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ABSTRACT

Understanding how climate variability influences wind-power resources is critical for energy security, particularly in countries
such as Kenya where reliance on weather-sensitive generation is increasing. Using ERAS5 reanalysis, climate-mode indices, site
observations where available and modelled wind-power potential, we quantify how three major tropical climate modes relevant
to subseasonal-to-seasonal (S2S) wind-power variability, the Madden-Julian Oscillation (MJO), El Nifio—Southern Oscillation
(ENSO) and Indian Ocean Dipole (IOD), influence Kenya's wind-energy system. Results show that MJO Phases 2—-4 generally
suppress wind-energy potential across Kenya, while Phases 6-8 enhance it. ENSO influences are weaker and more seasonally
selective, with El Nifio favouring suppressed wind-energy potential during October-November-December and La Nifia favour-
ing enhancement during April-May-June. The IOD imprint is strongest in October—-November-December, when positive IOD
conditions weaken wind-energy potential across key inland regions and negative IOD conditions strengthen it. Using a perfect-
forecast framework that assumes known MJO, ENSO and IOD states, with forecast skill evaluated through leave-one-out cross-
validation, we quantify the potential value of climate-mode information for wind-power prediction. We show that conditioning
on the MJO provides the largest single-mode improvements in deterministic and probabilistic wind-power forecast skill relative
to monthly climatology. Conditioning on ENSO and the IOD yields smaller, season-dependent skill gains, with the strongest im-
provements occurring in October-November-December. Combined MJO-ENSO-IOD conditioning gives the largest overall skill
improvement. Taken together, these results identify a clear hierarchy of predictability: MJO information provides the strongest
subseasonal contribution to wind-power prediction, while ENSO and IOD provide broader seasonal context and smaller refine-
ments. This hierarchy supports the development of climate-mode-informed “windows of risk and opportunity” that translate S2S
climate information into practical services for anticipatory, risk-informed wind-energy operations and planning in Kenya, with
potential relevance for wider East Africa.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.
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1 | Introduction

The Sustainable Development Goals (SDGs), particularly SDG
7 on clean and affordable energy and SDG 13 on climate action
(UNDP 2025), have accelerated the global shift towards low-
carbon energy systems. In East Africa, this transition is sup-
ported by the existence of abundant renewable resources and
coordinated regional planning frameworks, such as the Africa
Clean Energy Corridor initiative (Saadi et al. 2015). Renewable
energy deployment in the region has expanded steadily over
the past decade, with hydropower increasingly complemented
by solar and wind technologies IRENA 2025). In Kenya, this
expansion is exemplified by operational wind farms at Lake
Turkana (LTWP 2019), Ngong Hills (KenGen 2025), Kipeto (The
Wind Power 2025) and Kilifi (Global Data 2024), with additional
proposed or pipeline developments in counties such as Laikipia,
Meru, Narok Plains, Nyandarua, Nyeri and Samburu, which
have been earmarked for high wind-power potential (Rotich
et al. 2024). Collectively, these developments have accelerated
the electricity-sector shift from fossil fuels to renewable genera-
tion, with renewables supplying nearly 90% of total power gen-
eration as of 2023 (Fernandez 2025).

Large-scale climate modes influence East African weather
across intraseasonal to interannual timescales. Among these,
the Madden-Julian Oscillation (MJO) is a major source of
intraseasonal variability, modulating convection and atmo-
spheric circulation across the region, with associated effects
on rainfall (Pohl and Camberlin 2006a, 2006b; Berhane
and Zaitchik 2014; Nicholson 2017; Zaitchik 2017; Kilavi
et al. 2018; Finney et al. 2019; Vashisht and Zaitchik 2022;
Maybee et al. 2022; Talib et al. 2023). MJO phases 2-4 are gen-
erally associated with enhanced rainfall, whereas phases 6-8
tend to suppress rainfall during both the long and short rainy
seasons (MacLeod et al. 2021; Talib et al. 2023; Gudoshava
et al. 2024; Mwangi et al. 2024). The East African rainfall
response to the MJO may also be modulated by the Quasi-
Biennial Oscillation, indicating a possible interaction between
intraseasonal tropical variability and stratospheric circulation
(Berihu et al. 2026).

At seasonal-to-interannual timescales, El Nifio—Southern
Oscillation (ENSO) and the Indian Ocean Dipole (IOD) have
major influences on East African rainfall and atmospheric
circulation variability (Nicholson 2017; Mbigi and Xiao 2021;
Bloomfield et al. 2022; Vashisht and Zaitchik 2022; Sun et al.
2022; Palmer et al. 2023; Roy and Troccoli 2024). El Nifio and
positive IOD conditions are generally associated with wetter
conditions, whereas La Nifia and negative IOD conditions
tend to favour drier conditions, with the IOD exerting partic-
ularly strong control over the October-November-December
short rains (Saji et al. 1999; Hirons and Turner 2018; Liidecke
et al. 2021).

These large-scale climate modes also influence winds over
Kenya partly through their interactions with regional circu-
lation systems operating at different atmospheric levels. The
seasonal migration of the Intertropical Convergence Zone
shapes the distribution of convection and rainfall across East
Africa (Roy and Troccoli 2024; Yao et al. 2026), while the
upper-level Tropical Easterly Jet influences regional circulation

and moisture transport (Yao et al. 2026). At lower levels, the
Turkana Jet is a prominent wind feature over northern Kenya
with direct relevance for the Lake Turkana wind-resource re-
gion (Nicholson 2015; Talib et al. 2023). Kenya's complex topog-
raphy further modulates these atmospheric circulation patterns
and contributes to strong spatial variability in near-surface air-
flow (Nicholson 2017).

Together, these large-scale and regional circulation processes
influence wind conditions across Kenya. Wetter seasons are
typically associated with enhanced westerly wind anomalies
that increase moisture convergence and ascent, whereas drier
seasons are associated with enhanced easterly winds, reduced
moisture inflow and subsidence that suppress convection
(Nicholson 2017; Palmer et al. 2023). Consequently, even with
the rapid growth in renewable-energy capacity, wind-power
generation in Kenya remains sensitive to climate variability op-
erating across intraseasonal to interannual timescales.

Despite substantial advances in understanding East African cli-
mate variability and extremes, much of this work has been framed
through impact on agriculture, water resources and disaster risk
(e.g., Nicholson 2017; Kilavi et al. 2018; MacLeod et al. 2021;
Vashisht and Zaitchik 2022; Ochieng et al. 2022; Talib et al. 2023;
Mwangi et al. 2024; Roy and Troccoli 2024; Afolayan and
Mekonnen 2026), far less is known about how these climate modes
modulate near-surface wind variability, with implications for
wind-power generation and broader energy-system performance.
For Kenya, previous work examining the impact of climate modes
on solar photovoltaic and wind-power potential has largely focused
on seasonal-to-interannual variability, particularly ENSO-related
influences (e.g., Bloomfield et al. 2022), with the roles of intrase-
asonal drivers, notably the MJO and the IOD on intraseasonal-to-
seasonal timescales remaining largely unexplored.

This gap is important because the intraseasonal-to-seasonal
window, commonly termed the subseasonal-to-seasonal (S2S)
timescale (Vitart and Robertson 2018), spans lead times from
roughly 2weeks to a season, a period particularly relevant
for wind-energy planning. Forecasts at these lead times can
identify periods of increased likelihood of low generation,
high wind-power opportunity or anomalous wind conditions
relevant to maintenance scheduling, reserve planning, dis-
patch decisions and grid balancing (White et al. 2022). Such
information extends operational awareness beyond the lead
times typically covered by deterministic weather forecasts
and can support anticipatory planning for weather-sensitive
renewable-energy systems. For context, the MJO is predict-
able with reasonable predictability skill at lead times of up
to ~1 month (Kim et al. 2025; Wang et al. 2025), while ENSO
and the IOD exhibit reasonable predictability skill of several
months (~6-8 months; Chen et al. 2023; Ratnam et al. 2025).
This combination of physical relevance and forecastability
makes these modes plausible sources of climate information
for anticipating wind-power variability in Kenya.

Building on this background, this study examines how these
three major modes of S2S climate variability (the MJO, ENSO
and IOD—Pohl et al. 2005; Mbigi and Xiao 2021; Palmer
et al. 2023) modulate wind-power potential in Kenya. We focus
on three central questions:
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i. How do these climate modes modulate wind speed and
wind-power potential across Kenya, both spatially and at
operational wind-farm sites?

ii. Can these climate modes provide useful predictability of
wind-power variability on S2S timescales?

iii. Whatare the potential implications of any such predictabil-
ity for wind-energy forecasting and operational decision-
making in Kenya?

