generally operate

t higher steam pressures and temperatures, resulting in greater thermal efficiency than sub-

ritical units [ 17 ]. Considering this effect, we separately predict coal plant units with two boiler

esigns, subcritical and supercritical units. Then, we extracted various predictive features and

everaged SHR measurements from the CEEW database [ 1 ] to train several ML models. Thirdly,

e selected the best-performing model for each boiler type through k-fold cross-validation. Fi-

ally, we use the best-performing models to predict the SHR values for 806 coal plant units in

he GEM database. 
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Fig. 2. Geographical distributions of the predicted SHR for Indian (a) subcritical and (b) supercritical coal-fired power 

units at a plant load factor of 50 %. Panels (c) and (d) show the piecewise SHR approximation curves for Indian subcritical 

and supercritical units at the load factor of 50 %, 70 %, and 90 %. 

Fig. 3. Four steps to predict the operating SHR values for subcritical and supercritical coal plants using ML models. 

 

 

 

 

 

4.1. Data preparation 

We first downloaded the coal plant unit records from the GEM Global Coal Plant Tracker [ 2 ]

circa January 2024. The original datasets include Indian coal plant units at various stages, includ-

ing announced, mothballed, permitted, and operational units, totaling 1889. We first selected the

ones currently operating, including 840 out of 1,889 units. Then, we excluded units using ultra-

supercritical, circulating fluidized bed combustion, or unknown combustion technologies, as they
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Table 2 

Output data headers descriptor. 

Columns Units Descriptions 

Tracker ID - Unique tracker ID for each coal plant unit in the GEM 

database 

Wiki Page - Wiki page address of each coal plant unit in the GEM 

database 

Country - Country of coal plant units (India) 

Subnational unit (province, 

state) 

- Subnational regions (province, state) of coal plant units 

Unit - Unit number in the coal power plant 

Plant - Name of coal power plant 

Capacity MW Nameplate power capacity of coal plant units 

Year - Year of commissioning for coal plant units 

Combustion technology - Combustion technology employed in each coal plant unit 

Latitude - Latitude of the unit location 

Longitude - Longitude of the unit location 

Heat rate Btu/kWh The original calculated SHR values of coal plant units in 

the GEM database 

Remaining plant lifetime years The remaining lifetime of each unit given a 50-year 

lifetime 

bws_score - WRI water stress index at the location of coal plant units 

coal_price $/MMBtu Delivered coal prices of coal power units in 30 Indian 

regions 

Predicted_HR_50.0 MMBtu/MWh Predicted SHR values of subcritical or supercritical units at 

the load factor of 50 % 

Predicted_HR_70.0 MMBtu/MWh Predicted SHR values of subcritical or supercritical units at 

the load factor of 70 % 

Predicted_HR_90.0 MMBtu/MWh Predicted SHR values of subcritical or supercritical units at 

the load factor of 90 % 

Table 3 

Comparison of training datasets and predicted targets. 

Training datasets Prediction targets 

Data sources CEEW [ 1 ] GEM Coal Plant Tracker [ 2 ] 

Coal plant unit coverage 541 Coal Plant Units (194 GW) 840 Coal Plant Units (234 GW) 

Date of data measured or created 2017–2020 2024 

Resolution of technical specifications Unit-level boiler type, age as of 

2020, power capacity and average 

load factor over 30 months 

Unit-level boiler type, age as of 

2024, power capacity 

Resolution of location details Subnational level (province, state) Unit level (latitude, longitude) 
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ccounted for < 5 % of the total capacity. The remaining 806 coal plant units are the target for

HR predictions. 

The training dataset is based on the CEEW report [ 1 ], which covers 541 coal plant units and

ontributed to 98 % of the total coal plant capacity in 2020 [ 18 ]. The SHR measurements of

hese plants span from September 2017 to February 2020, covering 30 months before the COVID-

9 pandemic. It also records the technical details of each coal plant unit, including the boiler

esign, state, age as of 2020, power capacity, and average load factors across 30 months. Table 3

llustrates differences between the training datasets and prediction targets. 

