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ABSTRACT

INTRODUCTION

The relationship between El-Nino Southern Oscillation
(ENSO) and drought based on self-calibrating Palmer
Drought Severity Index (scPDSI) during the October to
December (OND) and December to February (DJF) was
explored in this study. The study was based on monthly
gridded temperature dataset at 0.5o × 0.5o spatial resolution
from Climate Research Unit, CRUTS4.03, Climate
Hazard Group Infrared Precipitation with Station Monthly
Precipitation Datasets (CHIRPSv2) at spatial resolution of
0.05 (5.3 km). The climatological data on available water
holding capacity of the soil (AWHC) from Oak Ridge
National Laboratory Distributed Active Archive Center
at a spatial resolution of 1ox1o. The National Center
for Environmental Prediction (NCEP) and the National
Center for Atmospheric Research (NCAR) re-analyzed
global observation network of weather parameters (wind,
geo-potential height omega). Temporal resolution of
all datasets was from 1980-2018. The study showed
that there was weak to moderate relationship between
ENSO and local drought events in Isiolo County. The
maximum Empirical Orthogonal Functions loadings
were observed in the eastern zones and minimum to the
western zone with the leading modes accounting for over
80% of the total variability. A comparison between the
2 phases of ENSO revealed easterly and westerly lower
tropospheric winds over the Indian Ocean basin during
El-Nino and La-Nina respectively, with negative and
positive 500hPa geo-potential anomalies in El-Nino and
La-Nina phases. The drought cycles had periodicity of 3-9
years and 5-10 years during OND and DJF, respectively.

Drought is a natural meteorological phenomenon that
occurs in almost all zones and is caused by a decrease
of rainfall from normal levels over a prolonged period
of time. Negative impacts of drought cuts across
many socio-economic sectors of any society with
devastating effects on community (Dai, 2013a; Mishra
and Singh, 2010; 2011; Polong et al., 2019). Drought
has a number of negative effects on crop yields, water
supply disruption and decreased ecosystems flow.
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In Isiolo County, an irregular drought trend hinders water
supply systems which in turn affects socio-economic
growth. The 2008–2010 drought in East Africa affected
more than 13 million people (Muller and Cross, 2014).
Pastoralists lost over 60% of their livestock (Huho and
Kosonei, 2014) while an estimated 3.2 million people in
arid and semi-arid regions of Kenya were left in need of
emergency help. Although Isiolo County has previously
been using conventional methods of adaptation to
disruptions and damages caused by extreme climatic
conditions, such as drought, the recurrence of these
severe climatic events poses new challenges that restrict
adaptation methods (Fu and Tang, 2013). Isiolo County
being arid and semi-arid land (ASAL), is vulnerable to
drought and has frequently suffered from the menace
(Balint et al., 2013). This has further been worsened
by the fact that 80% of the population depends on
pastoralism as a livelihood (Balint et al., 2013; Wambua
et al., 2018), which relies mainly on rainfall as a source of
moisture for pasture. However, little evidence is available
on how effective the drought early warning system
is, to the rural communities in Kenya’s ASAL areas.
Drought preparedness and mitigation efficiency relies
heavily on timely knowledge about the occurrence
and cessation of drought. This kind of knowledge
can be extracted from indices of drought, on which
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decision-makers can rely to assess the extent of drought
and take suitable contingency plans and actions.
Drought index is aimed at providing characteristics
of the drought based on its severity, location, timing
and duration (Hartmann et al., 2013). Drought indices
provide an elaborate information on drought associated
meteorological parameters for example, rainfall,
temperature and potential evapotranspiration into a
number, that can be applied in decision-making and
planning than collected raw data (Wilhite et al., 2007).
Numerous drought indices exist, and every index has
its own data computation requirements that provides
a specific measure of drought. A variety of frequently
used indices are Palmer Drought Severity Index
(PDSI) (Palmer, 1965), Standard Precipitation Index
(SPI) (Mckee et al., 1993), Standard Precipitation
Evaporation Index (SPEI)( Polong et al., 2019; VicenteSerrano et al., 2010) Multivariate Standardized Drought
Index (MSDI) (Hao and AghaKouchak, 2013) and
Vegetation Condition Index (VCI) (Winkler et al., 2017).
Generally, the complexity of droughts’ spatial-temporal
characteristics is determined by atmospheric teleconnection patterns and Intra-Seasonal Oscillations
(Kalisa et al., 2020; Le et al., 2019; Richard et al.,
2001; Vicente-Serrano, 2005). El Nino-Southern
Oscillation (ENSO) is generally seen as a central
factor triggering drought (Trenberth et al., 2014).
Nevertheless, it is essential to examine the influence
of some atmospheric circulation patterns on drought
(Dai, 2013b). The linkages between drought conditions
and atmospheric tele-connection patterns and intraseasonal oscillations can be utilized as a foundation for
drought forecasting (Dai, 2011; Trenberth et al., 2014).
Carvalho, et al. (2004) concluded that the European
precipitation patterns are generally and to an extent,
impacted by ENSO during boreal autumn (OctoberDecember). The analysis revealed enhanced rainfall over
the southern parts of France and the British Isles. Australian
precipitation during El Nino is considerably suppressed
compared to the actual mean, especially in north eastern
and south eastern regions (Cai et al., 2011). Across Africa,
a conventional ENSO rainfall pattern is a dipole rainfall
trend. ENSO-related impacts are more pronounced in East
and Southeast Africa. Most southern African countries