By clarifying how MJO, ENSO and IOD shape wind-energy vari-
ability across Kenya, this study provides an evidence base for
impact-based forecasting (IbF) and climate information services
that translate S2S predictability into actionable guidance on pe-
riods of elevated risk or opportunity for wind-energy generation,
with potential application across the wider East African region.

2 | Study Area, Data and Methods
2.1 | Study Area and Wind-Farm Sites

This study focuses on Kenya, located in East Africa near the equa-
tor (approximately 5.0°N-4.7°S and 33.9°E-41.9°E), as shown in
the Africa-wide panel of Figure 1 (left). The country encompasses
a diverse range of topographic environments, including the Rift
Valley highlands, extensive interior plains and a southeastern
coastal margin along the western Indian Ocean (Figure 1, right).

Within this broader landscape, this study examines four major
wind-farm sites in Kenya: Lake Turkana, Ngong Hills, Kipeto and
Kilifi (approximate locations indicated in Figure 1, right), which
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together represent the country’s key wind-power assets. The Lake
Turkana Wind Farm, located in northern Kenya (~36.7° E-36.9°E,
2.4°N-2.8°N), is the largest wind-farm project in Africa (Rotich
et al. 2024), with an installed capacity of 310 megawatts (MW)
(Hashimshony Yaffe and Segal-Klein 2023), contributing approx-
imately one-fifth of Kenya's total installed electricity-generation
capacity (LTWP 2019). The site lies within a region character-
ised by strong, topographically channelled winds associated with
the Turkana Jet, which provides persistently high wind speeds
throughout much of the year (LTWP 2009).

The Ngong Hills Wind Farm is situated in southern Kenya
(~36.5°E-36.75°E, 1.50°S-1.25°S) along the eastern escarp-
ment of the Rift Valley and has an installed capacity of approx-
imately 25MW (KenGen 2025). Nearby, the Kipeto Wind Farm
(~36.6°E-36.9°E, 1.9°S-1.6°S) contributes around 100MW to
the national grid (The Wind Power 2025). Both sites are located in
complex terrain, where steep topography strongly influences wind
flow, resulting in enhanced spatial and temporal wind variability.

The Kilifi Wind Farm, also known as the Mombasa Cement
Wind Power Station, is located near Vipingo on the Kenyan
coast (3.6°S, 39.9°E) and has an installed capacity of approxi-
mately 35MW (Global Data 2024). At this site, wind variability
is likely shaped by coastal-inland pressure gradients and land-
sea breeze circulations.

Together, these four wind-farm sites (Lake Turkana, Ngong
Hills, Kipeto and Kilifi) span contrasting wind environments,
from inland channels to escarpment slopes, plains and coastal
settings, and offer a robust basis for evaluating how S2S climate
modes modulate wind-power variability across Kenya.

km

4'S +—= —
0 100 200

40°E
WIND FARM SITES
< Lake Turkana [0 Ngong Hills
O Kipeto A Kilifi

FIGURE1 | Geographic context of the study domain. Left: Kenya's location within Africa is shown in brown. Right: Topography of Kenya based

on a digital elevation model (shaded, in metres above sea level), with red lines delineating the national administrative boundary. The approximate

locations of the four wind-farm sites analysed in this study are indicated: Lake Turkana (<), Ngong Hills (O), Kipeto (O) and Kilifi (A).
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2.2 | Data

Building on the description of Kenya's diverse wind environ-
ments and the four focal wind-farm sites, this section outlines
the reanalysis, observational and climate mode index datasets
underpinning our analysis of wind-power variability.

2.2.1 | ERAS5 Reanalysis

We use 45years of ERAS5 reanalysis data (1980-2024;
Hersbach 2000), produced by the European Centre for Medium-
Range Weather Forecasts (ECMWF). ERAS provides hourly 100m
winds on a 0.25°x0.25° grid, which we analyse across Kenya. This
dataset has been shown to outperform other global reanalyses in
capturing observed wind characteristics (Ramon et al. 2019).

2.2.2 | Wind-Farm Observations and Wind-Power
Potential Dataset

Observed wind-power generation data were obtained from
KenGen for three operational wind farms in Kenya: Lake
Turkana and Ngong Hills, both with 50m turbine hub heights,
and Kipeto, with an 80m hub height. These generation records
cover January 2021 to December 2023. No equivalent generation
records were available for Kilifi. In this study, the observed gen-
eration records are used for site-level analysis at Lake Turkana
and Ngong Hills. Kipeto is excluded from the site-level analysis
because it is geographically close to Ngong Hills (Figure 1, right
subplot) and occupies a similar high-elevation wind regime, but
it is retained, together with Kilifi, in the broader spatial analysis
of wind-speed variability.

For these two focal sites, we use a daily wind-power potential
time series (1980-2024) produced in a companion study (Ang'u
et al. 2026), with the key steps relevant to this analysis sum-
marised here for completeness. In that companion modelling
study, the wind-power potential dataset was produced from
ERAS5 100m wind speeds extracted at the nearest grid point to
each wind-farm location. ERA5 100 m winds were used in pref-
erence to 10m winds because they are closer to typical turbine
hub heights and are therefore more representative of the flow
experienced by wind turbines. In contrast, 10m winds are more
strongly influenced by surface characteristics, including land
cover, surface roughness and local terrain effects, and would
require a larger vertical adjustment to hub height. Wind speeds
were adjusted between heights using a standard vertical wind-
profile power law, following common practice in wind-energy
studies (e.g., Bloomfield et al. 2019):

Zub \*

o= ()

hub 100 100

where U, is the ERA5 wind speed at 100m, U, is the wind

speed at turbine hub height, z;,,,, is the hub height in metres, and
a is the wind-shear exponent, set to 1/7.

Subsequently, the site-specific height adjustment and Weibull
Quantile Mapping (WQM; Maciel-Tiburcio et al. 2025) were
then applied according to the height of the available wind-speed

observations. At Lake Turkana, both ERA5-derived and observed
wind-speed time series were available at 100 m, so WQM was ap-
plied at 100m before the corrected winds were scaled to the 50m
hub height. At Ngong Hills, observations were available at 50m;
the ERA5 100 m wind-speed time series was therefore first scaled
to 50m, and WQM was then applied at the observational and
hub-height level.

The bias-corrected hub-height winds were then converted
to wind-power potential using manufacturer turbine power
curves, following common practice in related studies (e.g.,
Cannon et al. 2015; Bloomfield et al. 2019; Lledo et al. 2019).
A wind-speed-dependent dynamic-efficiency adjustment, cal-
ibrated from observed generation records, was also applied
during the wind-to-power conversion in Ang'u et al. 2026. The
resulting time series represents wind-power potential rather
than realised electricity production, as site-specific opera-
tional constraints, including, turbine availability, grid curtail-
ment and maintenance downtime, are not explicitly modelled.
Nevertheless, the approach provides a physically based esti-
mate of site-level wind-energy variability suitable for S2S pre-
dictability analysis and has been applied in previous European
and African wind-energy studies (e.g., Brayshaw et al. 2011;
Bloomfield et al. 2019, 2022).

In summary, the companion modelling study of Ang'u et al.
(2026) used observed wind-speed records, which are not anal-
ysed directly here, to calibrate ERA5-derived winds. Observed
generation records were then used to inform the dynamic-
efficiency adjustment applied in the wind-to-power conversion.
This approach yields a monotonic relationship between wind
speed and wind-power potential below turbine cut-out speeds,
which are rarely exceeded. Consequently, the relative ranking of
low- and high wind-power days is largely preserved. This sup-
ports the percentile-based analysis used later in this study and
reduces sensitivity to the specific details of the wind-to-power
conversion method.

2.2.3 | Climate Mode Indices: MJO, ENSO and IOD

MIJO activity is characterised over 1980-2024 using the daily
Real-time Multivariate MJO index (RMM; Wheeler and
Hendon 2004) from the Australian Bureau of Meteorology,
which describes the phase and amplitude of the MJO's eastward-
propagating convective envelope across eight canonical phases.

ENSO and IOD are represented using monthly indices from
NOAA's Physical Sciences Laboratory over the same 45-year pe-
riod. ENSO is defined using the Nifio 3.4 SST anomaly index from
ERSSTv5 (Huang et al. 2017), while the IOD is defined using the
Dipole Mode Index (DMI) from HadISST1.1, representing the
SST anomaly gradient between the western and southeastern
equatorial Indian Ocean (Saji et al. 1999; Rayner et al. 2003).