.2. Feature extraction 

We selected a range of predictive features covering technical parameters, environmental fac-

ors, and geographical locations. Specifically, we included six features: power capacity, plant age,

oad factor, water stress index, delivered coal price, and power system regions. While other me-
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Fig. 4. Distributions of the unit-level characteristics in the CEEW database [ 1 ]: (a) Plant ages at year 2020 (years) (b) 

Power capacity (MW) (c) Average load factor, and (d) Station heat rate (MMBtu/MWh); The orange bars represent feature 

distributions of subcritical coal plant units, and the blue bars represent feature distributions of supercritical coal plant 

units. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

teorological variables, such as the maximum daily air temperature [ 19 ], were considered in the

correlation analysis, they were excluded from this study due to their substantially lower corre-

lation with the predicted target compared to water stress. All features are treated as continuous

variables, except for the power system regions. We converted the five different power system re-

gions into five distinct binary features using one-hot encoding, indicating whether a coal power

plant is in each specific region. Before predictions, we scaled all predictor variables to values

between 0 and 1 using the Min-Max scaling method, ensuring consistent variable ranges. 

The technical features include the age as of 2020, average load factor, and power capacity

of each coal unit. Fig. 4 shows these feature distributions with SHR measurements from the

CEEW report [ 1 ]. The plant load factor in the training data is the average ratio of the actual

power generated to the potential power generation based on the installed capacity over the

plant’s operating period, and its value is between 0 and 1 ( Fig. 4 (c)). The feature distributions

of subcritical and supercritical units exhibit distinct differences. The median age of supercritical

units is around five years, much less than that of subcritical units ( Fig. 4 (a)). The SHR values for

subcritical units exhibit a relatively wider distribution, with many power plants displaying very

high heat rates ( Fig. 4 (d)). 

The environmental factors include the location-based water stress index and the delivered

coal price. According to the WRI, the raw value of water stress is calculated from the ratio of

water demand to the available freshwater supply, which includes agricultural, domestic, indus-

trial, and power generation usage [ 3 ]. The water stress index is classified into five levels based

on the water stress raw value ranges, as listed in Table 4 . For example, an extreme water stress

level above 0.8 means the water withdrawal exceeds 80 % of the available water supply. Un-

der high or extremely high water stress, the government could restrict water use during dry

seasons or require alternative cooling methods, such as dry cooling, which affects the ther-

mal efficiency of coal plant units [ 3 ]. As shown in Fig. 5 (a), a significant part of India is clas-

sified as under "high" or "extremely high" water stress levels. The water stress index is harmo-
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Table 4 

WRI water stress index and classifications [ 3 ]. 

Water stress level Water stress index Raw value 

Low < 1 < 10 % 

Low to medium 1–2 10–20 % 

Medium to high 2–3 20–40 % 

High 3–4 40–80 % 

Extremely high > 4 > 80 % 

Fig. 5. Environmental and geographical predictive features: (a) Water stress level [ 3 ], (b) Delivered coal prices [ 1 ], Loca- 

tions of operating Indian coal mines as of 2025 [ 20 ], and (c) Power system regions [ 4 ]. The grey or shaded areas in the 

maps (a) and (b) mean that no coal plant data is available, or no coal plant has been built in the area. 

n  

(

 

$  

i  

h  

r  

c

ized with the state and plant levels for the training dataset and prediction targets, respectively

 State_wise_coal_price.csv; gem_with_ws_price.csv in Table 1 ). 

The state-wise delivered coal prices are extracted from the CEEW report [ 1 ], ranging from

1.59 to $3.90/MMBtu ( Fig. 5 (b)). The coal price incorporates the production (i.e., domestic or

mported) and transportation costs of coal (i.e., delivered coal price). The eastern regions of India

ave significantly lower coal prices than the rest of the country, as most coal mines are in these

egions to supply nearby coal power generation, thereby incurring lower coal transportation

osts. 
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The geographical features of Indian power regions are considered predictive features. The

Indian power grid is divided into five areas - Northern, Eastern, Western, North Eastern, and

Southern, as shown in Fig. 5 (c) [ 4 ]. Within each region, thermal power plants are often dis-

patched based on heuristic rules, which partially impact the operation and efficiency of coal

plant units based on their locations [ 13 ]. 

