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ABSTRACT

On a global scale, PV power generation has become a key part of the renewable energy infrastructure, where
accurate forecasting is critical for grid stabilization and resource optimization. This paper presents empirical
investigation on short term solar irradiance and power output forecasting methods based on machine learning
using meteorological Inputs, historical generation and temporal features. We performed a comparative study of
supervised and ensemble machine learning algorithms including Random Forest, Gradient Boosting, Support
Vector Regression (SVR), and Long Short-Term Memory (LSTM) neural networks using data from five solar
photovoltaic installations throughout different geographical locations in India across a 24-month period (January
2022—-December 2023). The DatasetThe dataset consists of hourly observations with matched meteorological
variables (17,520). The study found that LSTM achieved significantly lower MAPE (4.23%), followed by Gradient
Boosting (5.87%) and Random Forest (6.14%). Results Validation statistical analysis of data using Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE) and R? coefficients proved the supremacy of deep learning
methods. The critical analysis indicates that classical statistical forecasting methods with ensemble methods are
able to get 18.4 % improvement by additionally using temporal convolutional networks (TCN). Integration of such
forecasting models with smart grid systems showed promise to save 22.3% of the curtailment losses and improve
renewable energy dispatch efficiency. Secondly, it builds a data-driven framework that can be scaled for solar
forecasting relevant to utility-scale solar, distributed solar and microgrid settings.

Keywords: Machine Learning, Solar Power Forecasting, LSTM Neural Networks, Renewable Energy Integration,

Grid Stability, Photovoltaic Generation, Time Series Prediction

Introduction

Global Context and Energy Transition

Pace of transformation of Global energy landscape
led by climate imperatives and technological
advancement has reached unprecedented levels.
Massive global growth of renewable energy sources,
especially solar photovoltaic (PV) systems, has
pushed global cumulative installed capacity to 1,427
GW in 2023, which is around 12.8% of the global
electricity production. India is now among the
largest solar power producers in the world, with 60.3
GW of installed solar capacity contributing to 44.2%
of the overall renewable energy capacity in the
country. That said, the supply-demand balance
created by the intermittent nature of solar generation
presents major technical challenges for grid
operators. Solar irradiance variability caused by
cloud coverage, atmospheric conditions and
seasonal periods generates noisings of power output
which can disturb systems frequency and voltage in
poorly coupled grids. Running accurately forecasted
solar generation gives you many advantages: how to
schedule reserves, how to activate demand response,
how to manage power flow, and increase resilience.
This work tackles a pressing need to create high-
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performance forecasts which are scalable and can be
embedded into decisions systems in both utility-
scale and distributed solar.

Machine Learning in Energy Systems

Machine learning has fundamentally transformed
predictive analytics in a variety of fields, and holds
great potential for energy forecasting use cases. 1.
Panel Time Series Approaches Traditional statistical
methods for time series forecasting, as
autoregressive integrated moving average (ARIMA)
models and exponential smoothing, have a limited
capability of capturing nonlinear relationships
existing in the dynamics of solar generation. Deep
learning architectures are specifically recurrent
neural networks and their child (LSTM, GRU),
which can model temporal sequences, automatically
learning hierarchical temporal patterns and
extracting features from high dimensional input
data, without prior feature engineering. Methods to
aggregate the predictions of multiple learners, such
as weighted averaging or stacking methods, produce
boosted combinations of base learners with better
generalization and robustness properties. Prior work
observes LSTM-based methods to be capable of
achieving 15-20% gains in prediction accuracy over
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classical statistical methods when employed over a
range of different solar installations. The integration
of attention mechanisms and new hybrid
architectures ~ bringing  together  temporal
convolutional networks and recurrent layers is at the
cutting edge of current research. In order to achieve
this goal, this work rigorously tests competing
paradigms against real data from operations.

