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Abstract

The global power sector is shifting from generating electricity using conventional fossil fuel-
based energy sources to cleaner and sustainable renewable energy sources to tackle climate
change caused by anthropogenic greenhouse gas emissions. Among the several renewable
energy options available, the expansion of wind energy has been picking up pace worldwide
and contributed to one-tenth of the global electricity generation in 2023. The Indian wind
energy sector, which has the 4® highest installed wind capacity in the world, has produced
around 5% of the electricity generated in the country in the last financial year. However, the
wind energy industry faces challenges in electricity grid integration because wind is an
intermittent resource. This intermittency can lead to sudden excess or shortfall of power thereby
destabilizing the grid. Accurate wind speed forecasts are integral to solving the intermittency
problem and accelerating the growth of wind energy. This thesis attempts to solve the challenge
of providing high-quality skillful wind speed forecasts over India in the Subseasonal to

seasonal (S2S) scale, a time-scale with low predictability.

The thesis focuses on the S2S scale having a forecast lead time spanning two weeks to a season.
This time-scale i1s widely regarded as the ‘predictability desert” because atmospheric
predictability 1s known to be limited to two weeks. But the S2S forecasts are highly valued,
especially in the wind energy sector, where they help in decision-making and financial
planning. Various meteorological agencies worldwide have started providing experimental S2S
forecasts by employing high-end coupled ocean-atmospheric models. These models are
capable of simulating slowly varying earth system features like the sea-surface temperature,
soil moisture, and snow cover, which aid in long-term predictability. This suggests that the
forecasts of meteorological variables from these models may have some skill and therefore
should be evaluated. This thesis evaluates the performance of the experimental S2S forecasts

over India and calibrates the best performing forecast to further improve its performance.



Forecast evaluation requires good quality reference ground truth, such as station observations,
before being deployed for applications by the wind energy sector. As the wind speed
observation network over India is sparse, not homogeneously distributed, and discontinuous in
time, the wind energy sector relies on meteorological reanalysis datasets. Being a numerical
weather model derived product, the methods of estimating wind speeds in the reanalyses differ,
due to which these renanalyses wind speeds need to be validated to find out which one poses
the closest statistical resemblance to the observations. In this thesis, validation is done for 10
m wind speeds, also known as near-surface wind speeds, as it is the standard height
recommended by the World Meteorological Organization for wind speed measurements. A
comparison of 10 m wind speeds from NCEP1, NCEP2, JRASS, IMDAA, ERAS, and
MERRA?2 with station observations from NCEI-GSOD, spatially averaged over the
homogeneous climate zones of India are carried out using Root Mean Squared Error (RMSE),
Pearson’s correlation, distribution, trend, and robust coefficient of variation for the period
1980-2020. Results demonstrate that JRASS has the lowest RMSE and the highest correlation
and represents the observed distribution, trends, and variability. Therefore, JRASS best
represents observed near-surface wind speeds over India. Among the others, the performance

of ERAS follows JRASS. These reanalyses are used to evaluate the S2S wind speed forecasts.

The JRASS and ERAS reanalyses are used in this thesis, to evaluate the monthly mean 10 m
wind speed forecasts from six ocean-atmospheric coupled models SEASS, GCFS2.0, MF6,
CFSv2, GS5-GC2-LI, and SPS3 at 1, 2, 3, 4, and 5 month lead times for the period 1994-2016
over the homogeneous climate zones of India. Using two different reanalyses helps to
understand how the forecast skill varies with the reference used for evaluation. The evaluation
using deterministic and probabilistic metrics like standard deviation, RMSE, Normalized
RMSE (NRMSE), Fair Continuous Ranked Probability Skill Score (FCRPSS) show that the

raw S2S wind speed forecasts have little to no skill, and their skill is relative to the reanalysis
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used as reference. On aggregation, all the models show 33.83% skillful forecasts using the 2
best reanalysis ERAS but 2.95% skillful forecasts using the best reanalysis JRASS. The raw
forecasts also overestimate the magnitude of Intra-seasonal Oscillation (ISO), which is one of
the dominant modes of intraseasonal variability and a significant driver of subseasonal and
seasonal predictability. Overall, these forecasts are not fit for direct applications and may gain

some skill through calibration.

Among the six S2S models evaluated, the raw wind speed forecasts from the SEASS model are
chosen for calibration. Unlike the others, SEASS raw wind speed forecasts show some skill
over climatology and have long hindcast data that provides ample data points for training,
validating, and testing the calibration algorithms. The calibration uses statistical and Machine
Learning (ML) based methods with JRASS as the reference. The statistical methods are Bias
Adjustment, Quantile Mapping, Ratio of Predictable Components, and the ML-based methods
are Random Forest (RF), Light Gradient Boosting Machine (LGBM), RF lags, and
LGBM lags. The latter two methods use past observations as features in their data. The data
from 1982-2018 are used for training and validation, whereas 2019-2021 are used for testing.
The raw and calibrated forecasts for the testing period are compared using metrics similar to
those in the earlier section. The results show that calibration significantly improves the skill of
raw S2S wind speed forecasts; the statistical methods enhance the raw forecast skill by 125-
197% whereas the ML-based methods enhance the skill by 143-279%. The ML-based methods
significantly outperform the statistical methods and can be considered as the best method for

forecast calibration.

Apart from the individual monthly mean calibrated S2S forecasts, the wind energy sector also
wants to know if the upcoming monsoon wind speeds will be stronger or weaker than
climatology. This information aids the industry in chalking out their plans for the forthcoming
financial year because more than 50% of the total annual power is generated during the
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monsoon months. To address this question, the SEAS5 wind speed forecasts of the peak
monsoon months of June, July, and August (JJA), initialized on the 1% of March, are calibrated
using ML-based methods. The results show that the ML-based calibrated JJA forecasts have
wind speed anomalies of -0.13 to -0.64 m/s, which is close to the observed JRASS5 anomalies
of-0.17 to -0.82 m/s. Therefore, the ML-based calibration algorithms can reduce the systematic
errors of the raw S2S wind speed forecasts, elevate their skill, and predict anomalies that are

important for the wind energy sector.

This 1s a novel study because it addresses a very challenging scientific problem on S2S wind
speed forecasting. It 1s one of the first studies to implement ML-based calibration algorithms
to improve S2S wind speed forecasts. Introducing past observations or lags is also a new
addition to the ML-based calibration algorithms, which have not been applied before. Overall,
this study provides a statistically robust workflow towards obtaining skillful wind speed

forecasts that the wind energy sector can adopt for their operations.
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