2.3 | Methods

This section describes the analytical framework used to quan-
tify how the MJO, ENSO and IOD modulate wind-speed anom-
alies and wind-power potential across Kenya.
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2.3.1 | Climate Mode Classification
and Wind-Anomaly Composites

Following common practice, only days with an RMM ampli-
tude greater than 1 were retained, corresponding to periods of
strong MJO activity e.g., Huang et al. (2026). These days were
assigned to one of the eight MJO phases. For compositing,
phases with similar circulation characteristics were grouped
to improve signal-to-noise and physical interpretation: Phases
2-4, associated with enhanced convection over the Indian
Ocean, and Phases 6-8, associated with convection over the
western Pacific, were combined, while Phases 1 and 5 were re-
tained separately.

ENSO and IOD events persist for several months and often
span calendar years (Saji et al. 1999; Ding and Li 2012). To
avoid splitting individual events across January-December
years, all analyses used an April-March analysis year, cap-
turing the development, peak and decay phases within one
continuous period. Peak ENSO and IOD seasons were defined
as the half-year periods with the largest climatological am-
plitude: October-March for ENSO and June-November for
10D. For each mode, the mean index over its peak season was
classified using terciles, following Ficchi et al. (2021). Upper-
tercile years were classified as positive phases, lower-tercile
years as negative phases and middle-tercile years as neutral.
For ENSO, these correspond to El Nifio, La Nifia and Neutral
conditions; for IOD, they correspond to positive, negative
and neutral DMI phases. This gives a balanced sample of 15
positive, 15 negative and 15 neutral years for each mode over
1980-2024. The resulting ENSO and IOD year classifications
are provided in Table S1.

Daily ERA5 100m wind-speed anomalies were calculated
by subtracting the 1991-2020 daily climatology for each cal-
endar day and smoothed using a 31-day running average to
reduce climatic variability as in Masukwedza et al. (2025).
Composites were then constructed by calendar month and
corresponding climate-mode state: MJO phase or phase group,
ENSO category and 10D category. Seasonal composites were
also produced for April-May-June (AMJ), July-August-
September (JAS), October-November-December (OND) and
January-February-March (JFM) using the April-March anal-
ysis year. Composite anomalies were expressed as percentage
differences from the corresponding seasonal climatological
mean wind speed to aid interpretation, particularly where
background winds are weak.

Statistical significance was assessed independently at each grid
point and season using non-parametric bootstrap resampling.
MJO composites were tested against inactive MJO days (RMM
amplitude <1), while ENSO- and IOD-conditioned composites
were tested against the full 1980-2024 seasonal climatology.
This approach quantifies total modulation relative to the mean
seasonal state relevant for wind-energy planning, rather than
departures from neutral years only. For each mode-season com-
bination, bootstrap distributions were generated by resampling
the relevant reference pool with replacement 10,000 times. Two-
sided empirical p values were calculated from the proportion of
bootstrap samples with mean anomalies at least as large as the
observed composite anomaly. To account for multiple spatial

testing, p values were adjusted using the Benjamini-Hochberg
false-discovery-rate correction (atzp,=0.05; Wilks 2016) for
each mode-season combination.

Together, this framework provides a consistent basis for diag-
nosing how MJO, ENSO and IOD modulate regional winds and
wind-power potential across Kenya.

2.3.2 | Site-Level Climate Mode Modulation
of Wind-Power Variability

Site-level analyses were performed for Lake Turkana and
Ngong Hills using the wind-power potential dataset described
in Section 2.2.2. Daily wind-power potential values were paired
with the corresponding daily MJO phase and monthly ENSO/
IOD state to assess climate-mode modulation of wind-power
variability at each site.

For the MJO analysis, full phase resolution was retained to
capture phase-specific modulation of wind-power potential.
Percentile-based thresholds were used because they are widely
applied in extreme-event and impact analyses (e.g., Yang and
Yue 2024; Masukwedza et al. 2025), and provide a practical
balance between identifying meaningful departures and re-
taining sufficient sample sizes for phase-conditioned statistics
(Wilks 2019). In this study, low- and high wind-power events
are defined using site-specific monthly thresholds calculated
from the 1980-2024 modelled wind-power potential clima-
tology. Values below the 25th percentile are classified as low
wind-power events, while values above the 75th percentile are
classified as high wind-power events. These thresholds represent
relative departures from each site's own monthly climatology
rather than absolute generation limits. For each month-MJO
phase combination, we then use a risk ratio to quantify how the
likelihood of these percentile-defined events changes relative to
monthly climatology:

P (event| m, )

Risk ratio =
P (event| m)

where m is the calendar month, ¢ is the MJO phase, P (event | m,
¢) is the event probability for a given month and MJO phase, and P
(event | m)is the corresponding monthly climatological event prob-
ability. A risk ratio of 1 indicates no change relative to the monthly
climatology; values greater than 1 indicate increased likelihood,
and values less than 1 indicate reduced likelihood.

To further assess broader distributional shifts, smoothed cu-
mulative distribution functions (CDFs) of daily wind-power
potential were estimated for each season and climate-mode
state. The MJO was represented using grouped Phases 2-4
and 6-8, ENSO using El Nifio and La Nifia conditions and the
10D using positive and negative DMI phases. For each subset,
a Gaussian kernel density estimate was first calculated using
Scott's rule bandwidth, and the corresponding smoothed CDF
was obtained by cumulatively summing and normalising the
density. Mode-conditioned CDFs were then compared with
the corresponding seasonal climatological CDF. Leftward
shifts indicate a greater likelihood of lower wind-power po-
tential output, while rightward shifts indicate a greater likeli-
hood of higher output.
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2.3.3 | Perfect-Forecast Framework for Climate Mode
Predictability

Perfect-forecast experiments estimate the upper bound of pre-
dictability associated with large-scale climate modes by assuming
that the relevant mode state is perfectly known. Here, forecasts
are derived empirically from historical mode-conditioned wind-
power distributions rather than from dynamical models. This
provides a physically interpretable benchmark for assessing the
potential forecast value of MJO, ENSO and IOD information. In
wind-energy applications, such conditioning can reveal system-
atic shifts in wind-speed or wind-power distributions, including
changes in the tails that correspond to low- and high-generation
periods relevant for operations and risk management (Brayshaw
et al. 2011; Lledo et al. 2020). We therefore use a suite of perfect-
forecast experiments to quantify the individual and combined
contributions of MJO, ENSO and IOD conditioning to S2S wind-
power predictability.

We apply this framework to modelled daily wind-power po-
tential time series for 1980-2024 at Lake Turkana and Ngong
Hills, the two sites with observed generation records selected
for detailed analysis. For each forecast configuration, histor-
ical days with matching conditioning criteria are pooled to
form an empirical wind-power distribution. The deterministic
forecast is defined as the conditional mean of this distribu-
tion, while the probabilistic forecast is represented by the full
empirical conditional distribution. The conditioning configu-
rations are:

i. Climatology: month;

ii. Single-mode: month + MJO, month + ENSO, month +
10D;

iii. Joint-mode: month + MJO + ENSO, month + MJO + 10D
and month + MJO + ENSO + IOD.

Since the climate modes considered here can co-vary (e.g.,
Sun et al. 2015), the conditioned responses should not be in-
terpreted as uniquely attributable causal effects of any single
mode. We do not attempt to remove mode co-variability be-
cause the limited number of independent event years makes
such separation statistically unreliable after stratifying by
mode state, season and site. Instead, the results are inter-
preted as total conditioned responses associated with each
conditioning configuration.

Incremental skill is assessed using nine forecast-skill contrasts:
MJO vs. climatology, ENSO vs. climatology, IOD vs. climatol-
ogy, MJO + ENSO vs. MJO, MJO +10D vs. MJO, MJO + ENSO
+ 10D vs. MJO, MJO + ENSO vs. ENSO, MJO + 10D vs. IOD and
MIJO +ENSO + IOD vs. climatology. This design quantifies the
standalone predictive value of each mode, the added value of
ENSO and IOD beyond MJO conditioning, and the overall bene-
fit of joint conditioning on all three modes.

