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Abstract

Jaisalmer has grown to be one of the important wind energy hubs in India following the de-
velopment of the Jaisalmer Wind Park. In this study we assess the variability of wind speed at
various scales, and the occurrence of wind ramps (defined as the change in wind speed over a certain
period) at Jaisalmer using high-quality in-situ measurements. A distinct diurnal pattern in wind
ramps is seen in winter as the wind speeds show a small but sudden rise in the morning hours
and a drop in the late afternoons. This pattern is absent in the summer months but re-emerges
briefly during August which is the peak of the local summer monsoon season. Version 5 of the
global climate reanalysis by the European Centre for Medium-Range Weather Forecasts (ERA5)
underestimates the magnitude of wind ramps and misrepresents their diurnal timing, with the peak
occurrence shifted. Land-atmosphere interactions are critical in shaping wind dynamics within the
planetary boundary layer, particularly through their influence on the turbulent processes, that are
pronounced in the surface layer where wind turbines are placed. According to widely adopted
bulk parameterizations, the sensible heat flux (SHF) at the surface is parameterized in terms of
wind speed (U) and temperature difference (DT) between the surface and the reference altitude.
Numerous modifications pertaining to different scaling approaches have been proposed to this pa-
rameterization to improve the model accuracy under various conditions. In this study, we found
that during night hours, the SHF downward to the land is strongly coupled with U by a linear
relationship that is particularly pronounced in winter and absent during summer. Moreover, the
periods of prominent nighttime correlation coincide precisely with the ramp-free hours. After sun-
rise, the boundary layer undergoes a transition from forced to mixed convective regime leading to a
brief period of linear coupling between the SHF and U from 12 AM to 4 PM. Unlike the nighttime
regime that is a feature of winters and spans a duration of nearly 12 hours, the daytime regime is
observed during summer over a shorter temporal scale. We find that the stable wind regime during
night is captured in ERAS5 successfully, while the daytime regimes need a significant improvement
in representation.

Keywords: Near-surface wind speed, wind ramps, surface sensible heat flux, bulk parameteriza-
tions, wind energy

1 Introduction

With the increasing energy requirements of the rapidly growing and technologically advancing
global population (1), the whole world is recognising the importance of renewable sources of energy,
particularly wind energy (2). Many countries around the world are expanding their capacity for wind
power generation (3), (4) and recent developments in India’s installed onshore wind power capacity
have been appreciable (5), (6), (7), (8), (9). Among several Indian states, the installed capacity at
Rajasthan has increased manifold in recent decades (10). The geographical positioning of a location and
the topographical features in its vicinity heavily impact the climatology of winds, and the wind power
potential, a popular measure of which is the wind power density (11). The western part of Rajasthan



is considered a viable location for wind farms due to its high wind power density (12), (13), (14). In
addition, the predominant geomorphological feature being sandy dunes makes the land uncultivable,
and the hard terrain makes it ideal for the installation of windmills (15). This rapid expansion of
wind power infrastructure in Rajasthan was exemplified by the development of the Jaisalmer Wind
Park (JWP). With an installed capacity of 1,064 MW, the JWP is India’s second largest and globally
the fourth largest offshore wind facility (16). Thus, an assessment of the spatiotemporal regimes of
wind speed at Jaisalmer is crucial to enhance the accuracy of forecasts of energy generation and the
effectiveness of grid integration. In this study, we characterise the wind speed and its mean diurnal
variability, often referred to as wind ramps which play a crucial role in determining the operational
efficiency of wind turbines and improving short-term energy generation forecasts.

A crucial yet less explored aspect of prevailing wind patterns at a location is the underlying surface-
atmosphere interactions. Land-atmosphere interactions (mainly in the forms of heat and momentum
exchange) shape wind dynamics within the planetary boundary layer, particularly through turbulence
processes that are pronounced in the surface layer where wind turbines are situated. Heat fluxes at
the surface impact the thermal stability within the column which in turn determines the turbulence
and mixing within the boundary layer. A thermally stable boundary layer suppresses vertical transfer
of momentum, leading to a pronounced environmental wind shear which is absent in well-mixed envi-
ronments. A detailed understanding of land-atmosphere interactions and identifying distinct regimes
allows the development of finely tuned regime-aware bulk parameterizations and improved model fore-
casts. Sensible heat flux at the surface is parameterized in terms of wind speed and the temperature
difference between the surface and a near-surface layer of the atmosphere. The widely used bulk
formula is given as

SHF = pc, Cq U AT (1)

where SHF is the dynamic form of the sensible heat flux at the surface (in units of Wm™2), p is the
air density (kgm™2), ¢, is the specific heat capacity at constant pressure (Jkg=' K1), Cp is the bulk
heat transfer coefficient (dimensionless), U is the wind speed at the reference height (ms=!) and AT
is the temperature difference between the surface and the reference height (K or °C).

The Monin—-Obukhov Similarity Theory (MOST) prescribes a framework to relate the bulk heat
transfer coefficient Cir to surface roughness and the state of stability of the atmospheric column.
Thus, the parameterization becomes applicable across different stability regimes. Observational field
campaigns continue to contribute to our understanding of different regimes, based on which numerous
modifications pertaining to different scaling approaches have been proposed to this parameterization
to improve model accuracy in varied conditions (MONTBLEX-90 (17),(18), (19), INCOMPASS (20),
FLUXNET (21), INFLUX (22), MONEX (23), CASES-99 (24), SLTEST (25)). A widely known
limitation of the MOST framework is that it is unsuccessful in parameterizing SHF as we transition
from mixed to free-convection regime. According to Eq. 1, the modeled SHF decreases with wind speed
and tends to take values lower than those at the free convection limit. (26), (27) proposed that we
identify this transitional regime as a “weakly forced” or “near-free” convective regime where Townsend’s
scaling for the free convective limit may be applicable. According to this scaling, SHF is independent
of wind speed and is instead given by