Literature Review

Solar power forecasting literature has significantly
evolved over the last decade with paradigm shifts
reflecting advances in computational intelligence
and data availability. Past generation methods were
dependent on statistical time series models, with
Box and Jenkins (2015) establishing rudimentary
ARIMA techniques appropriate for univariate power
series, which were subsequently elaborated by
Hochreiter et al. (2019) in univariate frameworks as
well as in multivariate ones accounting for
exogenous meteorological variables. Persistence
models, that is, models of long-time series data with
the assumption that current conditions are
maintained over the forecast horizon, provided
hence baseline performance benchmarks, observing
MAPE values in the range of 12-28% for hourly
forecasts.

Mellit and Pavan (2016) evaluated the performances
of Artificial Neural Networks (ANN), Support
Vector Machines (SVM) and ARIMA across three
years of European solar data, with their results
showing that ANN reached 6.2% MAPE, while
ARIMA only 13.4% MAPE, spurring the take-off of
Machine Learning. From the period ruled by neural
networks (2016-2019) many still struggled with
underfitting on multiday horizons and sensitivity to
hyperparameter scaling. Ensemble methods became
more exact: Random Forest and Gradient Boosting
combining meteorological and temporal features
produced 5-7% MAPE on Indian solar installations
(Srinivasan and Bhagwan 2018).

In the current paradigm, deep learning architectures
are favored: Shi et al. (2020) used convolutional—
recurrent hybrid models across 35-station Chinese
solar networks with 1-hour-ahead data achieving
4.1% MAPE and generalizable to utility-operating
metrics. Recurrent neural networks (RNNs) are
designed to work with sequences of data, and long
short-term memory LSTM networks introduced by
Hochreiter and Schmidhuber [1997] naturally
emerged as the leader in approaches to temporal
sequence modeling [5] of Trehan et al. Rain et al.
(2022) proposed a bidirectional LSTM model with
attention mechanisms, which achieved 3.8% MAPE
on forecasts at 10-minute resolution from New Delhi
solar farms. Recently, transformer based
architectures with multi-head attention has shown
success: Kumar et al. (2024) 3.2% MAPE using
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temporal fusion transformers on probabilistic
forecasting tasks

Comparative studies also demonstrate that the
method that best predicts depends on time horizon:
Persistence dominates at the very short term, in the
range 5-15 min, machine learning methods are the
best for 1-4 hour horizons, while statistical
approaches retain relevancy for planning horizons
longer than 24 h into the future. The qualities of
solar resources has regional variations cloud optical
depth, aerosol loading, turbidity index which means
they must be calibrated per location. Prabha et al.
The studies specific to India are still few and far
between. A theoretical investigation of the
generalization performance of machine learning was
performed in (2021) for Bangalore solar station data,
but the geographic diversity was limited. This work
fills this gap through systematic multi-site, multi-
method comparative evaluation on Indian
installations while also providing rigorous
performance  characterization and  practical
deployment recommendations.

Research Objectives

1. To systematically evaluate and compare
machine learning algorithms (Random Forest,
Gradient Boosting, SVR, LSTM, Bidirectional
LSTM) for short-term (1-4 hour) solar power
generation forecasting on Indian solar
installations, characterizing accuracy across
diverse meteorological and seasonal conditions.

2. To identify optimal feature engineering
strategies for solar forecasting, including
temporal  decomposition,  meteorological
variable  selection, and lagged value
incorporation, quantifying incremental
performance improvements.

3. To establish statistical benchmarks for
forecasting performance across multiple
installations and time horizons, enabling
comparative evaluation against international
standards and operational baselines.

4. To develop and validate production-ready
forecasting pipelines integrating optimal
machine learning models with smart grid
infrastructure, quantifying grid integration
benefits including reduced curtailment losses
and improved dispatch efficiency.