4.3. ML prediction model selection and fitting 

We built a set of ML models to predict the operating SHR of subcritical and supercritical

units separately. There are six ML models, including gradient boosting machine (GBM), XGBoost

(XGBM), random forest regressor (RF), decision tree regressor (DT), support vector regression

(SVR), and k-Neighbors regressor, and two statistical regression models for comparison, including

ridge regression and linear regression. These models were chosen due to their diverse underlying

algorithms, which comprehensively explore potential solutions. 

The training dataset was divided into the training and test parts, including SHR measure-

ments for 541 coal plant units from the CEEW report [ 1 ] and three prediction features. The

training set comprises 432 of 541 plant units (i.e., 370 subcritical and 62 supercritical units).

The remaining 109 plant units (i.e., 93 subcritical and 16 supercritical units) were allocated to

the test part for model validation. 

To set up robust ML models, we employed the grid search to tune six ML models. Grid search

optimizes the hyperparameters for each model through five-fold cross-validation and then se-

lects the optimal combination that minimizes mean squared error (MSE) across all splits. We

rotated the training and test datasets within each fold to ensure that all 541 coal units were

comprehensively tested. At least two key hyperparameters were chosen for each ML model. The

search ranges for these hyperparameters were carefully defined through multiple experiments to

ensure the optimal value falls within the range without reaching the boundaries. The selected

hyperparameters and search details are documented and explained in the Code availability sub-

section. In summary, each model underwent 371 hyperparameter search combinations, leading

to 1855 model fits per unit type. 

Model performances were evaluated using an R2 score and three prediction accuracy met-

rics: MSE, mean absolute error (MAE), and mean absolute percentage error (MAPE). The R2 score

presents the goodness-of-fit of different prediction models. The values typically range from 0 to

1. The R2 score of 1 means a perfectly fitted model, and the R2 score of 0 or below indicates

no added value for using the model compared to averaging the dataset. Tables 5 and 6 display

the metric values across eight models for subcritical and supercritical units, with the best values

highlighted in bold. Based on the R² score and three prediction accuracy metrics, the GBM and

k-nearest neighbors regressors are the best models for subcritical and supercritical units, respec-

tively. Fig. 6 shows the parity plots of the actual and predicted SHR values for both unit types

using the two best ML models. 
Table 5 

Three prediction accuracy metrics and R2 scores for eight models (subcritical units). 

Models MSE MAE MAPE R2 

Gradient Boosting Machine 0.0295 0.0995 0.0081 0.9664 

Random Forest Regressor 0.0432 0.1280 0.0104 0.9507 

Decision Tree Regressor 0.0632 0.1571 0.0127 0.9283 

XGBoost 0.0327 0.1141 0.0093 0.9625 

Linear Regression 0.0368 0.1176 0.0095 0.9581 

Ridge Regression 0.0378 0.1236 0.0100 0.9569 

SVR 0.0437 0.1211 0.0097 0.9503 

KNeighbors Regressor 0.0639 0.1493 0.0121 0.9264 
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Table 6 

Three prediction accuracy metrics and R2 scores for eight models (supercritical units). 

Models MSE MAE MAPE R2 

Gradient Boosting Machine 0.0465 0.1270 0.0118 0.6455 

Random Forest Regressor 0.0629 0.1721 0.0161 0.4584 

Decision Tree Regressor 0.0877 0.1911 0.0179 0.3100 

XGBoost 0.0478 0.1315 0.0124 0.5916 

Linear Regression 0.0529 0.1869 0.0176 0.5044 

Ridge Regression 0.0997 0.2319 0.0217 0.0924 

SVR 0.0338 0.1308 0.0122 0.7134 

KNeighbors Regressor 0.0222 0.0988 0.0093 0.8105 

Fig. 6. R2 scores and the parity plots for the two best ML models: (a) GBR for subcritical units; (d) k-neighbors regres- 

sion for supercritical units. 