9\ 1/3
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where & is the molecular thermal diffusivity, v is the kinematic viscosity, 6,, is the (constant) potential
temperature within the mixed layer, g is the acceleration due to gravity, w6’ represents the average
eddy sensible heat flux, and Cs is an empirical constant. Analogous to the convective regime where
SHF is parameterized solely in terms of AT, we examine its dependence on wind speed alone across
different stability regimes, with a particular focus on the nocturnal stable boundary layer. To the best
of our knowledge, not many studies have been conducted so far to understand wind regimes along with




land-atmosphere interactions at Jaisalmer in view of its rapid development as a wind energy hub. In
this study, we analyse a high quality observational dataset to address this problem. Additionally, we
also evaluate the widely used ERA5 reanalysis dataset in reproducing these regimes.

Reanalysis data sets are increasingly being used to understand meteorological variables and even in
renewable energy forecasts (28), (29). Among the different reanalysis datasets, the European Centre
for Medium-Range Weather Forecasts’ ERA5 has been shown to be particularly useful in wind power
forecasts (30), (31), (32), (33), (34), (35), (36), (37). Some studies have shown that regional reanalysis
datasets with finer resolutions outperform ERAD5 in terms of local accuracy (38), (39), (40), (41). For
example, the COSMO-REAG6 dataset (spatial resolution 6 km) better resolves local wind patterns in
regions with complex orography and coastlines (42). However, in instances of unavailability of regional
data, ERA5 is widely considered reliable (43), (44), (45). Due to the skill consistently demonstrated
by ERAJ in wind power modeling, especially compared to prior reanalysis data sets, it is being used as
training data for machine learning-based models (46). Recent work finds that ERA5 better captures
the amplitude of daily wind variation at hub height than its predecessors, and this forms an essential
attribute for a training dataset to emulate diurnal and stability-driven variability (47), particularly for
a semi-arid site like Jaisalmer. Comparative assessments note that reanalyses capture multidecadal
mean wind patterns with small biases, but local regime mismatches remain (48), (49), (50); ERA5’s
improved resolution and physics make it preferable as a feature source for ML while still necessitating
local calibration (51).

In summary of our objectives, we analyze high-quality observational data from Jaisalmer to identify
dominant wind regimes in terms of standard aspects including annual and diurnal variability and the
occurrence of wind ramps. Along with this, we find different regimes in the coupling between low-
level wind speed and the sensible heat flux at the surface. At each step, we evaluate how well ERA5
reanalysis reproduces these observed regimes in order to assess its suitability as a resource for wind
energy applications in semi-arid regions such as Jaisalmer. Lastly, we show the spatial extent of the
applicability of our results over the landmass of India.

2 Datasets and Methodology

2.1 Observational Datasets

Near-surface air temperature (T, °C), air pressure (P, hPa), wind speed (U, ms™!), surface sensible
heat flux in its dynamic form (SHF, W m~2), and surface stress (7, Nm~2 or kg m~! s~2) was obtained
from an eddy covariance flux tower located at the Central Arid Zone Research Institute (CAZRI),
Jaisalmer (26.99°N, 71.34°E), for 2017 at a temporal frequency of 15 minutes. This site, part of
the Interaction of Convective Organization and Monsoon Precipitation, Atmosphere, Surface and Sea
(INCOMPASS) field campaign, is characterized by natural vegetation, predominantly Sewan grass,
and represents a semi-arid region in northwestern India. Measurements were made using an EC150
(Irgason) eddy covariance system mounted at approximately 8 m above the ground level. A detailed
description of the site characteristics, instrumentation, and data processing protocols is provided in
(52).

For the observed values of land surface temperature (LST), we used the publicly available LST
product archived at the Meteorological and Oceanographic Satellite Data Archival Centre (MOS-
DAC), a specialized data center managed by the Space Applications Centre (SAC) of the Indian Space
Research Organisation (ISRO) (53) (https://mosdac.gov.in). The LST product is derived from
INSAT-3D/3DR, a series of Indian geostationary meteorological satellites operated by ISRO. The
dataset represents the radiative skin temperature of the land surface, expressed in Kelvin, at a spatial
resolution of approximately 0.1° and half-hourly temporal coverage. The difference between this LST
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and the temperature recorded at the flux tower is referred to as the observed temperature difference
(AT), used in the bulk parameterisation of SHF in the upcoming sections.

2.2 ERAS5 Reanalysis Data

The observations were compared with values of the respective variables in the ERA5 reanalysis
dataset for 2017. In addition to this, in order to evaluate the robustness of variability and trends in
the reanalysis dataset, we present a decade-long analysis of ERA5 from 2014-2023. The ERAD5 re-
analysis dataset, developed by the European Centre for Medium-Range Weather Forecasts (ECMWFEF),
is the successor to the widely used ERA-Interim product (54). ERA5 provides comprehensive global
atmospheric, land-surface, and sea-state variables with enhanced spatiotemporal resolution. It offers
hourly data at a horizontal resolution of approximately 31km and includes 137 hybrid-sigma model
levels extending from the surface up to 0.01 hPa. The dataset is generated using the Integrated Fore-
casting System (IFS), Cycle 41r2, which incorporates a 12-hour 4D-Var data assimilation scheme and
variational bias correction to assimilate a wide range of satellite and in situ observations (55). ERA5
represents a significant advancement in reanalysis quality, with improved consistency, accuracy, and
uncertainty estimates compared to its predecessor.