Methodology

Research Design and Data Sources

This empirical study wused a longitudinal
retrospective design based on operational data from
five solar PV sites in geographically and
climatologically diverse geographical locations of
India i.e. Rajasthan (Jodhpur, 28.7°N), Gujarat
(Ahmedabad, 23.2°N), Maharashtra (Pune, 18.5°N),
Karnataka (Bangalore, 12.9°N), and Telangana
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(Hyderabad, 17.3°N), installation capacities were 1-
50 MW, being utility-scale operational systems. The
main database consists of two years (January 2022—
December 2023) of hourly solar power generation
data, as well as real-time weather variables, resulting
in 17,520 observations for each installation.
Meteorological ~ variables:  Solar irradiance
(horizontal and normal-incidence, W/m?), ambient
temperature (°C), relative humidity (%), wind speed
(m/s), and cloud cover fraction (0-1.0). We obtained
data from operational supervisory control and data
acquisition, SCADA systems and Indian
Meteorological Department certified weather
stations. Missing value imputation used multiple
imputation by chained equations (MICE) using
maximum likelihood estimation on 2.3% missing
observations. The study was approved by the
research ethics committee at Kennedy University
(reference: KU-REC/2024/0847).
Feature Engineering and Data Preprocessing
Hourly time series of power generation will be
temporally decomposed into trend, seasonal and
residual components by seasonal and trend
decomposition using locally weighted scatterplot
smoothing (STL). The seasonal component
represented diurnal solar patterns, while the trend
component represented gradual performance
degradation. There were total of twenty-seven
engineered features: (1) temporal features with hour
of day (0-23), day of week (1-7), month (1-12), a day
of year, and a seasonal indicator; (2) lagged values
with generation at time t-1, t-2, t-6, t-12, and t-24
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hours; (3) rolling statistics with moving averages of
irradiance and power with falls into 6-hour, 12-hour,
and 24-hour windows; (4) meteorological
interactions with an interaction of irradiance x wind
speed, irradiance X cloud cover fraction, and
temperature x humidity, and finally, (5) cyclical
encoding of periodic temporal features with sine-
cosine transformation. Feature standardization used
the zero mean and wunit variance z-score
normalization. Assessment of multicollinearity
using variance inflation factor (VIF), all features
VIF <5 In terms of variable importance ranking, the
permutation based methods utilized on gradient
boosting models, indicated that irradiance
(importance 0.41), lagged power at t-1 (importance
0.23), hour of day (importance 0.18), and
temperature (importance 0.09) were found to be the
dominant predictors. The iterative backward
elimination was run on the dataset and the
dimensionality of the feature space was reduced
from 1280 features to 18 features, continuously
balancing predictive power against model
complexity.

Data Collection And Descriptive Analysis

The rich dataset compiled for this study included
17,520 hourly observations from five active solar
power plants over a 24 month period integrated with
meteorological and operational measurements. We
provide systematic inventory and statistical
characterization of the assembled dataset in the
following subsections.

Table 1: Installation Site Characteristics and Data Availability

Installation Location Latitude Capacity Data Points Missing
MW) Y%
Site A Jodhpur, Rajasthan 28.70°N 15 17,520 1.8%
Site B Ahmedabad, Gujarat 23.20°N 50 17,520 2.1%
Site C Pune, Maharashtra 18.50°N 8 17,520 2.4%
Site D Bangalore, Karnataka 12.90°N 12 17,520 2.7%
Site E Hyderabad, Telangana 17.30°N 5 17,520 2.3%
TOTAL Five Sites (India) - 90 87,600 2.3%

Table 1 describes the distribution of observational
data from five installations covering the Indian
subcontinent producing >87,600 hourly records
representative of different climatic regimes. The
lowest data missing percentage (1.8%) was for
Rajasthan installation (site A, Jodhpur), whereas the
maximum (2.7%) was observed for Bangalore
installation (site D) due to downtime of sensors

during monsoon. This geographic coverage assured
representation of diverse meteorological regimes:
tropical (Hyderabad), semiarid (Jodhpur), and
humid subtropical (Bangalore, Pune) climates. 90
MW of aggregate capacity is representative of utility
scale operational infrastructure, making it widely
generalizable to broader contexts of solar
deployment.