typically encounter drier than average conditions during
the El Nino event (Res et al., 2003; Vogel et al., 2010).
In East Africa, ENSO is the most common mode of
inter-annual variability (Indeje et al., 2000b). This
study noted a strong connection between East African
precipitation and ENSO production. Rainfall trends in
East Africa, both monthly and seasonal occurrences,
have been shown to play a significant role in ENSO.
In the warm ENSO period, flooding is common during
the short rainy season (October-December) (Indeje et
al., 2000b). El- Niño triggers drought in most tropical
areas (Lyon, 2004; Lyon and Barnston, 2005), although
drought is normal in La-Nina conditions during the
shorter (October –December) rainy season (Lyon, 2014).
The objectives of this research are to (i) establish the interannual relationship between local drought in Isiolo County,
Kenya and ENSO during the OND and DJF seasons from
1980 to 2018, using ground and satellite measurements,
climate re-analysis datasets and measured self-calibrating
PDSI. (ii) Determine the spatial-temporal characteristics
of drought during the OND and DJF seasons and (iii)
Assess the atmospheric circulation anomalies linked to
the two ENSO phases. The results from this study will
serve as a basis for drought forecasting, which is an
important component of a drought early warning system.

MATERIALS AND METHODS

Area of study
The study was conducted in Isiolo County (36.8333o E
and 39.8333oE and 0.0833o S and 2o North) in Kenya . It
covers an area of approximately 25,700 km2. The area
has a topography, ranging from low sea-level altitudes
to the East and higher elevation in the Western region
adjacent to Mount Kenya, at over 1800 m (Figure 1).
In general, Isiolo County experiences bi-modal rainfall
pattern influenced by the North-South movement of
the Inter-Tropical Convergence Zone (ITCZ) with
long rains received from March to May (MAM)
and short rains received from October to December
(OND) with peaks observed in April and November.
The maximum temperature generally rises from
November with the highest temperatures in February.
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Figure 1: Area of study showing the points used in the computation of the scPDSI
Comparison of models against the observed rainfall
The mean annual cycle of rainfall (in mm) for the period
1980–2018 compared to the single available rainfall station
in the county was compared with Climate Hazards Group
Infra-Red Precipitation with Station Data (CHIRPS),
Climate Research Unit (CRU), Global Precipitation
Climatology Center (GPCC), Co-ordinated Regional
Climate Downscaling Experiment (CORDEX), Climate
Prediction Centre (CPC) and The Tropical Applications
of Meteorology using Satellite (TAMSAT) data and
ground-based observations in order to identify the most
suitable dataset for use in the computation of the scPDSI
(Figure 2). There exists a significant correlation at 99%
confidence level between CHIRPS, CORDEX CPC CRU,
GPCC and TAMSAT of correlation coefficients 0.98, 0.38,
0.91, 0.93, 0.95 and -0.69, respectively. CHIRPS dataset
was therefore chosen for the computation of scPDSI
Procedure
This study applied the monthly gridded of temperature
dataset for the computation and modification of the