All analyses pertaining to the gridded ERA5 dataset have been performed at a single grid cell
nearest to the flux tower site in Jaisalmer. Six single-level variables (56), namely temperature at 2m
(near-surface, short-name: t2m, unit: K), skin temperature (skt, K), surface sensible heat flux (sshf,
Jm™2), and 10m U and V wind components (u10 and v10, m s~1), and friction velocity (zust, m s™!)
were downloaded at a temporal frequency of 1 hour. One pressure-level variable namely, temperature
at 1000 hPa was also downloaded at the same temporal frequency. All data are publicly available at the
Copernicus Climate Data Store (57). Of these, the values for temperature at 2m, skin temperature,
and 10m U and V wind components are instantaneous in time. The two wind variables were combined
using vector addition to compute the total wind speed at 10 m. Unlike the aforementioned variables,
surface sensible heat flux values were originally available as hourly accumulations. Moreover, as per
the sign convention used by ERAS, the hourly accumulated fluxes are positive in the direction from the
air downwards into the Earth’s surface, and vice versa. For this analysis, these values were converted
to mean flux per second (W m~?2) by scaling all values by —1/3600, reversing the sign convention so
that fluxes into the land are represented with a negative sign in all subsequent sections.

2.3 Computing Obukhov Length

The Monin—Obukhov length is a key parameter in surface-layer similarity theory used to understand
the relative importance of buoyancy and mechanical shear in generating turbulence.

u3 0y

- a7’
kg w'o!,

L= (3)

where u, is the friction velocity, 6, is the mean virtual potential temperature, x is the von Karman
constant (= 0.4), g is the acceleration due to gravity (9.81 ms~2), and w'@ is the kinematic virtual
potential temperature flux. A smaller magnitude of L implies a stronger buoyant influence, whereas
a large |L| indicates turbulence mainly governed by shear. Negative values of L indicate unstable or
convective conditions where buoyancy enhances turbulence, positive values indicate stable conditions
where buoyancy suppresses turbulence, and |L| — oo corresponds to neutral conditions dominated by
mechanical shear.

Due to the lack of humidity observations, the specific humidity was assumed to be zero, so that the
virtual potential temperature 6, reduces to the potential temperature #, and the virtual temperature
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flux w’0), reduces to kinematic sensible heat flux w’6’. The potential temperature was computed from
the measured temperature T' and pressure p using

-r ()"

where pg = 1000 hPa is the reference pressure, R4 is the gas constant for dry air, and ¢, is the specific
heat capacity of dry air at constant pressure. The dynamic sensible heat flux (SHF, in Wm™2) as in
the observational data were converted to kinematic form using

SHF

w'e = . )
. (5)

Combining these relations gives

30
L=——47 where u, = \/? (6)
p

kg W'’

For the computation of the Obukhov length (L, m), the potential temperature (0, K) was derived from
the ERA5 air temperature at 1000 hPa, which served as the reference pressure (Fp).

2.4 Computing wind speed ramps

The variability of low-level winds and the skill of ERAJ5 in its emulation were assessed systematically
in several steps, such as comparing their annual and diurnal cycles and the patterns in change of wind
speed. A wind ramp is defined as the change in wind speed over a certain duration (58), (59). The
flow chart in Figure 1 describes our methodology in computing wind ramps and identifying regimes in
their magnitude, duration, likelihood of occurrence during different phases of the diurnal cycle, and
any seasonal variations in these features.

The results pertaining to each of these steps are presented in the following sections. The codes for
the analyses performed on the datasets can be accessed in this GitHub repository.

3 Results

3.1 Annual and diurnal variability of variables

We begin by visualizing the observed seasonal and diurnal variability in near-surface air tem-
perature, horizontal wind speed, and sensible heat flux at the surface at Jaisalmer during 2017 and
comparing them with the corresponding ERAS reanalysis values. Figure 2 shows the annual range of
values of each of the three variables in ERA5 from 2014-2023 for robustness and compares it with the
observed ranges during 2017. The annual range of observed near-surface temperature values during
2017 goes from 273.9-320.3 K with the inter-quartile range (IQR) between 295-308 K and the median
being at 302 K (Figure 2b). The distribution is right-skewed. In the ERA5 dataset, the annual range
during 2017 is between 277.8-319.3 K and the IQR between 294-307 K, while the median is at 301 K.
Although ERA5 gets the median and the IQR nearly correct, it fails to simulate the lower extreme,
thus underestimating the skewness in the distribution. The disparity in the lower limits of the two
datasets may be attributed partially to the coarser temporal resolution of ERA5, which may smoothen
out short-term variability captured in the higher-resolution observations (15 minutes). Throughout
the decade, the median annual temperature as simulated in ERA5 is ~301 K while the IQR and the
annual extremes vary. Nonetheless, all distributions are right-skewed.
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II ERAS5: Wind speed data at hourly frequency for 2017.
Flux tower: Wind speed data at 15-minute frequency for 2017; converted to hourly (mean).

‘2 | Compute ramp magnitude at each hour by forward difference over each ramp duration (1, 2, ..., 8 hours) |

|3‘ Parse the year-long list into 12 months

| How frequently are the different ramp magnitudes pertaining to different durations observed in month? |

Distribution of ramp magnitudes for each duration considered for each month.
E Bin-width determined using the Freedman-Diaconis rule; h = 27*117—12 (where n is the number of observations)
n /3

2

Mean ramp magnitude Standard deviation (o) of
for each duration the ramp magnitude for a
considered for each each duration considered
month. for each month

L

Filter out ramp events with magnitudes
E lying in the range [—o, +0] to retain only
the “strongest ramps”

.

When do the strongest ramps pertaining to a certain
duration occur during a given day of a certain month?