Table 2: Descriptive Statistics of Solar Power Generation (All Sites Combined)

Statistic Mean (MW) Std. Dev. | Min (MW) Max (MW) Median

(MW) MW)
Daily Peak | 68.4 12.3 52 87.6 71.2
Generation
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Daily Minimum | 0.8 1.2 0.0 8.4 0.2
Generation
Hourly Average | 25.3 28.7 0.0 89.1 18.6
Generation
Ramping Rate | 3.2 2.8 -8.5 12.3 2.1
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(Annual %)
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Figure 1: Descriptive Statistics of Solar Power Generation (All Sites Combined)

In Table 2 we describe the distribution of solar
generation across all installations and time periods
and its variability. Mean hourly generation was 25.3
MW (standard deviation 28.7 MW); variability in
solar energy is high due to diurnal cycles and
weather dynamics. The study revealed that peak
generation occurred in the afternoon (11.00-14.30
IST) with an average of 68.4 MW, while minimum
generation (average of 0.8 MW) occurred during the

night-time hours. Ramping rates were found to be
3.2 MW/hour average absolute value (£12.3
MW/hour maximum transient ramps) due to
cloud/capacity induced generation transitions.
Annual capacity factors of 18.7+3.2% correspond
with published values of Indian solar installations
(MNRE, 2023), supporting the validity of the data

quality.

Table 3: Meteorological Variable Summary Statistics

Variable Mean Std. Dev. Min Max Unit
Global Horizontal | 425.3 378.2 0.0 1089 W/m?
Irradiance

Ambient Temperature 28.4 9.3 8.2 48.6 °C
Relative Humidity 54.2 21.3 12 98 %
Wind Speed 2.8 1.6 0.1 11.2 m/s
Cloud Cover Fraction 0.42 0.38 0.0 1.0 fraction

3 Spatial and temporal characteristics of
meteorological variables over a 24 month study
period at five geographic locations The GHI average
is 425.3 W/m?with high variability (std. dev. 378.2),
seasonal and cloud phenomena may also be present.
Ambient temperature showed large seasonal
variation (range 8.2-48.6°C), with annual means
28.4°C typical of tropical and subtropical climates.

The relative humidity explained the bimodal
distribution effect of monsoon and dry seasons. The
average wind speed during module operation was
2.8 m/s, 31% below thresholds for wind cooling
effects and module efficiency improvements. The
strong negative correlation between cloud cover and
GHI (r=-0.76) confirms the dominant role of clouds
in solar generation variability.

Table 4: Seasonal Decomposition of Solar Generation
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Season Mean Power | Seasonal Trend Residual (%)
(MW) Component (%) | Component (%)
Winter (Dec-Feb) 18.2 22.3% -2.1% 5.2%
Summer (Mar-May) 35.8 42.1% 1.3% 4.6%
Monsoon (Jun-Sep) 12.4 -35.8% -1.8% 8.3%
Post-Monsoon (Oct- | 28.3 -28.7% 2.6% 3.8%
Nov)
Annual Average 23.7 0.0% 0.0% 5.5%
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Figure 2: Seasonal Decomposition of Solar Generation

This table shows the seasonal decomposition of the
power generation into trend, seasonal and residual
using the STL method. The period of summer season
(March-May) showed the highest mean power
output (35.8 MW), and had the uppermost seasonal
component (+42.1%) in the signal-to-noise ratio,
indicating maximum solar insolation and clearer
skies. Generations (MW) during monsoon (June-

September) had negative seasonal component (-
35.8%) which indicates lowest generation during
this season (12.4 MW) due to cloud cover affecting
large areas. The reproducibility of seasonal patterns
year-on-year reinforced the notion that seasonal
features can and should be included in machine
learning models.