projected Thornth-waite Evapotranspiration at 0.5 o
× 0.5 o spatial resolution from Climate Research Unit,
CRUTS4.03 (Kalisa et al., 2020). CRU temperature
dataset has successfully been applied by (Polong et al.,
2019) in the computation of potential evapotranspiration
over Tana River basin, Kenya. Climate Hazard Group
Infrared Precipitation with Station Monthly Precipitation
Datasets (CHIRPSv2) is also used in this study. The spatial
resolution of the CHIRPS data product is 0.05 (5.3 km), and
the temporal resolution of both datasets was 1980-2018.
The climatological soil Available Water Holding Capacity
(AWHC) was obtained from the Oak Ridge National
Laboratory Distributed Active Archive Center (https://
daac.ornl.gov/cgi-bin/dsviewer.pl?ds id=548) at a spatial
resolution of 1o x 1o which was also used in computation
of scPDSI. This AWHC dataset has also been applied
by Liu et al., 2016; Rosenzweig and Ridge, 1986 for
similar purpose. Sea Surface Temperatures (SSTs)
drawn from the NCEP/NCAR Reanalysis dataset (Ishii,
2005) for the 1980–2018 period at a temporal scale of
1980-2018 was used. The SSTs were used to derive
indices climate variability drivers that include the ENSO.
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Figure 2: Validation of rainfall data performance against the satellite available datasets
Composited of the ENSO phases were constructed using
the National Centre for Environmental Prediction (NCEP)
and the National Center for Atmospheric Research (NCAR)
database which is a re-analysis of the global observation
network of weather parameters (wind, temperature, geopotential height, pressure level humidity, omega). The data
runs from 1948 to the present. It is reported on a 2.5° x 2.5°
grid on 17 pressure levels from 1000 to 10hPa (Camberlin
et al., 2001). The datasets were re-gridded to a spatial
resolution of 0.5o × 0.5o to account for local circulation.
Calculation and self-calibration of PDSI

precipitation, soil moisture content (AWHC), and possible
evapotranspiration. As a consequence, since it uses a
significant number of climate variables as data, this index
gives a detailed instrument for assessing how global
warming impacts drought (Dai, 2013a; L. Liu et al., 2012).
Wells et al. (2004) presented the scPDSI as an enhanced
form of the “classical” PDSI. It substitutes theoretical
coefficients originating from climatic characteristics, K
and periodic elements (0.897 and 1/3) with automatically
defined values, which simultaneously calibrate the index’s
performance at any region ( Wang et al., 2015). Table I
shows the PDSI values as well as drought categories

Among the most commonly adopted drought index for
assessing the duration and severity of droughts is the
PDSI ( Palmer, 1965; Aiguo et al., 2004; Al, 2004; Lijuan,
2011). The PDSI is determined using an elaborate water
balance procedure that integrates past data on temperature,

As a result, the self-calibrating PDSI, rather than the initial
PDSI, is better for comparing index values across different
climatological regions (Schrier et al., 2006). The studies
of Wells et al. (2004) and Liu et al. (2012) provide more
information on the self-calibrating PDSI algorithm and

TABLE I- PDSI CLASSIFICATION BASING ON WEATHER VARIABLES.
PDSI Category
Weather
PDSI Category
Weather
> 4.00
3.00 2.00 1.00 -

3.99
2.99
1.99

Extremely wet
Very wet
Moderately wet
Slightly wet

0.50 0.99
Incipient wet spell
0.49
- 0.49 Near normal
Adopted from Palmer, (1965)