Distribution of the hour-of-day when the
strongest ramps occurred for each duration
considered for each month

Figure 1: Analysis for wind ramps.

The distributions for wind speed at 10 m as simulated in ERA5 are left-skewed with long tails on
the right throughout the decade including 2017. Across all years, the median remains close to 3.5 m
s~! and the IQR well within 2.5-5.2 m s~!, while the higher extreme values vary between 12-15 m s+
determining the tailedness of the distribution. Contrastingly, the observations recorded in 2017 have
a much lower median of ~2.3 m s~! and a shorter IQR between 1.5-3.7 m s~! (Figure 2d), indicating
non-systematic overestimations by ERA5. The sensible heat flux observed at the surface during 2017
ranges from -169-610 W m~2, with the IQR being -8-109 W m~2 and the median nearly coinciding
with the lower bound of the IQR at 0 W m~2. The distribution is heavily skewed towards the left.
While ERAS5 successfully simulates this characteristic skewness, as well as the value of median and the
IQR robustly throughout the decade, the annual range is highly misrepresented. Hourly averages in
ERAS during each year from 20142023 range strictly between -68.3-405 W m~? indicating its inability
to simulate extremes.
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Figure 2: Boxplots representing the annual range of values for near-surface temperature (K) (a, b),
wind speed at 10 m (m s™!) (¢, d) and SHF (W m~2) (e, f). The years are indicated along the x-axis,
and the data used is ERAD reanalysis (a, ¢, e) and observations (b, d, f) for the respective variables.
The top and bottom edges of each box represent the 75th and 25th percentiles (inter-quartile range)
of the distribution, respectively. The central line marks the median. The maximum length of the

whiskers is extended up to 1.5 times of the IQR on both sides of the box, and the remaining extreme
values are marked as outliers.

The intra-annual variability in the above-mentioned variables is visualized using daily averages in
order to neglect the diurnal variation which has been studied separately later. This observed daily
average in 2017 is the lowest during December with values as low as 283 K that rises and peaks at



310 K during June. Following this increase, it gradually decreases during the local summer-monsoon
season from June to September and then more rapidly between September and December. In addition
to this, variations on a sub-monthly scale during winter may be attributed to the passage of synoptic
systems such as western disturbances (60). Qualitatively, this interseasonal and subseasonal variability
is seen to be well represented in ERA5 during 2017 (Figure 3a). However, despite capturing the
qualitative pattern well, ERA5 exhibits notable deviations in magnitude, with daily averages differing
from observations by up to 5 K on certain days. The overall annual bias is -0.5 K. Similar to the near-
surface temperature, the observed wind speed shows a seasonal pattern. Although highly fluctuating on
shorter temporal scales, low-level wind speed is observed to gradually increase from winter to summer,
gaining the highest values of about 9-10 m s~! around the local monsoon season, after which it drops
again to values between 2-4 m s~! (Figure 3c). As signatures of active and break spells during the
Indian summer monsoon, intraseasonal variations are observed to be highly pronounced between June
and mid-August, with the average daily values fluctuating between 2 m s~ and 10 m s~! during this
period. These fluctuations are well captured in ERA5. Throughout the year, the wind speed is highly
overestimated by ERA5 with anomalies as high as 150% on some days and the overall annual bias
being 1.1 m s~! (Figure 3d).

The daily average surface sensible heat flux is observed to increase gradually from January and
peak at ~120 W m~2 during June, then oscillate sharply to values as low as 10 W m~2 between July
and September, following which they decline gradually to attain the lowest values in December (blue
solid line in Figure 3e). This seasonal variation is simulated well in ERAS5 (red solid line in Figure 3e).
The standard deviation of the daily mean values over a decade in ERA5 data is nearly negligible during
the winter months but is very high during summer when the soil moisture content is increased due
to the local monsoon season controlling a major fraction of the heat exchange between the land and
the atmosphere happening in the form of the latent heat of evaporation of water. ERA5 computes
erroneous values particularly during the local monsoon months with the anomalies being as high as
300%, whereas during the other months of the year, the values are slightly underestimated (Figure 3f).
The mean annual is -6.8 W m™2.

In order to assess the diurnal variability in the observed values of variables and the skill of ERA5
in simulating these values, we particularly select two months namely May and December. A large
seasonal contrast in the local weather conditions is seen between these months at a semi-arid location
like Jaisalmer. The boundary layer is typically deepest during premonsoon months such as May
and shallowest during winter months such as December, representing two extremes of boundary layer
dynamics. These contrasting conditions motivated our choice of months. The observed values of near-
surface temperature and surface sensible heat flux follow a similar characteristic diurnal cycle in both
seasons alike. The near-surface temperature is lowest during the night, starts increasing after sunrise,
and continues to increase during daytime to reach its highest value at 316 K and 298 K in May and
December respectively, and then decreases after sunset until the next sunrise. Diurnal values range
between 303.1-316 K during May, and between 283.5-298 K during December (Figure 4a). Throughout
the day, ERA5 underestimates the near-surface temperatures causing a negative bias of -0.7 K in May
and -1.2 K December respectively. A notable feature in the diurnal variation in ERAS5 is that the curve
nearly flattens out between 15:00 and 18:00 hours invariably during both months. In the case of the
surface sensible heat flux, both its magnitude and direction depend upon the time of day. During the
night, when the land undergoes radiative cooling and the air above is warmer, the sensible heat flux
is directed into the ground (negative) and shows only slight variations in magnitude. After sunrise, as
the land heats up rapidly due to the incoming solar radiation, the direction of the sensible heat flux
changes. It increases rapidly to a high positive value until afternoon (130 W m~2 in December and
300 W m~2 in May) and then drops until it again becomes negative after sunset (Figure 4e, f).
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Figure 3: (a, ¢, e) Time series showing intra-annual variation in near-surface temperature (K), wind
speed at 10 m (m s~') and SHF (W m~2) respectively, in terms of ERA5 day-wise decadal average,
first standard deviation, daily mean for 2017, and daily mean for 2017 for observations. (b, d, f) Time
series for the error shown by ERA5 with respect to observations in the daily mean for 2017.
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Figure 4: Diurnal variation in near-surface temperature (K) (a, b), wind speed at 10 m (m s™1) (c, d),
and SHF (W m~2) (e, f) as seen in ERA5 reanalysis and observational data and their anomaly. We
compare this between May (summer) (a, ¢, €) and December (winter) (b, d, ) for 2017. The difference
axis (red) shows the bias of ERA5 with respect to observations. The error-bar in observations shows
the hour-wise range of values over all days of the respective month.