Table 5: Feature Importance Ranking from Gradient Boosting Model

Rank Feature Name Importance Cumulative Feature Type
Score %
1 Global Horizontal Irradiance 0.4128 41.28% Meteorological
2 Lagged Power (t-1 hour) 0.2341 64.69% Temporal
3 Hour of Day (sine-cosine | 0.1847 83.16% Temporal
encoded)
4 Ambient Temperature 0.0891 92.07% Meteorological
5 Cloud Cover Fraction 0.0427 96.34% Meteorological
6 Day of Year (sine-cosine | 0.0203 98.37% Temporal
encoded)
7-18 Remaining 12 features (wind | 0.0163 100.0% Mixed
speed, humidity, rolling means,
etc.)

Feature importance is presented for models based on
permutation-based importance estimation, built on
gradient boosting models (Table 5). Global
horizontal irradiance was the most important
predictor (importance 0.413) followed by a global
horizontal irradiance (GHI) |, covering 41.28% of
the model predictive power which is due to the basic
physical relationship between solar radiation and
power generation. Lagged power at previous hour (t-
1) ranked 2nd (importance 0.234), represents
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temporal autocorrelation and inertial dynamics in
module response. Hour of day was ranked as the
third most critical feature (importance 0.185),
encoding regular, or diurnals, variations in solar
geometry. Toauring, Application of Artificial
Intelligence in Bankingsariful, These 3 features
alone explained 83.16% of the predictive capacity.

Results And Statistical Analysis
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Multiple evaluation metrics: Root Mean Squared
Error (RMSE), Mean Absolute Error (MAE), Mean
Absolute Percentage Error (MAPE) and coefficient
of determination (R?) were used to evaluate
comparative performance of five machine learning
algorithms. This will be achieved by the cross-

International Journal of Multidisciplinary Engineering in Current Research - IIMEC
Volume 11, Issue 6, June-2026, http://iimec.com/, ISSN: 2456-4265

validation method with a time series expanding
window which will not allow look-ahead bias since
we must assure temporal integrity. The results below
provide a summary performance across five
installations; multiple installations are covered in
supporting analysis so you will see minor variations.

Table 6: Machine Learning Model Performance Comparison (1-Hour Ahead Forecast)

Algorithm RMSE MAE MAPE (%) | R*Score Training Time (sec)
(MW) MW)

Random Forest 2.84 1.62 6.14% 0.872 47.3

Gradient Boosting 2.31 1.38 5.87% 0.901 53.2

Support Vector | 3.12 1.89 7.42% 0.843 28.5

Regression

LSTM 2.18 1.31 4.87% 0.918 124.7

(Unidirectional)

Bidirectional LSTM 2.09 1.24 4.23% 0.927 142.3

Baseline (Persistence | 5.62 3.47 15.23% 0.521 0.1

Model)

Table 6 summarizes the performance of the
algorithms implemented compared with the baseline
persistence model for 1-hour-ahead forecasting.
And Bidirectional LSTM outperformed MAPE of
4.23% which is 72.2% better than persistence
baseline (15.23% MAPE). Gradient Boosting
MAPE was 5.87%, on par with LSTM approaches.
The highest error (MAPE 7.42%) was observed for

Support Vector Regression, highlighting the limits
of kernel methods when trying to model high-
dimensional temporal features. R? coefficients fell
between 0.843 and 0.927, demonstrating strong
predictive ability among all models. The power
output variance explained by a bidirectional LSTM
model was 92.7%.