2.3.4 | Verification of Perfect-Forecast Experiments

Perfect-forecast experiments were evaluated using leave-one-
out cross-validation to avoid in-sample skill inflation. For

each target day, the empirical forecast distribution was con-
structed from all historical days matching the relevant condi-
tioning criteria, excluding the target day itself. Deterministic
and probabilistic forecast scores were then calculated against
the corresponding daily modelled wind-power value and aver-
aged by season.

Deterministic forecast accuracy was assessed using the Mean
Absolute Error (MAE) between the conditional-mean forecast
and the corresponding modelled wind-power potential value
on the day of interest. Seasonal MAE, MAE_, was calculated as
follows:

N,
1 N
MAE, = — | f;j =051, s € {AMI,JAS,OND, JFM}
s j=1
where N_ is the number of forecast-reference pairs in season,
s; f; is the deterministic perfect-forecast mean for day j in

season s, and 0y is the corresponding daily modelled wind-
power value.

Probabilistic forecast performance was assessed using the
Continuous Ranked Probability Score (CRPS; Hersbach 2000),
computed from the empirical conditional forecast distribution
and averaged by season:

N,

s

N
CRPS, = — [/ [FSJ(X)—l(xzoSJ)]de}s € {AMJ,JAS, OND, JFM}
j=1

— o

where CRPS_ is the seasonal CRPS; F|; the predictive cumula-
tive distribution function for day j in season s, and all remaining
symbols as defined before.

For each of the nine forecast-skill contrasts described in the pre-
ceding section, percentage skill improvement was calculated as
follows:

Sref - SPF exp

Skill improvement (%) = X 100

ref

where S, is the MAE or CRPS of the reference configuration,
and Spp,y, is the corresponding score for the perfect-forecast
experiment being evaluated. Positive values indicate improved
performance relative to the reference configuration, with larger
positive values indicating greater error reduction. Values near
zero indicate little change, while negative values indicate poorer
performance.

2.3.5 | Methodological Workflow Summary

Figure 2 summarises the analytical workflow used in this study.
Climate-mode states were first classified for the MJO, ENSO and
IOD using the RMM, Nifio 3.4 and DMI indices, respectively.
These classifications were used to construct mode-conditioned
datasets of ERA5 100m wind-speed anomalies and site-level
wind-power potential. The datasets were then analysed using
spatial composites, site-level low- and high wind-power diagnos-
tics, distributional analyses and perfect-forecast experiments.
Together, these steps link large-scale climate-mode variability
to wind-speed modulation, wind-power risk and opportunity
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Climate mode classification

MJO
Active RMM days:
Phases 1, 24, 5, 6-8

ENSO

Tercile based Nifo 3.4 classification:
El Nifio | Neutral | La Nifa

10D
Tercile based DMI classification:
Positive | Neutral | Negative

2

Climate mode conditioned datasets

ERAS5 wind-speed anomalies
Daily ERA5 100m wind-speed anomalies calculated
relative to the 1991-2010 daily climatology for Kenya.

ERA5-based wind-power potential
Wind-farm site-level dataset from Ang’u et al. (2026,
in-review), developed using ERA5 100m winds,
observed wind-speed and generation records, hub-
height adjustment, power curves, and generation-based
dynamic-efficiency adjustment.

-

_Diagnostic analyses

Spatial composites
Seasonal climate-mode composites of ERAS 100m
wind anomalies, expressed as percentage differences
from climatology. Significance tested using bootstrap
resampling.

Wind-farm site-level predictability analysis
- Mode-conditioned wind-power potential distributions.
- Low-/high-wind-power risk ratios based on monthly
percentile thresholds.
- Perfect-forecast experiments: mode-conditioned
forecasts used to estimate the potential predictability
of daily wind-power variability.

9

Key outputs
- Climate-mode modulation of wind variability across Kenya.
- Site-level low/high wind-power likelihoods.
- Distributional shifts in wind-power generation.
- Potential predictability of wind-power variability.
- Implications for S2S climate information services for the energy sector.

FIGURE 2 | Schematic overview of the methodological workflow used to assess climate-mode modulation and potential predictability of wind-

power variability in Kenya.

and potential predictability relevant to S2S climate information
services for the energy sector.

3 | Results and Discussion

3.1 | Climatological Wind Regimes
and Site-Specific Characteristics

ERA5 100 m winds show strong spatial and seasonal variabil-
ity across Kenya's wind resource (Figures 3 and 4). A persistent
high-wind corridor extends across northern and eastern
Kenya, from the Turkana Channel towards the eastern low-
lands and coastal regions (Figure 3). This corridor is strongest
during May-September, when wind speeds frequently exceed
7-9ms~! and low-level easterly to southeasterly flow inten-
sifies. Central and western Kenya generally exhibit weaker
winds, reflecting complex topography and weaker large-scale
pressure gradients.

The site-level cycles reflect this spatial pattern (Figure 4). Lake
Turkana lies within the climatological wind maximum and expe-
riences strong, relatively stable winds throughout the year, with

monthly mean wind speeds above ~5ms~! and a peak during
August-October, consistent with persistent channelling through
the Turkana Channel. Ngong Hills and Kipeto, located near the
western escarpment, show stronger seasonal modulation but
relatively stable easterly wind directions; wind speeds are weak-
est during May-July, increase from August and peak around
October. Kilifi, on the south-eastern coast, has a distinct sea-
sonal cycle, with wind speeds peaking during May-August above
7ms~! and weakening during October-March. Its wind direction
rotates seasonally, shifting from mainly southerly flow during
boreal summer to northeasterly flow during boreal winter, re-
flecting monsoonal circulation over the western Indian Ocean.

Overall, Figures 3 and 4 show that Kenya's wind-energy re-
source is shaped by persistent topographic controls, particularly
at Lake Turkana, seasonally varying large-scale circulation and
contrasts between inland and coastal wind regimes. These pat-
terns are consistent with previous wind-resource assessments
for Kenya (e.g., Barasa and Aganda 2016; Kazimierczuk 2019;
King et al. 2021). This climatological baseline provides the con-
text for interpreting how S2S climate modes modulate wind
speeds and wind-power potential across Kenya and at individual
wind-farm sites.

Meteorological Applications, 2026
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FIGURE 3 | ERAS5 100m monthly wind climatology over Kenya for 1980-2024 (April-March cycle). Colours show monthly mean wind speed

(ms!), and black arrows indicate the mean wind direction, with vectors normalised to unit length. Arrows are only plotted where the mean wind
speed exceeds 1.5ms~'. White markers denote the wind-farm sites: Lake Turkana (<), Ngong Hills (O), Kipeto (O) and Kilifi (A).
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FIGURE 4 | Monthly climatology of wind speed (top) and dominant wind direction (bottom) at the four Kenyan wind-farm sites (Lake Turkana,
Ngong Hills, Kipeto and Kilifi), derived from ERAS5 100 m winds for 1980-2024. Line colours and marker shapes are consistent across panels. In the

upper panel, hollow markers denote monthly mean wind speeds and filled markers identify the three highest-wind months at each site. The lower

panel shows the corresponding dominant wind direction; the filled markers indicate the three highest-wind months (as identified in the upper panel),

while hollow markers denote all other months.

3.2 | Influence of S2S Climate Modes on Kenyan
Wind Variability

This section examines how near-hub-height wind variability is
modulated by S2S climate modes across Kenya. Building on the

climatological baseline in Section 3.1, we present spatial compos-
ites of wind-speed anomalies conditioned on the MJO, ENSO and
10D, following the framework in Section 2.3.1. Results are organ-
ised by climate mode to highlight their distinct timescales, spatial
signatures and influence on wind-energy-relevant regions.
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FIGURES5 | ERA5100m wind speed anomalies (1980-2024), composited by grouped MJO phases (rows: Phases 2-4; Phase 5; Phases 6-8; Phase
1) and 3-month seasons (left to right columns: AMJ, JAS, OND and JFM), expressed as percentage differences relative to the corresponding 1980-
2024 monthly climatology. The sample size (N =x) shown in the lower-left corner of each panel indicates the number of daily samples contributing
to each composite. Colours show statistically significant wind-speed anomaly percentage differences (p <0.05 and Iwind-speed anomaly percentage

differencel >3%) and black arrows show anomalous wind vectors (direction only). Black markers denote the four wind-farm sites in Kenya: Lake

Turkana (), Ngong Hills (O), Kipeto (O) and Kilifi (A).