We also observe that the hour-wise values through the month show greatest variability during the
daytime hours and very low variability during nighttime, as can be inferred from the length of the
range-bars in Figure 4e, f. ERA5 values differ significantly during the nighttime hours in December.
In Figures 4e and f, the percent error of ERA5 computed with respect to the observational values
blows up at certain points where the hourly mean of the measured SHF is close to zero. To circumvent
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this, we considered a minimum threshold of 2 W m™2 for the observed SHF in order to compute
the corresponding percent error seen in ERA5. The resultant daily bias of ERA5 with respect to
observations is -7.8 W m~2 in May and -7.3 W m~?2 in December.

Unlike SHF and the near-surface temperature, the low-level wind speed does not show a clear
diurnal pattern. In general, observed wind speeds are higher during May (3-5 m s~!) than in December
(1-3 m s7!) as has been stated previously while describing the seasonal variability of winds. ERA5
is seen to overestimate values at each hour resulting in an overall daily bias of 0.9 m s~! in May and
1.3 m s~! in December. Notably, the difference between ERA5 and the observed values is the least
during the afternoon hours in both the months (~3 pm in December and ~4 pm in May) (Figure 4c,
d).

3.2 Wind ramps at Jaisalmer

Although wind speeds do not show a striking diurnal cycle as can be inferred from the long variabil-
ity whiskers in Figure 4c¢-d, an important feature of the mean diurnal plots for both May and December
is a monotonic increase in wind speed during the morning hours. This begins earlier in the day and
occurs much more rapidly during May (between 5 am and 10 am) than in December, when it is much
more gradual and prolonged (10 am to 4 pm) (Figure 4c, d). This aspect, often referred to as ramps
in wind speed, is crucial when it comes to evaluating and forecasting diurnal variation in wind power
generation. Modern wind turbine designs are capable of generating electricity at relatively low wind
speeds, with cut-in thresholds typically ranging between 3-4 m s~!. Consequently, even under nearly
calm conditions, an increase of approximately 3 m s~! can initiate power production, highlighting the
significance of such wind speed variations. In the following section we systematically analyse the wind
ramps observed at Jaisalmer and the ability of ERA5 in capturing them.

We find that changes in wind speed within an hour go up to ~4 m s~! on some days in May but do

not exceed ~2.5 m s~! in December. ERAS5 largely underestimates ramps on a daily scale such that
the ramp magnitude goes only up to 2 m s~! on most days in May and up to 1 m s~! on most days
in December (Figure 5c, d). Interestingly, however, it does capture very well the hour-wise variation
when averaged over a month, especially during May but also December (Figure 5e, f). This points
towards a limitation of ERAb in capturing diurnal variability in wind power generation on any given
day, while still demonstrating reliability when applied at the monthly scale. This is true for all other
months of the year (Figure 11).

In analyzing ramps of different durations, we computed the change in wind speed over a certain
duration, and that value was assigned to the lower limit of the considered period. We learn that as we
compute ramps over longer durations up to 8 hours, higher magnitudes become increasingly probable.
This is an indicator of the cumulative growth of wind speed over that duration. Changes in wind
speed over an hour go up to 2.5 m s~!, but the cumulative ramp magnitude over durations as long
as 8 hours does not exceed roughly 4.5 m s™! as is clearly seen in Figure 6. The distribution of the
cumulative change in wind speed over long durations shows very slight seasonal variations. We find
that the highest ramp magnitudes occur during the summer and monsoon seasons, whereas those in
winter are slightly lower. We have shown distributions for some representative months in Figure 6.
The mean and mode of the observed wind ramps was found to be close to zero for all ramp durations.
The contours on the heatmap indicate the frequency of ramp events derived using ERA5 data. They
closely follow the distribution depicted by the heatmap in their qualitative form and orientations. The
red lines in each row mark the +1o0 of the distribution in that row.
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Figure 5: Diurnal variation in the rate of change of wind speed per hour for days in May (a, ¢) and
December (b, d) as seen in the observational (a, b) and ERA5 (c, d) data. Each thin colored line
represents one day (31 thin lines for both December and May respectively) and the thick black line
is the hour-wise monthly mean. The hour-wise mean computed over observed and ERA5 values has
been presented in sub-figures e (May) and f (December).