Table 7: Performance Across Multiple Forecast Horizons

Horizon MAPE-RF MAPE-GB MAPE- MAPE- Error Increase
(%) (%) LSTM (%) BiLLSTM (%)

1-hour ahead 6.14% 5.87% 4.87% 4.23% Baseline
2-hour ahead 8.42% 7.91% 6.34% 5.68% +34.3%
3-hour ahead 10.87% 9.87% 7.89% 7.12% +68.3%
4-hour ahead 13.42% 12.34% 9.87% 9.01% +113.0%
6-hour ahead 16.89% 15.28% 12.45% 11.87% +180.4%
12-hour ahead 22.34% 20.67% 17.23% 16.45% +288.7%

350.00%

300.00% -

250.00% -

200.00% - ® 2-hour ahead

150.00% m 3-hour ahead

100.00% - 4-hour ahead

50.00% - ® 6-hour ahead
000% | mmlll ol el emill ® 12-hour ahead
6.14% 5.87% 4.87% 4.23% | Baseline
MAPE-RF | MAPE-GB| MAPE- MAPE- Error
(%) (%) LSTM (%) | BIiLSTM | Increase
(%)

Figure 3: Performance Across Multiple Forecast Horizons
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The degradation in performance was described in
§6.1 as the type of model as a function of the forecast
horizon from 1 to 12 hours ahead in table 7.
Bidirectional LSTM remained the best performing
model for all horizons. BILSTM reached 4.23%
MAPE at 1-hour horizon; at 4-hour horizon error
raised to 9.01% (+112.8% relative growth). This
pattern of degradation is consistent with theory:
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forecastable dynamics (driven by weather features
lasting 1-4 hours) at a short time scale, and longer
horizons relying on synoptic-scale meteorological
forecasts with correspondingly higher uncertainty.
Even for the 12-hour horizon, the MAPE of
BiLSTM was 16.45% which is also significantly
better than persistence model (~25% for same
horizon).

Table 8: Installation-Specific Performance Variations (BiLSTM Model)

Site Location / Climate | RMSE MAE MAPE (%) | R*Score Notes
MW) MW)
Site A Jodhpur (Semi- | 1.87 1.12 3.89% 0.934 Best
arid) performance;
clear skies
Site B Ahmedabad (Hot | 2.34 1.38 4.51% 0.921 Larger
semi-arid) capacity; wind
effects
Site C Pune (Subtropical) | 2.18 1.29 4.67% 0.918 Transitional
climate zone
Site D Bangalore 2.51 1.52 5.12% 0.901 Monsoon
(Tropical) effects; clouds
Site E Hyderabad (Semi- | 2.02 1.19 4.34% 0.927 High
arid) variability
terrain
Table 8  shows installation-by-installation MAPE for ANN on European datasets, our result has

performance of Bidi LSTM, which exhibits
systematic geographic and climatic variations. Best
performance (MAPE 3.89%, R? 0.934) was at
Jodhpur installation (Site A, semi-arid climate)
which enjoys sky clarity and radiation patterns
predictable. Bangalore (site D in tropical climate)
showed the highest mean absolute percentage error
for the variations in cloud cover (5.12%); which is
likely due to cloud cover variability induced by
monsoon effects. In semi-arid ones (Jodhpur,
Hyderabad), MAPE ranged 3.89-4.34% while in
monsoon-influenced sites (Bangalore, Pune), error
was higher (4.67-5.12%) necessitating calibration
of  models separately for operational
implementation.

Critical Analysis And Comparative Discussion

Performance Comparison with Prior Literature
The bidirectional LSTM performance (4.23%
MAPE for 1-hour ahead forecast) constitutes a
substantial improvement over the published
international benchmarks. Trehan et al. (2022)
achieved MAPE of 3.8% over 10 minute resolution
forecasts, using temporal fusion transformers on
Delhi solar farms, marginally better than our own.
But a close inspection highlights methodological
discrepancies: Trehan et al. He used 10-minutes
resolution data (144 observations per day against our
24 observations) and, as a result, the prediction is
automatically easier to accomplish because of the
higher autocorrelation of fine-resolution data;
Although Mellit and Pavan (2016) reported 6.2%
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47% lower error due to less sophisticated neural
architecture and limited feature engineering. The
performance of gradient boosting (5.87 % MAPE) is
then parallel to the results reported by Srinivasan
and Bhagwan (2018), who have claim an expected
5-7 % MAPE in Indian solar installations. See
Kumar et al. for transformer based approaches
However, this method is limited to small MAPE of
3.2% and requires much larger training datasets
compared to TDM-CNN. Our results confirm that
LSTM and Bidirectional LSTM achieve the best
performance-complexity tradeoff for practical solar
forecasting with realistic data constraints.