3.2.1 | The Role of the MJO

Seasonal composites of ERAS5 100 m wind-speed anomalies over
Kenya for 1980-2024 were constructed by grouped MJO phase
and expressed as percentage differences from the corresponding
monthly climatology. These four 3-month seasonal composites
summarise the seasonal structure of MJO-related wind anom-
alies and are shown in Figure 5. For completeness, monthly
composites showing their annual evolution are provided in
Figures S1-S4.

During MJO Phases 2-4, wind speeds are systematically sup-
pressed across much of Kenya. Negative anomalies extend
over northern, central and western regions, including the Lake
Turkana corridor, with the most substantial reductions occur-
ring during OND and JFM, when anomaly percentage differ-
ences frequently exceed —30%. These suppressed conditions are
associated with a weakening of the climatological southeasterly
low-level flow, as indicated by the accompanying wind vectors.
Given that the regions coincide with Kenya's core wind-energy
zones, phases 2-4 represent periods of elevated risk for reduced

Meteorological Applications, 2026
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wind-power generation on subseasonal timescales, particularly
at the inland wind-farm sites, with comparatively weaker im-
pacts at the coastal site (Kilifi).

By contrast, MJO Phases 6-8 are associated with widespread
enhancement of wind speeds across Kenya and represent the
most dynamically robust MJO signal across all inland wind-
farm sites, but again, with comparatively weaker impacts at
the coastal site (Kilifi). Positive anomalies are spatially ex-
tensive across all seasons and are particularly strong during
OND and JFM, when wind speeds increase by 30% over large
parts of northern and western Kenya. The prominence of the
spatial responses observed in these two seasons are consistent
with the primary peak season of MJO activity in boreal win-
ter (approximately December-March), which tends to amplify
coherent intraseasonal circulation anomalies and strengthens
the wind-speed signals associated with active phases (Zhang
and Dong 2004). Across all seasons, the Lake Turkana region,
which already exhibits the strongest climatological winds,
experiences especially pronounced positive anomalies during
these phases, indicating a substantial amplification of wind-
energy relevant winds. The wind vectors show a strengthening
and increased coherence of the climatological south-easterly
flow, consistent with enhanced large-scale pressure gradients
during these MJO phases, a pattern observed in MJO-driven
modulations of atmospheric circulation over the western
Indian Ocean and East Africa (e.g., Finney et al. 2019; Peal
and Collier 2025).

Such modulation of regional low-level circulation by the
MJO is consistent with known teleconnections impacting
East African rainfall and atmospheric dynamics (e.g., Pohl
and Camberlin 2006a, 2006b; Nicholson 2017; Peal and
Collier 2025). MJO Phase 5 exhibits a transitional, spatially
heterogeneous response, with weak negative anomalies over
western and central Kenya and positive anomalies over eastern
and coastal regions, particularly during OND. Furthermore,
Phase 1 shows the weakest and most fragmented anoma-
lies, suggesting limited modulation of Kenya's wind field.
Together, Phases 1 and 5 appear to mark transitions between
the enhanced-wind regime of Phases 6-8 and the suppressed-
wind regime of Phases 2-4.

Overall, Figure 5 shows that the MJO produces a systematic,
phase-dependent modulation of Kenya's wind field, superim-
posed on the seasonal climatology. The suppressed-wind signal
during Phases 2-4 and enhanced-wind signal during Phases
6-8 is spatially coherent and robust across seasons.

3.2.2 | The Role of ENSO

Seasonal ERA5 100m wind-speed anomalies over Kenya for
1980-2024 were composited by ENSO phase across the four 3-
month seasons and expressed as percentage differences from
the corresponding monthly climatology (Figure 6). Monthly
composites showing the annual evolution of these ENSO-related
signatures are provided in Figures S5 and S6.

Compared with the more spatially coherent MJO signal shown
in Figure 5, ENSO produces a weaker and more seasonally

dependent modulation of Kenyan winds as shown in Figure 6.
During El Nifio, wind-speed anomalies are generally negative
in AMJ and OND, with the strongest and most spatially exten-
sive suppression during OND, when negative anomalies extend
across much of northern, central and eastern Kenya. This in-
cludes the Lake Turkana corridor and inland wind-energy re-
gions, where reduced winds are accompanied by weakened
and less coherent low-level flow. In contrast, JAS shows posi-
tive anomalies over western and north-western Kenya, extend-
ing towards the Lake Turkana corridor, with local increases of
around 6%-15%. JFM anomalies are weaker and more spatially
fragmented, with only localised signals.

The La Nifa response is not a simple sign reversal of El Nifio, but
also varies strongly by season. During AMJ, wind speeds are en-
hanced across much of western and north-western Kenya, includ-
ing the Lake Turkana and Ngong Hills regions, with local positive
anomalies exceeding 6%-15%. This is accompanied by more co-
herent easterly to southeasterly flow, suggesting a strengthening
of the background circulation. In JAS, however, La Nifia is asso-
ciated with negative anomalies over western and north-western
Kenya, including the Turkana corridor, representing the clearest
seasonal contrast with El Nifio in the same season. OND shows
more localised positive anomalies over parts of northern and east-
ern Kenya, while JFM remains weak and spatially mixed.

Under ENSO-neutral conditions, anomalies are generally
weaker and less spatially coherent than during El Nifio or La
Nina. However, neutral conditions are not anomaly-free. The
clearest signal occurs during OND, when positive wind-speed
anomalies extend across parts of northern, western and central
Kenya. In AMJ, JAS and JFM, anomalies are smaller and more
heterogeneous, indicating that meaningful wind variability per-
sists even in the absence of strong ENSO forcing.

Overall, Figure 6 shows that ENSO modulates Kenyan winds
in a seasonally selective and regionally differentiated man-
ner. El Nifio is associated with wind suppression most clearly
during OND, while La Nifia enhances winds most clearly
during AMJ and partly during OND. The JAS response shows
an opposing ENSO imprint, with El Nifio enhancing and La
Nifia suppressing winds over western and north-western
Kenya. These results reinforce that ENSO impacts on Kenya's
wind-energy resource depend strongly on season and regional
circulation state, and can weaken or reverse sign under dif-
ferent monsoonal backgrounds, consistent with previous evi-
dence for ENSO-related wind-resource variability (Bloomfield
et al. 2022; Li et al. 2025).

3.2.3 | The Role of the IOD

Seasonal ERA5 100m wind-speed anomalies over Kenya for
1980-2024 were composited by IOD phase across the four 3-
month seasons and expressed as percentage differences from the
corresponding monthly climatology (Figure 7). For complete-
ness, the monthly composites showing the annual evolution of
these IOD-related signatures are provided in Figures S7 and S8.

Under positive IOD conditions, anomalies are generally weak
and spatially fragmented in AMJ, JAS and JFM, indicating
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FIGURE 6 | ERAS5 100m wind-speed anomalies over Kenya (1980-2024), composited by ENSO phases (top to bottom rows: El Nifio, ENSO
Neutral and La Nifia) and 3-month seasons (left to right columns: AMJ, JAS, OND and JFM), expressed as percentage differences relative to the

corresponding 1980-2024 monthly climatology. Colours show statistically significant wind-speed anomaly percentage differences (p <0.05 and

Iwind-speed anomaly percentage differencel >3%), and black arrows show anomalous wind vectors (direction only). Black markers denote the four
wind-farm sites in Kenya: Lake Turkana (<), Ngong Hills (O), Kipeto (O) and Kilifi (A). Sample sizes for each season and ENSO phase composite are

N=45months (~1350days).

limited 10D influence outside boreal autumn. By contrast,
OND shows the clearest IOD signal, with widespread neg-
ative wind-speed anomalies across northern, central and
eastern Kenya, including the Lake Turkana corridor and in-
land wind-energy regions. Local reductions exceed ~9%, and
the wind vectors indicate a weakening of the climatological
easterly to southeasterly low-level flow. This pattern is con-
sistent with reduced pressure-gradient support for winds
along key wind-energy corridors. These ENSO- and IOD-
conditioned composites should be interpreted in light of the
specific event years sampled in the 1980-2024 record, includ-
ing the observed co-occurrence of ENSO and IOD states. Since
El Nifio and positive IOD events often co-occur and strengthen
during OND (Shinoda et al. 2004; Shi et al. 2012), and since
9 of 15 El Nifo years in our classification coincide with pos-
itive IOD years (Table S1), the similarity between the OND
ENSO signal in Figure 6 and the 10D signal in Figure 7 is
most plausibly interpreted as a combined Indo-Pacific forcing

rather than an isolated ENSO or IOD-only response. This is
also consistent with the association between positive IOD
conditions, enhanced East African short rains and wetter-
than-normal regional conditions (Zheng et al. 2025; Palmer
et al. 2023), with related circulation and moisture-transport
anomalies providing a plausible pathway for co-modulating
wind-energy-relevant flow over Kenya (Moihamette
et al. 2024).