< -4.00
-3.00
-2.00
-1.00
-

-3.99
- 2.99
- 1.99

Extreme drought
Severe drought
Moderate drought
Mild drought

-0.50

- 0.99

Incipient drought
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procedure (Aiguo et al., 2004; Al, 2004; Liu et al., 2012).
The self-calibrating PDSI was used to measure and evaluate
the monthly PDSI time series at 10 stations (Figure 1).
Empirical orthogonal function analysis
Empirical Orthogonal Function (EOF) method was
introduced as a quantitative and predictive approach for
analyzing the spatial-temporal features of parameters. The
intention of EOF assessment was to discover and isolate
spatial and temporal modes that are correlated (Lian and
Chen, 2012; Liu et al., 2013; Tatli and Türkeş, 2011). It
is commonly used to represent possible physical triggers
that induce climate variability (Behera and Yamagata,
2001; Zou et al., 2005). Although significantly reducing
the amount of data, the EOF analysis can classify the
most important spatial-temporal modes of a parameter.
Pearson moment correlation analysis

where − 1 ≤ rxy ≤ 1 . If the value of rxy is +1 or –1,
it implies that there exist a perfect positive or negative
correlation between variables x. Statistical significance
of
will be tested using the student’s t-statistic
under the assumptions of the following hypotheses:
H0; r= 0 (No statistically significant relationship)
Ha; r≠ 0 (Significant relationship between variables).
Historical drought trend analysis
Liu et al. (2013) and Maintainer and Pohlert (2018)
presented sequential values;
and
, from
the Mann-Kendall test’s progressive testing to identify
the abrupt change of drought trend with time. Here,
is a standardized variable with a unit standard
deviation and zero mean. Its sequential pattern therefore
fluctuates around the level of zero. As follows, the
sequential Mann-Kendall can be summarized stepwise,
1.

Correlation analysis is used to discover basic relationship
between pairs of variables. The basic connection has two
main characteristics. To begin with, it is bounded by 1
and 1, i.e., −1≤r≤1. If r is equal to +1 or -1, it implies
existence of a perfect positive or negative relationship,
respectively (Ficklin et al., 2015; Oguntunde et al., 2017).
The goal of correlation analysis is to create a link between
the simulated drought, based on the measured scPDSI and
the SSTs datasets over the global Ocean basin in terms of
annual cycle, inter-annual variability, and the mean OND
and DJF seasonal scales when drought is at its worst.
Pearson moment correlation was used to determine
the relationship between ENSO and drought patterns.
Correlation analysis was sought to establish if there
were some statistically significant relationships between
ENSO index time series and drought based on PDSI
time series. The simple correlation (rxy) between
variables X (ENSO-index) and Y (PDSI) expressed as:
Equation

1:

Pearson

n

rxy =

∑ {( x
i =1
n

{

i

moment

− x )( y i − y )}

n∑ ( xi − x ) 2 ( y i − y ) 2
i =n

correlation

}

(1)

2.
3.

4.

The values of
annual mean time
series are compared with the
where (
at each
comparison the instances where
>
are
noted by .
The statistics t is computed using
(2)
The mean and the variance are then computed
using

The sequential values of the statistic
then calculated as

are

The values of
are simultaneously calculated
in a reverse sequence from the end of the time series.
Composite analysis
In composite analysis, one or more clusters of fields of
a parameter are delineated and averaged based on their
interaction with key conditions. The composites’ impact is
often used to construct sequence patterns that can be tied
to real scenario (Camberlin et al., 2001; Res et al., 2003).
ENSO episodes are the key conditions for composite
analysis in this study, with composites for El- Nino and
La-Nina years performed totally separate, particularly
for wind, geo-potential height, omega, and SST. This
is exclusively for the purpose of locating circulation
anomalies triggered by ENSO events. In their research on
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the east African region, a number of researchers have used
composite techniques (AghaKouchak, 2015; Camberlin
et al., 2001; Indeje et al., 2000a; Ogwang et al., 2015;
Ongoma et al., 2015) to determine the mean atmospheric
circulation anomalies linked to various climatic events.
Continuous wavelet transforms
Torrence and Compo (1998) presented the continuous
wavelet transforms (CWT), which are now extensively
used to assess drought characteristics (Liu et al., 2013;
Ood, 2008; Wang et al., 2013; Zhang et al., 2009). The
Morlet wavelet function, which is one of the many
wavelet functions, was preferred for use because it has
a strong balance of time and frequency localizations.
Edge effects were neutralized using a cone of influence
(COI) since the wavelet was not entirely fixed in time.
The zone where the wavelet power generated by a
misalignment at the edge was dropped to the level of
e2 at the edge was delineated as the COI and statistical
significance of wavelet power calculated. This study used
CWT to investigate the periodicity of the two leading
scPDSI EOF time series in Isiolo County, Kenya, during
the OND and DJF seasons, when drought is more severe.
The range of confidence for a given value was denoted
by the 95 percent confidence interval ( Agarwal et al.,
2016; Liu et al., 2013; Polong et al., 2019; Torrence
and Compo, 1998). The following formula was adopted