Having characterized the magnitudes of wind ramps occurring over different durations, we next
assess whether these ramps preferentially occur during specific hours of the day. For this purpose,
ramp events were filtered to retain only those with magnitudes greater than the +1 standard deviation.
This range has also been mentioned in the far right margin of Figure 6. During the winter months
of December (Figure 6d) and January, wind ramp events occur most frequently in the morning and
late afternoon hours, indicating a distinct diurnal preference. In contrast, such a well-defined diurnal
cycle is absent during the summer months, when the boundary layer is deeper and turbulence is
predominantly buoyancy-driven. The absence of a distinct diurnal cycle extends through the onset
phase of the monsoon and the early monsoon weeks of July, when boundary-layer dynamics remain
strongly modulated by transient convective activity. In August, which coincides with the climatological
peak of annual rainfall over Jaisalmer, a renewed well-defined diurnal pattern in ramp occurrence
emerges. The number on each grid-cell in the heatmaps 6b, d, e shows the deviation of ERA5 from
the observed value. Herein, the values in yellow represent positive deviations or over-estimations by
ERA5 and those in white imply underestimations. An alternate occurrence of patches numbers as
is very clearly apparent in the month of August (Figure 6f) means that ERA5 displaces the most
preferred hour of wind ramp occurrence implying impending failure in short-term forecast of ramps.
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For the sake of brevity, distributions for months other than May, August, and December have not been
included in this section but can be found in the supplementary material (Figure 12, 13).
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Figure 6: Heatmaps showing the frequency of occurrence of wind ramp events of durations ranging
from 1-8 hours (along the ordinate) in (a) May, (c) December, (¢) August as observed during 2017.
The contours represent the corresponding values in ERA5. The red vertical segments in each row mark
the £1 standard deviation pertaining to the distribution in that row (also mentioned on the far right
margin of the figure). (b, d, f) correspond to the diurnal occurrence of ramps with magnitudes outside
the mentioned range. The number in each gridcell is the error shown by ERAS5.

During certain periods of the day, distinct patches appear in the diurnal cycle where wind speed
remains nearly steady and rapid fluctuations are suppressed. This pattern is most pronounced in
December and January, when the diurnal periodicity in wind ramp occurrence is well defined. This
strengthened our motivation to examine the relationship between low-level wind speed and surface sen-
sible heat flux to assess whether the absence of ramps is associated with particular surface—atmosphere
coupling regimes or thermodynamic controls.

3.3 Bulk parameterization of SHF

We find that the low-level wind speed at night scales linearly with the sensible heat flux directed
into the ground (Figure 7), particularly during December and January, when the boundary layer is
extremely stable and the temperature inversion is pronounced. This linear relationship is not evident
at shorter time scales, such as 2-hour intervals (Figure 9), but becomes apparent when the coefficient
of determination (R?) is computed over longer periods of approximately 12 hours (i.e., from 6 pm to
6 am). ERA5 shows a stronger correlation than the observations, yielding an R? value of 0.69 compared
to 0.54. A notable feature of this relationship is that it manifests only above a certain wind speed
threshold (~ 1.2 ms™! in December), below which the sensible heat flux remains nearly invariable.
ERA5 overestimates this threshold to ~ 1.8 ms™!. Such a linear relationship is largely absent during
summer, when the nighttime inversion is comparatively weaker. Figure 8 illustrates the intra-annual
variability in characteristics of the nighttime regime, namely the coefficient of determination, slope, and
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intercept, revealing a clear seasonal trend. While the linear relationship is strongest during the winter
months of December and January, it gradually weakens as summer approaches, and disappears in June,
before re-emerging in winter. ERAD fails to capture this gradual seasonal transition, instead exhibiting
a more abrupt and “jumpy” distinction between summer and winter. Moreover, ERAS5 fails to capture
the correct seasonal timing as it shows the strongest nighttime correlations in March and October,
whereas the observations show they actually occur in December and January. The anomalously strong
linear relationship in October disrupts the expected seasonal gradient. In months with considerably
high R? values, the negative slope predicted by ERA5 is much steeper, and the threshold wind speed
higher.
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Figure 7: Comparison of scatters between SHF (W m~2) and wind speed (m s~1) for the months of May
(summer) (a, b) and December (winter) (c, d) in 2017 using ERA5 reanalysis (a, ¢) and observational
(b, d) data respectively. The points have been colored as per the hour of day, and also differentiated
between nighttime (defined as 6 pm to 6 am) and daytime (6 am to 6 pm) using open and closed circles
respectively. The black solid lines are the linear fits for points during the nighttime with SHF < 0.
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In addition to the night-time regime observed during winter, we also identified a day-time regime
occurring in the summer months, specifically May. During peak afternoon hours, sensible heat flux
and wind speed exhibit a linear relationship. Visually, this appears as a distinct band of scatter points
corresponding to the time slots 12-2 pm and 2—4 pm in the Figure 7a, b. This regime is much shorter in
duration compared to the longer-lasting night-time regime. A contrasting seasonality is evident, where
the daytime regime reaches its peak in May and is largely absent in other months. In some months,
negative R? values are observed during the said time slots. ERA5 overestimates the day-time linear
relationship in May and also shows erroneously high correlations during the winter months, failing to
capture the correct seasonal trends.

Figure 9 shows the month-wise diurnal variation of the coefficient of determination (R?) between
surface sensible heat flux and low-level wind speed, computed over 2-hour intervals. Panel (a) cor-
responds to the observations, and panel (b) to ERAS reanalysis particularly during 2017. In the
observations, the diurnal evolution of R? exhibits a clear seasonal dependence, with distinct nighttime
and daytime regimes. The winter months exhibit a concave diurnal structure, with the highest correla-
tions occurring at night, when the boundary layer is stably stratified, and reduced R? during daylight
hours when wind—flux coupling is weakest. As the year progresses toward summer, this concavity grad-
ually transitions to a convex shape, reflecting the dominance of the daytime regime during afternoon
hours (124 pm local time), when strong surface heating drives turbulence and enhances wind—flux
coupling. Intermediate months display transitional shapes, with both regimes contributing to the
overall diurnal pattern. ERA5 reproduces some aspects of the observed diurnal variability but with
notable discrepancies. While it correctly suggests a stronger relationship during the night, particularly
in winter, the R? values are generally higher than in the observations across most months and hours,
frequently exceeding 0.8 during the winter nighttime. Critically, March and October are incorrectly
simulated as having one of the strongest nighttime correlations, with R? values approaching 0.9. The
distinct concave shape in winter is not captured; instead, a persistent midday peak is evident in almost
all months, making the curves more uniform regardless of season. The convexity during the summer
months, however, is well represented. In addition, these month-wise diurnal cycles in ERA5 may be
considered robust and not an artefact of 2017 in particular, as these patterns have been consistently
reproduced throughout the entire decade from 2014 to 2023 (Figure 14).