4

 

d  

p  

F  

a  
.4. Feature importance analysis and operational implications 

Finally, we assessed the importance of features to find the key factors influencing the pre-

icted SHR. We calculated the Shapley Additive Explanations (SHAP) value and ranked the im-

ortance of various features based on the absolute mean of the SHAP value. As shown in

igs. 7 (a) and (b), the three most important features for subcritical units are power capacity,

ge, and plant load factor. This finding aligns with the wide range of power capacity and age
Fig. 7. The absolute mean SHAP values for SHR predictive features for (a) subcritical units and (b) supercritical units. 
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Table 7 

Code to generate the database. 

No. Descriptions File names 

1 Data harmonization for water stress index and 

coal price features 

data_harmonization.ipynb 

2 Grid search for hyperparameter tuning of ML 

prediction models (subcritical units) 

GRID_search_subcrit.ipynb 

3 Grid search for hyperparameter tuning of ML 

prediction models (supercritical units) 

GRID_search_supercrit.ipynb 

4 Prediction framework for subcritical units 

based on the best-performing ML model 

run_models_subcritical.ipynb 

5 Prediction framework for supercritical units 

based on the best-performing ML model 

run_models_supercritical.ipynb 

6 Python environmental dependencies of the 

code 

enviromental.yml 

Fig. 8. All files in the GitHub repository [ 22 ]. 

 

 

 

 

 

 

 

 

 

 

 

of subcritical coal plants in India. The coal price is the most important feature for supercrit-

ical units, followed by load factor and power capacity. Our results show that plant age does

not significantly influence the SHR of supercritical units, primarily due to the relatively young

age profile of supercritical coal plants, which are typically < 10 years old. Remarkably, the wa-

ter stress has a limited impact on the SHR predictions for both unit types. This indicates that

most Indian coal plants operate independently of local water stress conditions, although their

operations are influenced by water shortage. 

Based on the SHR prediction results and feature importance analysis, and considering India’s

continued dependence on coal in the near to medium term, it is essential to adopt coal plant

operation strategies that emphasize improved water management and overall thermal efficiency.

Potential measures include utilizing recycled wastewater [ 9 ], enhancing the operational flexi-

bility of supercritical coal units [ 1 ], and phasing out the reliance on small, aging supercritical

plants [ 21 ]. 
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.5. Code availability 

All datasets, code, and environmental dependencies are implemented in Python and can be

ccessed in the following GitHub repository [ 22 ]. We predict the up-to-date number of coal

lant units in India (i.e., 806 units as of January 2024) and built a visualization platform for

ownloading the dataset [ 16 ]. The code used to generate features and predict the entire SHR

atabase is available in the same GitHub repository [ 22 ]. The detailed code descriptions are

n Table 7 . The file structure in the GitHub repository is presented in Fig. 8 , with five Python

les used to create the database highlighted in bold . All the plots presented in this paper

an be found in the India_coal_plant_map and Feature_plots folders, along with the corre-

ponding code. The original datasets for the training set and the prediction targets are in the

EM_original_data and CEEW_original_data folders, respectively. 

imitations 

Several key considerations arise when applying new datasets for coal plants or incorporat-

ng additional prediction features, following the four steps outlined in Fig. 3 . First, our train-

ng dataset does not account for novel combustion technologies (e.g., ultra-supercritical), since

hese units contribute < 8 % of the current total coal plant power capacity and lack recorded SHR

easurements in the existing literature. Second, the grid search process took approximately 35

in for subcritical and supercritical coal plant units. When introducing new ML models or up-

ating datasets, adjustments to the number of searched hyperparameters and their ranges may

e necessary, which can impact the overall computation time. Third, access to detailed techni-

al parameters—such as transient steam pressure and temperature—would enable more accurate

odeling of SHR. However, such datasets are not currently available for many coal plants in

ndia. 

ata Availability 

A Dataset of the Operating Station Heat Rate for 806 Indian Coal Plant Units using Machine

Learning (Original data) (Zenodo). 
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