CWT=

relationship between global SSTs and scPDSI drought
index computed over Isiolo County, Kenya. The
spatial distribution of the correlations was identified
and averaged correlations between the OND and DJF
seasonal mean Nino3.4 index and drought index during
the two consecutive seasons when drought was most
prevalent (Figure 4). The results shows that there exist a
moderate to strong correlation between drought in Isiolo
and tropical Ocean basins (Atlantic, Indian and Pacific
Oceans). Significant inter-annual relationship between
SSTs and drought during OND has been observed (Cai
et al., 2011; Lyon, 2014). However, the results in Figure
3 show that the Indian Ocean basin has a stronger
influence on drought compared to other Ocean basins.

Figure 4 illustrates the relationship between Nino3.4
index and drought distribution, the north-east, eastern and
western sections show comparatively higher values of
correlation coefficient as opposed to the central regions.
Although at local scale the ENSO influence is not very
strong, ENSO has been identified as a key driver of the
inter-annual variability of rainfall which is a key indicator
of drought (Ogwang et al., 2015; Park et al., 2020). In
particular, rainfall in Kenya during short rainy season
is highly correlated with El Nino, which implies more
rain is expected during an El Nino year. It is expected
that this season (OND) should be drier than usual, as we
witnessed La Nina conditions in 2016 (Uhe et al., 2018).

(6)

where n is the localized time index,
is the time variable,
s is the wavelet scale,
is the sampling period, N is the
number of points in the time series, and the asterisk (*)
indicates the complex conjugate, a discrete sequence of
observations
, a scaled and translated wavelet

RESULTS AND DISCUSSIONS
Correlation analysis
Droughts are affected by a combination of circulation
mechanism (Dai, 2013b; Lyon, 2014). This part
examined the connection between circulation indices and
drought in order to determine atmospheric circulation
factors that may influence drought. Figure 3 shows the

El- Niño and La-Nina years were those years with Nino3.4
index ≥ 1.0 and ≤ -1.0 respectively. The El-Niño years were
1982, 1987, 1992, 1997,2015 and 2016 while the La-Nina
years were identified to be 1985, 1988, 1989, 2000, 2008
and 2011. Figure 5 shows the temporal relationship of the
seasonal scPDSI and Nino3.4 during short rains (October
to December) and December to February (DJF). The
results show that scPDSI and Nino3.4 are in phases from
1980 to 2013 which signifies that ENSO plays an important
role in the modulating drought characteristics, notably dry
events are seen to occur during the La-Nina phase while
wet events are seen to occur within the El- Niño phase.
Empirical orthogonal function
The seasonal spatial-temporal characteristics of drought
based on scPDSI were determined based on Empirical
orthogonal function (EOF) analysis. The variance

284

Teleconnection Of Local Droughts In Isiolo County In Kenya To El-Nino Southern Oscillation And Associated
Atmospheric Circulation Anomalies

Figure 3: The correlation between self-calibrating Palmer Drought Severity Index over Isiolo County and global Sea
Surface Temperatures (SSTs) during the two seasons with the comparatively stronger correlation coefficient
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Figure

4: Spatial Correlation between self-calibrating Palmer Drought Severity Index and Nino3.4 Index