b) Hourly Wind Speed over 2014-2023

Hourly SHF over 2014-2023

1.0

Correlation with Jaisalmer

Figure 10: Spatial correlation with Jaisalmer for (a) SHF, (b). U, (c). R2 between U and SHF. Triangle
in yellow represents the location of Jaisalmer.

4 Summary and Discussion

In this study, we began by evaluating the values of three variables: near-surface wind speed (~ 8m),
near-surface air temperature (~ 8m), and the surface sensible heat flux observed at a flux tower in
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Jaisalmer as part of the INCOMPASS field campaign during 2017. The observed magnitude ranges, as
well as the annual and diurnal variations in each variable, were compared with their analogues in the
ERADS reanalysis data (horizontal wind speed at 10 m, temperature at 2m, and the surface sensible heat
flux) in order to evaluate the skill of the reanalysis dataset in reproducing the observations at Jaisalmer.
In particular, the comparison of diurnal cycles was done separately for May and December, considering
the stark seasonal differences at a semi-arid location like Jaisalmer. To assess the consistency in trends
seen in ERA5, we considered a ten-year period of ERA5 data (2014-2023), centered around the year
2017 for which observational data was available.

We learnt that the median and IQR of near-surface temperature and SHF in ERA5 were robust
across years and matched well with observations. While ERAS5 also captured the overall range for tem-
perature, it failed to capture the extreme negative and positive SHF values seen in the observations.
This may be partly attributed to the mismatch in temporal resolution of the two datasets (hourly
in ERA5 versus 15 minutes in observations). On the other hand, for wind speed, ERA5 captured
the extreme magnitudes and overall range, but the median and IQR were substantially overestimated
compared to observations. This bias persisted across the entire decade in ERA5, and annual variability
comparisons also showed daily mean wind speed errors reaching up to 150%. Wind speed exhibited
strong oscillations throughout the year, particularly from June to August during the local monsoon
season, which was also when ERAD5 showed the highest interannual variability. Near-surface tem-
perature followed a clear annual cycle with the lowest extremes occurring in December and January,
rising steadily to peak in June, decreasing through September, increasing slightly in October, and
declining again toward winter. ERA5 reproduced this pattern well, although at some instances the
daily means differed by —8 to 4 K. SHF showed an analogous annual cycle such that it was lowest
in December and January, increased steadily to reach its maximum in June, and exhibited a sharp
dip in August which is climatologically known to be the month of highest annual precipitation, likely
due to enhanced soil moisture and the resulting dominance of latent heat flux over sensible heat flux.
It rose again in September and decreased toward winter. Characteristic diurnal cycles were evident
for temperature and SHF, but not for wind speed. In both May and December, SHF peaked around
1 pm; however, December exhibited high negative SHF values after the local sunrise, extending into
late morning hours (9-11 am) and just before sunset, whereas in May negative values occurred only
during nighttime hours (i.e., after sunset and prior to sunrise). Near-surface temperature began to rise
around 6:30 am in May and 8:30 am in December due to the later sunrise, and began to decline much
earlier in December. The temperature difference between the two months was approximately 20 K at
all hours. Wind speeds were generally higher and showed more variation in May than in December,
with a characteristic pickup in wind speed during the morning hours in both months. These qualita-
tive patterns were faithfully captured in ERA5, providing confidence to proceed with more detailed
and non-trivial comparisons between the two datasets. Given the growing technological importance of
Jaisalmer as a wind energy hub, we proceeded to compare more nuanced characteristics such as the
occurrence of wind speed ramps and the coupling of low-level wind speed with the sensible heat flux
at the surface.

Despite the absence of a strict diurnal cycle in wind speed, its gradual rise during the morning hours
in both May and December motivated a detailed evaluation of ramps in low-level horizontal wind speed
over Jaisalmer. Hourly ramps were observed to be much stronger during May (when the overall wind
speed was also higher, as discussed previously) (up to 4ms~!) than in December (up to 2ms~!). ERA5
does not capture this variability on an hourly scale. However, the monthly average diurnal cycle of
wind ramp magnitudes in ERAD5 is highly comparable to that computed using flux-tower observations
implying the usability of ERA5 in forecasting average diurnal variability in wind power potential over
monthly time scales. Wind speed at lower levels is related to that at higher elevations, such as the
100m hub height, through power-law or logarithmic relationships that depend on local conditions.
Consequently, wind ramps that occur near the surface can translate into corresponding changes at hub
height. Accurate modelling of wind ramps is essential for forecasting wind power generation, as wind

17



power potential is proportional to the cube of the horizontal wind speed (61), and rapid changes in
wind speed can also influence turbine efficiency.

1
P= §pAU3 (7)

where P is the wind power potential (W), p is the air density (kgm™3), A is the swept area of the
turbine blades (m?), and U is the horizontal wind speed (ms™!). Analysis of wind ramps of different
durations (ranging from 1 to 8 hours) revealed that the strongest ramps over Jaisalmer do not exceed
a magnitude of 4 m s~ and occur during the summer months. During winter, the occurrence of
wind ramps shows a clear diurnal cycle with the morning and late afternoon hours experiencing the
highest number of wind ramp events. This distinct diurnal pattern is absent in the other months but
re-emerges strongly only during August, which is also a month experiencing a significant dip in SHF
as its value becomes comparable to that during the winter months. This characteristic month-wise
diurnal cycle in occurrence of wind ramps is represented poorly in ERAS5.