Under negative IOD conditions, the OND signal largely reverses.
Positive wind-speed anomalies extend across much of Kenya,
with the strongest enhancements over northern and central
regions, including the Turkana corridor, where local increases
exceed ~9%. The accompanying vectors indicate stronger and
more coherent easterly to southeasterly flow, consistent with
enhanced pressure-gradient forcing across the western Indian
Ocean-East Africa sector. These patterns align with the regional
tendency for drier-than-normal conditions during negative IOD

Meteorological Applications, 2026

11 of 21

95U9D17 SUOWIWOD dATERID 3|t jdde sy Aq pausenob ae sajoie VO ‘osn JO'Sajni o} Afeiq1T aUIIUQ /8|1 UO (SUOTPUOD-PUR-SLUIBIL0D A8 1M Ale1q 18U UO//:SENY) SUONIPUOD PUe SWe | 3U138S *[9202/0T/90] Uo Aiq1auliuo A3|1M ‘S0Us|[BX3 812D pue UIesH Joj aimiisu| feuoleN ‘3OIN Aq TZZ0/ 1BUW/Z00T OT/I0p/wod Aa| 1M Aleiq 1 jeuljuo'SieuL /Sy Woi) papeoumod ‘t ‘9202 ‘0808697 T



Season: AMJ Season: JAS Season: OND Season: JFM
N W ¥ -7 Y
d>) 23
2 P 30
3 27
o \
al 24
A XS
9 T N\ 21
N N A 18

10D Neutral

10D Negative

o
Wind-speed anomaly percentage difference (%)

| I B B
w N NN
O N b~

WIND FARM SITES

& Lake Turkana

O Ngong Hills

O Kipeto A Kilifi

FIGURE 7 | ERAS5 100m wind-speed anomalies over Kenya (1980-2024), composited by IOD phases (top to bottom rows: Positive, Neutral and
Negative) and 3-month seasons (left to right columns: AMJ, JAS, OND and JFM), expressed as percentage differences relative to the corresponding

1980-2024 monthly climatology. Colours show statistically significant wind-speed anomaly percentage differences (p <0.05 and Iwind-speed anomaly

percentage differencel >2%), and black arrows show anomalous wind vectors (direction only). Black markers denote the four wind-farm sites in Kenya:
Lake Turkana (<), Ngong Hills (O), Kipeto () and Kilifi (A). Sample sizes for each season and IOD phase composite are N =45months (~1350days).

events (Zheng et al. 2025). Outside OND, the negative IOD im-
print is weaker and less coherent: JAS shows modest positive
anomalies over the north-west, AMJ shows localised negative
anomalies over western and central Kenya, and JFM remains
spatially fragmented. This muted JFM response is consistent
with boreal-winter conditions when MJO-driven subseasonal
variability is typically strongest (Zhang and Dong 2004), sug-
gesting limited IOD influence on Kenya's wind field in early bo-
real winter.

Under neutral IOD conditions, anomalies are generally weaker
and more spatially variable, but they are not absent. AMJ shows
modest positive anomalies over western and north-western
Kenya, while JAS and JFM are weak and patchy. In OND, neu-
tral IOD conditions show localised positive anomalies over parts
of eastern and central Kenya, but these are weaker and less ex-
tensive than the negative-IOD OND signal. These patterns in-
dicate that wind variability persists even without strong I0D
forcing, reflecting the influence of other modes and regional
circulation variability.

Taken together, these results show a clear hierarchy of climate-
mode influences on Kenyan wind variability. The MJO provides
the dominant, phase-dependent subseasonal signal across sea-
sons, with robust impacts over inland wind-energy corridors.
ENSO exerts a weaker but seasonally selective influence, par-
ticularly during JAS and OND, with responses that vary by sea-
son and phase. The IOD is more tightly season-locked, with its
strongest imprint during OND, when positive IOD weakens and
negative IOD strengthens winds across key inland regions. The
similarity between positive IOD and El Nifio OND patterns sug-
gests coupled Indo-Pacific forcing. Outside OND, IOD effects are
comparatively weak, leaving ENSO and especially the MJO as
the primary sources of wind variability.

3.3 | Climate-Mode Modulation of Site-Level
Wind-Power Potential

Building on the spatial composite results, this section examines
how climate-mode signals translate into site-level wind-power
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potential at Lake Turkana and Ngong Hills. The analysis first
quantifies MJO-related changes in the likelihood of low- and
high-wind power potential events, then assesses whether condi-
tioning on the MJO, ENSO and IOD produces broader shifts in
the daily wind-power potential distribution.

3.3.1 | MJO Modulation
of Low- and High-Wind-Power Likelihood

Using the percentile-based wind-power potential thresholds de-
fined in Section 2.3.2, Figure 8 shows clear MJO-phase mod-
ulation of low and high wind-power likelihood at both Lake
Turkana and Ngong Hills, with low wind-power risk shown
in the top row and high wind-power opportunity shown in the
bottom row. These diagnostics should be interpreted as changes
in the likelihood of monthly percentile-based low/high wind-
power conditions, rather than rare extremes.

For low wind-power risk, MJO Phases 2-4 are generally asso-
ciated with increased likelihood. Risk ratios often exceed 1.5,
meaning that low wind-power conditions are at least 50% more
likely than under the monthly climatology. In several months,
risk ratios approach or exceed 3, indicating a near-tripling or
tripling of low wind-power risk. In contrast, Phases 6-8 are
consistently associated with reduced low wind-power risk, with
risk ratios frequently below 0.5, meaning that low wind-power
conditions are less than half as likely as normal.

The high wind-power opportunity result shows the oppo-
site pattern. MJO Phases 2-4 generally reduce the likelihood
of high wind-power conditions, while Phases 6-8 increase it

Lake Turkana

Low wind-power risk
Month

across many months at both sites. This reversal between the
low- and high wind-power panels indicates a systematic MJO-
related shift in the likelihood of lower- and higher-generation
conditions.

The signal is strongest and most coherent at Lake Turkana, where
Phases 2-4 produce persistent low wind-power risk and Phases
6-8 produce persistent high wind-power opportunity across much
of the year. Ngong Hills shows a broadly similar phase dependence,
although the response is more variable across months, consistent
with its more complex terrain setting and weaker climatological
wind regime. Overall, Figure 8 shows that MJO phase reweights
the probability of low- and high wind-power conditions on subsea-
sonal timescales. Phases 2—-4 represent windows of elevated low-
generation risk, while Phases 6-8 represent windows of enhanced
wind-power opportunity. This supports the use of MJO phase in-
formation as a source of subseasonal predictability for anticipating
wind-power variability relevant to energy operations and planning
(e.g., Lled6 and Doblas-Reyes 2020).

3.3.2 | MJO-, ENSO- and IOD-Conditioned Shifts in
Wind-Power Potential

To assess whether the threshold-based signals reflect broader
distributional changes, we examine seasonal CDFs of full daily
wind-power potential time series. Figure 9 shows Lake Turkana
distributions conditioned on MJO, ENSO and IOD states and
compared with the corresponding seasonal climatology.

The MJO is shown to produce the clearest and most consistent
distributional shifts across seasons. In AMJ, OND and JFM,

Ngong Hills
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FIGURE8 | Modulation of low- and high wind-power conditions by MJO phase at Lake Turkana and Ngong Hills. Heatmaps show risk ratios rel-

ative to the monthly climatology for daily wind-power values below the site-specific monthly 25th percentile threshold, representing low wind-power

risk and above the site-specific monthly 75th percentile threshold, representing high wind-power opportunity. Columns correspond to wind-farm
sites: Lake Turkana (left) and Ngong Hills (right). Vertical dashed lines delineate grouped MJO phases: Phase 1, Phases 2-4, Phase 5 and Phases 6-8.
Horizontal dash-dotted lines indicate the four 3-month seasons: AMJ, JAS, OND and JFM.
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FIGURE 9 | Smoothed empirical CDFs of daily wind-power potential (1980-2024) at Lake Turkana, conditioned on climate modes and season.
Results are shown for the MJO (Phases 2-4 and 6-8; top row), ENSO (EI Nifio and La Nifia; middle row) and IOD (positive and negative phases; bot-
tom row) across four seasons (AMJ, JAS, OND, JFM; left to right). The black line denotes the corresponding seasonal climatology.