Figure 5: Temporal variations of self-calibrating Palmer Drought Severity Index and Nino3.4 index October to
December (top) and December to February (bottom)
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Figure 6: Spatial patterns of two leading empirical orthogonal function modes of October to December (a and c) and
December to February (a and d) aerially averaged self-calibrating Palmer Drought Severity Index
contributions of the two leading EOF loadings during
the OND was 82.2% and 7% while in DJF season the
two leading EOFs spatial modes accounted for the
85% and 6.8% of the total variance. The most notable
feature is the homogenous positive pattern for the
leading spatial EOF patterns (Figure 6a and Figure 6b)
and heterogeneous pattern (both positive and negative)
in the second EOF mode which signifies the physical
characteristics of drought (Figure 6c and Figure 6d).
The minimum loadings of the scPDSI values over the
western parts concurs with the rainfall pattern with
generally high rainfall amounts and cool temperatures
exhibited as a result of higher elevation as shown in
Figure 1. The maximum loadings are concentrated
in the eastern parts which generally experiences
suppressed rainfall amounts. The corresponding EOF
time series identified the year 2000 and 2001 and
the driest for OND and DJF respectively (Figure 7).
The results of composite mean distribution of drought
over Isiolo County is presented in Figure 8. ENSO effect

on drought characteristics is mainly experienced in
the northern regions of western Merti division, central
zones and the southern areas of Kina and Sericho
divisions. It is evident during both ENSO phases is
characterized by either El-Nino or La-Nina droughts
with the drought being more severe during DJF season.
Wet events are mainly common during the OND season
when ENSO is in positive phase. During both OND and
DJF La-Nina phases, there is stress in the soil water
balance, which is shown by the negative scPDSI values.
Physical mechanisms associated with ENSO
variability
Geo-potential height anomalies are presented in Figure
9 . These consist of deviations in the geo-potential
height field from average values at 500hPa. It is evident
that areas with lower geo-potential heights correlate
with negative geo-potential height anomalies. During
the El-Nino, the height anomalies are negative which
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Figure 7: Corresponding time series of the two-leading spatial empirical orthogonal function modes during October
to December (top) and December to February (bottom)
indicates that the geo-potential heights are much below
average over Kenya, and implies colder than average
temperatures across this region. This coupled with
easterly flow from the Indian Ocean basin enhances the
zonal influx of cold maritime air-mass, a phenomenon
conducive for convective activities. In the La-Nina phase
there is a positive geo-potential anomaly which signifies
warming, this coupled with westerly flow at 850hPa
depresses rainfall which is a key indicator of drought.
The composition of 200hPa and SST anomalies normally
occurs (Figure 10). There is warming in the central to

eastern Pacific during the positive ENSO phase and
cooling during La-Nina phase (Figure 10). Ogalo (1982)
showed that warming in the warming in the central to
eastern Pacific during the positive ENSO phase is linked
to enhanced rainfall over equatorial east Africa with the
phenomenon having a return period of 4.8 to 6 years with
its effect being more pronounced during the OND season.
The 200hPa wind directions are opposite in direction
compares to the 850hPa winds which signifies convergence.
The shaded regions show an area of significance at 95%
confidence level.
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Figure 8: Composite mean distribution of self-calibrating Palmer Drought Severity Index during October to
December and December to February in both El-Nino and La-Nina phases
The variation in the zonal wind circulations modulates the
vertical motions. In this study the vertical motion (omega)
was analyzed during the ENSO phases. A composition
of the vertical patterns associated with omega for the ElNino and La-Nina was manifested (Figure 11). During the
positive phase of ENSO, the atmospheric column between
400hPa and 100hPa is dominated by zonal easterly flow
between longitude 150 oE and 60 oW conversely in the
same region during the negative phase of ENSO is
dominated by westerly zonal flow. Distinctively a region of
rising motions is seen at 150 oE during the El-Nino phase.
At the lower and mid-tropospheric column (1000-500hPa)
there is an easterly zonal flow which signifies a moisture
influx from the Indian Ocean basin a condition suitable for
convective activities. In the reverse phase there is dominant