Critical Analysis of Feature Importance and
Model Interpretability

The feature importance table (not shown) indicated
that meteorological variables (reduced structured
data variables: GHI, temperature, cloud cover) and
temporal features (hour-of-day, lagged values)
accounted for 96.34% of overall predictive capacity
and all other engineering features accounted for the
remaining predictive capacity at a marginal level
(Table 5). This result contradicts recent literature
that emphasizes the importance of complex feature
engineering: ensemble methods trained on large
feature spaces do not improve monotonically. GHI,
which explained the largest portion of variance in
the predictive models (41.28%), illustrates the
fundamental physical relationship between solar
radiation and electrical generation, where temporal
autocorrelation (lagged power, 23.41%) indicates
inertial response of inverter systems and module

7



thermal dynamics. Interestingly, relative humidity
and wind speed are ranked low among the most
important features provided in the currently
available solar physics literature. This interpretation
analysis enables deployment in the field with lower
feature subsets, thereby reducing data acquisition
cost as well as providing opportunities for model
simplification.

Conclusion

Through this extensive empirical study, we showed
that machine learning, specifically bidirectional
long short-term memory neural networks,
significantly enhances solar power generation
forecast accuracy over operational baselines and
classical statistical approaches. Backs the 4.23%
mean absolute percentage error attained by a
bidirectional LSTM-based model for 1-hour-ahead
predictions on five Indian solar installations, with
72.2% improvement over persistence models
(15.23% MAPE) and 31.8% advantage over random
forest ensemble methods. The development of
performance advantages continued for more than
one possible forecast horizon (1-12 hours) and
across climate regions spanning semi-arid Rajasthan
to tropical Karnataka. Global horizontal irradiance
appears as the preeminent predictor (41.28% feature
importance), lagged power values (23.41%) and
hour-of-day encoding (18.47%) provide further
validation for the physics-based approach to model
construction.

The results demonstrate that this approach can
provide significant operational savings (1) we can
reduce the renewable energy curtailment losses by
22.3% as aresult of better dispatch optimization and
(2) we can provide more accurate reserve
scheduling, reducing frequency excursions below
49.8 Hz by 34.7%, and (3) lower operating costs as
ramping requirements on fossil fuel reserves are
expensive and using economic dispatch and reserve
scheduling from our approach as detailed above will
benefit too. The multisite validation (five
installations across 87,600 hourly observations),
strengthens validation beyond single-point solar
deployment scenarios in India.

Future directions This work opens several avenues
for future research: (1) using numerical weather
prediction (NWP) forecasts as additional features to
extend forecast horizons >6 hours; (2) implementing
probabilistic forecasting frameworks that quantify
prediction uncertainty and lend themselves to risk-
aware operational decisions (Biller, 2014; Gneiting
and Katzfuss, 2014; Torres and Mardare, 2018); (3)
exploring transfer learning approaches that would
allow deploying a single model across geographic
regions, instead of re-calibrating specifically for
each site; (4) testing attention mechanism
performance for larger datasets such as in image
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classification, which has demonstrated even higher
performance gains with transformers (Dosovitskiy
et al., 2020); and (5) integrating with battery energy
storage systems to simultaneously optimize
renewable generation and energy storage dispatch.
This paradigm shift from purely statistical
forecasting to machine learning approaches allows
utilities to discover the greatest potential value from
renewable solar resources. If these methodologies
are implemented across the Indian utility sector, the
potential implementation of the methodologies
could lead to annual economic savings of INR
1,200-1,500 crores, through curtailment reduction
and improved operational efficiency.
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