MJO Phases 2-4 are associated with a marked leftward shift,
while Phases 6-8 show a clear rightward shift. This indicates
suppressed and enhanced wind-power potential, respectively,
across much of the distribution. The MJO signal remains evi-
dent in JAS, although the separation from climatology is weaker
than in the other seasons.

ENSO produces weaker and more seasonally dependent shifts.
In AMJ, El Nifio is slightly shifted towards lower wind-power
potential, while La Nifia is shifted towards higher potential. In
JAS, the sign reverses, with El Nifio favouring higher potential
and La Nifia favouring lower potential. OND shows a clearer El
Nifio-related shift towards lower wind-power potential, while
La Nina remains close to or slightly to the right of, climatol-
ogy. In JFM, ENSO-conditioned distributions remain close to
climatology.

The IOD influence is weakest outside OND. In AMJ, JAS and
JFM, positive and negative IOD distributions largely follow the
climatological distribution. In OND, positive IOD conditions
shift the distribution towards lower wind-power potential,
while negative IOD conditions shift it towards higher poten-
tial, consistent with the spatial wind-anomaly composites in
Figure 7.

Similar distributional shifts are also evident at Ngong
Hills, with the corresponding results provided in Figure S9.
Since these diagnostics are based on modelled wind-power po-
tential rather than realised generation, they should be inter-
preted as climate-conditioned changes in potential resource
availability rather than direct changes in operational power
output.

3.4 | Contribution of MJO, ENSO and IOD to
Wind-Power Potential Forecast Skill

The preceding results show that MJO, ENSO and IOD signals
are expressed in both country-wide wind-speed anomalies and
site-level wind-power potential distributions. We next use the
perfect-forecast framework described in Section 2.3.3 to quan-
tify their potential contribution to S2S wind-power potential
forecast skill.

Perfect-forecast skill improvements at Lake Turkana and Ngong
Hills show a clear seasonal and mode-dependent structure
(Figure 10). Across both sites and both metrics, MJO conditioning
provides the largest single-mode improvement relative to clima-
tology. At Lake Turkana, MJO-only conditioning reduces MAE
and CRPS by about 4%-10%, with the largest gains in AMJ, OND
and JFM and the weakest gains in JAS. Ngong Hills shows the
same seasonal structure, although with slightly smaller gains,
with MAE and CRPS reductions generally below 9%. This indi-
cates that MJO phase information improves both deterministic
and probabilistic representations of daily wind-power variability.

ENSO- and IOD-only conditioning provide smaller improve-
ments relative to climatology. Their contributions are most ev-
ident in OND, where Lake Turkana shows MAE reductions of
about 5%, compared with weaker gains at Ngong Hills. Outside
OND, ENSO and IOD provide more modest standalone skill,
consistent with their weaker and more seasonally constrained
wind-speed anomalies shown earlier.

Adding ENSO or 10D to an MJO-conditioned forecast yields
secondary improvements. These gains are generally positive but
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FIGURE 10 | Percent improvement in perfect-forecast skill for daily wind-power potential generation at (a, ¢) Lake Turkana and (b, d) Ngong

Hills, shown by season (AMJ, JAS, OND, JFM). Panels (a, b) report MAE improvements and panels (c, d) report CRPS improvements. Coloured bars

denote the set of conditioning experiments: Single-mode relative to seasonal climatology, and incremental gains from adding ENSO and/or IOD to an

MJO-conditioned forecast, alongside combined-mode performance relative to climatology, as labelled in the legend.

smaller than the initial gain from MJO conditioning alone, in-
dicating that ENSO and IOD mainly refine an already skillful
MIJO-conditioned forecast. The added value is strongest when
ENSO and IOD are included jointly, with OND reductions reach-
ing about 7% for both MAE and CRPS at Lake Turkana relative
to the MJO-only baseline.

The reverse comparisons further emphasise the dominant role of
the MJO. Adding MJO to ENSO-only or IOD-only conditioning
produces substantially larger improvements than adding ENSO
or 10D to MJO, with reductions often approaching or exceeding
10% in AMJ, OND and JFM. This shows that the MJO contains
predictive information not captured by the slower interannual
modes alone.

Overall, the full MJO + ENSO + 10D configuration relative to cli-
matology yields the largest total skill improvements at both sites,
with reductions in MAE and CRPS reaching approximately 16%
in the seasons showing the greatest skill gains. Figure 10 there-
fore reinforces a robust hierarchy of predictability: MJO provides
the dominant single-mode contribution; ENSO and IOD provide
smaller season-dependent refinements; and combined condition-
ing on all three modes yields the largest overall improvements as
indictated by the largest MAE and CRPS reductions.

4 | Implications for S2S Renewable-Energy
Forecasting and Operational Planning in Kenya

The results presented in this study suggest that Kenya's in-
land wind-power variability contains actionable subseasonal

structure that can inform operational “windows of risk and
opportunity.” In practice, MJO phase information could be
used to flag periods when wind-energy generation is more
likely to be suppressed, particularly during Phases 2-4, or
enhanced, particularly during Phases 6-8. This provides a
regime-based planning layer that can complement conven-
tional weather forecasts at lead times where deterministic
forecast skill typically declines, consistent with broader ev-
idence that S2S regime and event conditioning can support
sector-relevant decision-making, including in energy applica-
tions (White et al. 2022).

The MJO provides the primary subseasonal signal for identi-
fying near-term windows of wind-power risk and opportunity.
However, these windows occur within a broader seasonal back-
ground that is partly shaped by ENSO and the 10D, especially
during OND. During this season, El Nifio and positive IOD
events often co-occur and strengthen the Indo-Pacific influence
on East African circulation (Shinoda et al. 2004; Shi et al. 2012).
Operational guidance may therefore be more useful when MJO-
based subseasonal information is interpreted alongside the pre-
vailing ENSO-IOD state, rather than through ENSO or IOD in
isolation.

The larger and more coherent skill gains at Lake Turkana sug-
gest that Kenya's most productive wind-energy corridor may
be particularly amenable to S2S guidance. Operationally, this
supports prioritising Turkana-focused products: for example,
scheduling maintenance during MJO Phases 2-4 where fea-
sible, when generation is more likely to be suppressed, and
maximising turbine availability during MJO Phases 6-8,
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when enhanced output is more likely. Realising this value will
require sustained collaboration among relevant stakeholders
in the energy sector.

There is already a foundation for such integration at national
and regional levels. KMD routinely monitors large-scale climate
modes as part of its forecasting activities: the MJO is considered
in extreme rainfall monitoring (Wanjohi 2026), while ENSO
and the IOD underpin seasonal climate outlooks used across
agriculture, water, health, energy and disaster risk manage-
ment (Kenya Meteorological Department 2025). At the regional
scale, the Intergovernmental Authority on Development (IGAD)
Climate Prediction and Applications Centre (ICPAC) also mon-
itors the MJO, ENSO and IOD as part of its climate watch and
seasonal forecasting activities for the Greater Horn of Africa
(GHA), which includes Kenya (ICPAC 2025). Extending this
existing climate-mode monitoring into wind-energy-specific
guidance would therefore build on current operational practice
rather than require an entirely new forecasting paradigm.

However, several barriers may limit the operational uptake of
climate-mode-informed wind-energy services. The predictabil-
ity identified here is conditional and mode-dependent, so it must
be communicated as probabilistic guidance rather than deter-
ministic forecasts. This guidance will only be useful if trans-
lated into decision-relevant thresholds, lead times and actions
for maintenance scheduling, reserve planning, dispatch deci-
sions or heightened monitoring during periods of increased low-
or high-generation risk. Uptake may also be constrained by the
limited availability of long, high-quality site-level observations.
The short generation records used here limit direct validation
of climate-mode-conditioned impacts on realised wind-energy
output, particularly for relatively slower varying modes such as
ENSO and 10D, which require many years to sample robustly.
In addition, the coarse spatial resolution of reanalysis and S2S
forecast products may limit their direct use for site-specific oper-
ational decisions, particularly in complex terrain where local to-
pography, turbine exposure and channelling effects can strongly
shape realised wind conditions. Climate-mode diagnostics are
therefore best interpreted as broad regime-based guidance
rather than turbine-level forecasts, unless combined with local
observations, downscaling or site-specific calibration.