Interestingly, the period of no wind ramps in winter coincides well with the night-time during which
the low-level wind speed and the sensible heat flux directed into the land are linearly related. During
the winter months, particularly in December and January, the nocturnal sensible heat flux directed
into the land surface exhibits a near-linear scaling with low-level wind speed once a critical threshold
of approximately 1-1.2 m s™! is exceeded. This regime progressively weakens and disappears in the
summer season. In contrast, during summer, a comparable linear relationship is observed only for a
brief interval between 12 pm to 4 pm IST.

Heat exchange in the boundary layer may be thought of as a combination of three simultaneously
occurring interdependent processes namely, the exchange between the surface and the lowest layer of
the atmosphere (SHF), vertical mixing of this heat in the mixed layer through turbulence processes,
and the horizontal advection of heat by background winds in response to spatial gradients. Unique
balances between these processes and their competing rates may explain the distinct regimes that we
observed. The temporal scale of each regime would be determined by the rate associated with the
slowest process.

During winter nights, strong radiative cooling of the surface establishes a highly stable boundary
layer with a pronounced temperature inversion and a consequent absence of buoyancy-driven turbu-
lence. Mechanically forced turbulence becomes the dominant mechanism for vertical mixing of air
parcels. Shear-generated eddies intermittently transport warmer air parcels to lower atmospheric lev-
els that are colder by virtue of their proximity to the ground. This transport of warm air parcels
enables sensible heat transfer into the surface in the presence of a temperature gradient established
as a result of the radiative cooling. This establishes a one-to-one relationship between the wind speed
(causing mechanical turbulence) and heat flux directed into the ground. When the wind speed is
low, shear-driven turbulence is not efficient enough to facilitate a downward transfer of warm parcels,
which explains the threshold in wind speed below which SHF is unresponsive to any changes in it. The
rate of turbulent transport through vertical mixing exceeds that of the evolving temperature gradient
between the land and near-surface air caused by radiative cooling, such that the latter constrains the
pace of the overall flux magnitude. Thus, while wind speed primarily governs the magnitude of the
sensible heat flux into the ground, the time scale of this regime is controlled by the rate of change of
the temperature difference, a combination of radiative cooling and sensible heating.

Contrastingly, during summer afternoons, high positive SHF causes vigorous convection which
along with the contribution from shear-driven turbulence gives rise to a highly efficient mechanism for
vertical mixing. Jaisalmer being at the far northwestern end of the Indian summer monsoon trough,
the summer months of May and June are characterized by peak seasonal heat and dryness, eliminating
the possibility of any losses in the form of the latent heat of vaporization of water. Moreover, the
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rate of change of SHF is also the least as it peaks during this period (Figure 4e). Rapid and efficient
vertical heat transfer implies that turbulent mixing time scales become shorter compared to those of
horizontal advection and SHF at the surface. This leads to a coupling between SHF and near-surface
wind, producing the observed daytime linear scaling for a brief period during which this balance is
non-transient and persistent.

In order to substantiate these hypotheses and better understand the underlying mechanisms, de-
tailed large-eddy simulation (LES) experiments will be required. Unlike conventional LES studies
wherein a fixed surface sensible heat flux is prescribed, such simulations should allow the surface flux
to respond interactively to the evolving thermodynamic and dynamical state of the boundary layer.
This would enable a more realistic representation of how SHF co-evolves with varying stability regimes,
background wind conditions, and turbulence structures. This framework may further help explain the
discrepancies in ERA5, which arise from its parameterized representation of these processes, particu-
larly during the afternoon unstable boundary layers.
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Figure 11: Supplementary Figure S1. Observed change of wind speed per hour for different months
in 2017 compared with ERA5 reanalysis data.
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linear relationship between surface sensible heat flux and wind speed as seen in ERAS reanalysis for
ten years from 2014-2023, compared with the pattern in observations during 2017.

27



January 10 February March

R? (DT vs SHF)
-
=

R (DT vs SHF)
o
=

R2 (DT vs SHF)
o
=

0.2 0.2 0.2
0.0 0.0 0.0
- | | | -02 - ! !
02 5 10 15 20 024 5 10 15 20
Hour of day Hour of day
N April N . June
0.8 08
f
T 06 / T 06 I
4 x x
2 g, 2 2014
5 5 ) 2015
% 02 T o0z & 2016
o 2017
o2 ; i@ 5 ® -02 ; % % @ 2018
Hour of day Hour of day 2019
N July L August
2020
08 08 & 2021
L o £ os £ 2022
n o} ]
2 oa 2 o4 g 2023
= = =
o =) 1)
% 02 % 02 w Obs, 2017
0.0 0.0
oz 5 10 15 0 02 5 10 15 20 02 5 10 15 20
Hour of day Hour of day Hour of day
1 October 10 November " December
08 08 038

R? (DT vs SHF)
s
=

R (DT vs SHF)
=
=

R? (DT vs SHF)
°
=

0.2 0.2 0.2
0o 00 0.0
0z 5 15 20 025 5 0 025 5 o)

10 10 15 10 15
Hour of day Hour of day Hour of day

Figure 15: Supplementary Figure S4. Testing the applicability of Townsend’s regime, proposed also
as the weakly-forced convective regime previously. Diurnal variation of the coefficient of determination
for the linear relationship between surface sensible heat flux and temperature different as seen in ERA5
reanalysis for ten years from 2014-2023, compared with the pattern in observations during 2017.
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