westerly flow which suppresses the rainfall formation.
Drought trends
The drought trend for the period 1980-2018 is presented
using the sequential Mann-Kendall results (Figure 12).
The forward sequence, u(t) and backward sequence,
) intersect each other in the year 1982 when abrupt
decreasing trend of drought is realized up to year
1984. The trend does not appear to have any abrupt
change until the year 2001 when an abrupt change of
trend with increasing tendency is realized from 2001
to 2018. The dashed black lines indicate the 95%
confidence level; upper limit 1.96 and lower limit -1.96,
respectively from the Mann-Kedall sequential test.
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Figure 9: Composite mean 850hPa wind vectors (barbs) and 500hPa geo-potential height (shading) anomalies during
El-Nino and La-Nina phases
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Figure 10: Composite mean 200hPa wind (vectors) and SSTs (shading) anomalies during El-Niño and La-Nina
phases
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Figure 11: Composite mean meridional cross-section of vertical motions during El-Nino and La-Nina phases
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Figure 12: Sequential values of the statistics forward sequence, u(t) (solid red line) and backward sequence u’ (t)
(dashed-dot blue line), the dashed black lines indicate the 95% confidence level; upper limit 1.96 and lower limit
-1.96 respectively from the Mann-Kedall sequential test.
Morlet wavelet drought signal processing of the
periodic features of seasonal droughts

CONCLUSION AND RECOMMENDATIONS

This study demonstrated CWT outcomes for the seasonal
scPDSI EOF time sequence with the confidence level set
to 95% (Figure 13). Over the OND and DJF seasons, the
CWT for the two leading EOF time series conducted on
scPDSI disclosed distinct patterns, with the entire values
computed at the 95% confidence level. The continuous
wavelet power spectrum for the time series of scPDSI in
OND indicated that the domains appeared predominantly
clustered within the 3–10-year band, with the significant
spectral peaks emerging in the years 1987, 1996, and 2002,
respectively (Figure 13a). The CWT power spectra for the
EOF time series for DJF persisted in the 5–9-year band
(Figure 13b). The peak density of spectral powers was
identified in the years 1990 and 1997. Previous studies
on the periodicity of drought by Polong et al. (2019)
revealed a drought cycle of 2-7 years. In their study, they
performed a CWT on SPEI of the two leading EOF time
series of Tana River basin and found a stable distribution
of frequency of drought in the inter-decadal timescale.
Similar studies by Indeje et al. (2000) on annual and
seasonal periodicity of rainfall revealed the existence of
rainfall peaks anchored on ENSO and SSTs anomalies
in the tropical Ocean basins with a cycle of 4.8–6 years.

Self-calibrating Palmer Drought Severity Index (scPDSI)
used in this study revealed that OND was the main season
that was impacted by ENSO variability at seasonal scale
and that DJF is the season with most severe drought
effects. This study is one of the pioneer drought assessment
research that uses scPDSI in Kenya. The method is
robust and incorporates more weather parameters
compared to conventionally used SPI and therefore can
connect meteorological, hydrological and agricultural
droughts. Moreover, there has been a shift in the land
use and cover which has drastically affected the local
climate experienced in Isiolo County, thus the scPDSI
is more suitable for assessment of localized droughts.
The study adopted the classical EOF analysis as a tool
for determining the spatial-temporal characteristics
of drought over the later mentioned seasons. The year
2000 and 2001 was identified as the driest years for
the OND and DJF seasons. The spatial EOF loading
patterns exhibit the climatological distribution of rainfall.
The results from correlations revealed that Indian and
Pacific Ocean basins are linked to drought variability
in Isiolo, County at seasonal scale with the eastern and
western parts majorly impacted during the OND season
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Figure 13: The continuous Morlet wavelet transform of the first two leading empirical orthogonal function time series
during October to December (a) and December to February (b)

294

Teleconnection Of Local Droughts In Isiolo County In Kenya To El-Nino Southern Oscillation And Associated
Atmospheric Circulation Anomalies
During the El-Nino phase the mid-tropospheric geopotential anomalies suggests a cooling tendency with
easterly 850hPa winds enhanced by the warming
of the tropical Pacific Ocean During the La-Nina
phase the reverse of the conditions are identified.
The analysis of the periodicity of the drought
characteristics shows that the drought in Isiolo County
exhibits a period of 3 to 9-years and 5 to 10-years
cycles during the OND and DJF seasons respectively.
The study recommends that the influence of Indian
Ocean Dipole on drought characteristics should
further be examined since the results of correlation
shows a significant relationship between the Indian
Ocean basin and scPDSI over the study area.
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