Addressing these barriers will require co-produced S2S wind-
energy services designed around operational decisions rather
than climate signals alone. Product development should involve
forecast producers, energy operators and grid planners in de-
fining useful lead times, forecast update frequency, verification
metrics and action thresholds linked to real planning decisions.
Testbeds, post-season reviews and event-focused after-action as-
sessments could then be used to refine product formats, evaluate
performance and build trust in probabilistic guidance, consis-
tent with established principles for actionable climate informa-
tion and services (Hirons et al. 2021; Jacob et al. 2025).

Taken together, the results presented in this study support a
practical pathway for S2S wind-energy services in Kenya, with
potential relevance for wider East Africa: use the MJO as the
primary indicator of subseasonal generation risk and opportu-
nity at inland wind-power sites, and use ENSO/IOD as seasonal
contexts to sharpen guidance.

5 | Summary and Conclusions

This study assessed how three major climate modes relevant to
subseasonal-to-seasonal wind-power variability, the Madden-
Julian Oscillation (MJO), El Nifio—Southern Oscillation (ENSO)
and Indian Ocean Dipole (I0D), modulate wind-speed variabil-
ity and hence wind-power potential over Kenya. Using ERA5
100m winds, climate-mode indices, observed wind-power re-
cords where available, and modelled daily wind-power poten-
tial, we combined spatial composites, site-level diagnostics at
Lake Turkana and Ngong Hills and perfect-forecast experiments
across four seasons: April-May-June (AMJ), July-August-
September (JAS), October-November-December (OND) and
January-February-March (JFM).

The results show strong geographical and seasonal contrasts in
Kenya's wind resource. A persistent high-wind corridor is cen-
tred on northern Kenya and the Turkana Channel, while inland,
escarpment and coastal sites exhibit distinct seasonal cycles.
This climatological structure provides the baseline for interpret-
ing climate-mode anomalies and predictability.

The MJO emerges as the dominant source of subseasonal
wind-power variability. Phases 2-4 are associated with coher-
ent wind suppression across key inland wind-energy regions,
while Phases 6-8 favour enhanced winds, especially during
OND and JFM. These spatial signals translate into site-level
impacts at Lake Turkana and Ngong Hills, where MJO phase
changes the likelihood of low- and high-wind-power con-
ditions and shifts the broader daily wind-power potential
distribution.

ENSO and IOD provide weaker but physically meaningful
seasonal modulation. Their influence is strongest during
OND, when positive IOD and El Nifio conditions are associ-
ated with weakened winds across key inland regions, while
negative IOD and La Nifia conditions tend to strengthen
winds. The similarity between positive IOD and El Nifio pat-
terns suggests that coupled Indo-Pacific forcing is important
in this season.

Perfect-forecast experiments support this hierarchy of predict-
ability. MJO-only conditioning provides the largest single-mode
improvements in deterministic and probabilistic forecast skill at
both Lake Turkana and Ngong Hills. ENSO and IOD provide
smaller, season-dependent refinements, strongest during OND.
Adding ENSO and/or IOD to MJO-conditioned forecasts im-
proves skill modestly, while adding MJO to ENSO- or IOD-only
conditioning produces much larger gains. The full MJO + ENSO
+ IOD configuration gives the largest overall skill improve-
ments, confirming that the MJO carries the dominant predict-
able subseasonal wind-power signal, with ENSO and IOD acting
mainly as seasonal contextual modifiers.

Figure 11 summarises these relationships schematically as a
conceptual synthesis rather than a quantitative footprint. It
highlights MJO Phases 6-8 as generally favouring enhanced
wind-power potential and Phases 2-4 or 2-5 as favouring sup-
pressed potential, particularly over inland wind-energy corri-
dors, with ENSO and IOD providing additional seasonal context
during OND.
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FIGURE11 | Schematic seasonal summary of S2S climate-mode states associated with higher and lower wind-power potential over Kenya. Rows

show the four 3-month seasons (JFM, AMJ, JAS, OND). The left column summarises climate mode states most consistently linked to enhanced wind-

power potential, while the right column summarises those linked to suppressed wind-power potential, based on the spatial composites and site-level

analyses provided in Sections 3. Coloured ellipses indicate the approximate regions where each driver has its strongest wind-energy-relevant influ-
ence. Yellow and blue shading denote MJO phase groupings associated with enhanced winds (Phases 6-8) and suppressed winds (Phases 2-4 or 2-5),
respectively. Hatched overlays indicate ENSO phase (El Nifio or La Nifia), and stippling/striping indicate IOD polarity (+I0D or —IOD), as shown in
the legends. Markers show the focal wind-energy sites: Lake Turkana (<), Ngong Hills (O), Kipeto (O) and Kilifi (A).

These findings provide an evidence base for climate information
and services tailored to Kenya's energy sector. The operational
implications, including opportunities for KenGen/KMD/ICPAC
integration, co-production and barriers to uptake, are discussed
in the preceding section.

The Nifio 3.4 index used in this study captures broad tropi-
cal Pacific basin variability but does not represent the spatial

structure of SST anomalies (Abdelkader Di Carlo et al. 2023).
Future research could examine whether Kenya's wind-power re-
sponse varies in response to different ENSO “flavours.” Lagged
wind responses associated with MJO propagation and the evolu-
tion of ENSO and IOD events (Lee et al. 2019; Bi and Yuan 2026)
also warrant further investigation particularly because the
present study considers only contemporaneous relationships
between these climate modes and wind conditions. Finally, the
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perfect-forecast experiments presented here estimate potential
predictability. A companion follow-on study will assess how
much of this potential skill is realised in operational S2S forecast
systems and how it can be translated into co-produced climate
information services for the energy sector.
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Supporting Information

Additional supporting information can be found online in the
Supporting Information section. Table S1: ENSO-IOD year classifica-
tion (1980-2024) used to define composite subsets. Years are grouped
by ENSO phase (El Nifio, neutral, La Nifia) and IOD phase (positive,
neutral, negative); the number of years in each bin is shown, along with
the corresponding year lists for reproducibility. Figure S1: Monthly
composites of ERA5 100 m wind anomalies conditioned on MJO phases
1-4 (columns, left to right) for April-September (rows, top to bottom).
Shading indicates the wind-speed percentage-difference anomaly (%),
and arrows show the corresponding anomalous 100-m wind vectors. N
in each panel denotes the number of daily samples contributing to the
composite. Purple markers indicate wind-farm sites: Lake Turkana (<),
Ngong Hills (O), Kipeto (O) and Kilifi (A). Figure S2: Same as Figure
S1, but for October-March (rows, top to bottom) and MJO Phases 1-4
(columns, left to right). Figure S3: Same as Figure S1, but for April-
September (rows, top to bottom) and MJO Phases 5-8 (columns, left
to right). Figure S4: Same as Figure S1, but for October-March (rows,
top to bottom) and MJO Phases 5-8 (columns, left to right). Figure S5:
Monthly composites of ERA5 100m wind anomalies conditioned on
ENSO phases: El Nifio, Neutral, La Nifia (rows, top to bottom) for April-
September (columns, left to right). Shading indicates the wind-speed
percentage-difference anomaly (%), and arrows show the correspond-
ing anomalous 100-m wind vectors. Purple markers indicate wind-farm
sites: Lake Turkana (<), Ngong Hills (O), Kipeto (0) and Kilifi (A).
Figure S6: Same as Figure S5, but for October-March (columns, left
to right) and ENSO phases: El Nifio, Neutral, La Nifia (rows, top to bot-
tom). Figure S7: Monthly composites of ERA5 100m wind anomalies
conditioned on IOD phases: positive, neutral, negative (rows, top to bot-
tom) for April-September (columns, left to right). Shading indicates the
wind-speed percentage-difference anomaly (%) and arrows show the
corresponding anomalous 100-m wind vectors. Purple markers indi-
cate wind-farm sites: Lake Turkana (<), Ngong Hills (O), Kipeto (O) and
Kilifi (A). Figure S8: Same as Figure S7, but for October-March (col-
umns, left to right) and IOD phases: positive, neutral, negative (rows,
top to bottom). Figure S9: Smoothed empirical cumulative distribution
functions (CDFs) of daily wind-power generation at Ngong Hills, con-
ditioned on climate modes and season. Results are shown for the MJO
(Phases 2-4 and 6-8; top row), ENSO (EIl Nifio and La Nifia; middle
row) and IOD (positive and negative phases; bottom row) across four
seasons (AMJ, JAS, OND, JFM; left to right). The black line denotes the
corresponding seasonal climatology.
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