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Abstract 

Changes in the characteristics of rainfall in urban areas due to climate change and/or 

urbanization would present a challenge to storm water management and could result in urban 

flooding. Under changing global climate and rapid urbanization, there is need to understand 

the climatic and environmental factors that influence urban flooding in Nairobi. In this study, 

the spatial-temporal variability and trends of monthly, seasonal and annual rainfall amounts 

were investigated for stations within and in the neighbourhood of Nairobi city. Exploratory, 

continuous wavelet transforms (CWT), and trend analysis methods were used. Effect of 

urbanization was analysed by examining the temporal changes in seasonal rainfall difference 

between stations. The CWT analysis showed that local and global factors contribute to 

rainfall anomalies and particularly anomalously high rainfall was observed when local 

disturbance occurred simultaneously with other modes of climate variability. There were 

generally no significant temporal trends at the 5% level in seasonal and annual rainfall except 

Dagoretti station which is downwind of the city’s Central Business District (CBD)that had a 

significant increasing trend during the JJA season and a significant decreasing trend during 

the MAM season. Trends in rainfall difference indicated urban effect on rainfall during the 

MAM and JJA seasons. This study shows that challenges of storm water management in 

Nairobi are most likely experienced due to changes in rainfall variability (forced at a given 

time by different factors) rather than due to long-term temporal trends.  

 

Keywords: Rainfall Variability, Climate Change, Continuous Wavelet Transform, 

Periodicity, Trend Analysis, Quantile Regression 

Introduction 

The fifth Intergovernmental Panel on Climate Change (IPCC) report indicate that there 

is a general increase in precipitation globally in response to the anthropogenic forcing 

resulting from enhanced moisture content in a warmer atmosphere(Stocker et al. 2013). Even 

as more evidence is gathered about climate change and its likely influence on the hydrologic 

cycle, there is limited information within the equatorial East African (EEA) about the 
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different factors that force extreme rainfall events especially at spatial scales needed in urban 

storm water management. As the atmosphere in urban areas becomes warmer due to climate 

change and the urban heat island (UHI) effect, it has the potential to change the amount, 

timing, and/or intensity of rainfall (Opijah et al. 2007;Marengo, et al., 2013). These changes 

are likely to affect storm water generation and management. The reported damage of property 

and even loss of lives in urban areas of Kenya due to flooding during seasonal rains provides 

evidence of their vulnerability due to water related extreme events(Awuor et al. 2008; Kithiia 

& Lyth 2011). Recent extreme rainfall events have been loosely attributed to El Nino and 

climate change. However recent studies have shown that El-Nino alone may not be 

responsible for the observed anomalous wet spells (Nicholson 2015). Okoola, et al.(2008) 

observed that anomalously wet spells at the coast of Kenya during the 1997/1998 period were 

attributed to short-time atmospheric disturbances in the Indian Ocean near the coast during an 

El Nino period. Using a 139-year rainfall record of the EEA region, Nicholson (2014) 

observed that several factors appear to act in tandem to produce extremely wet conditions. 

There is however inadequate information regarding characteristics of rainfall variability at 

spatial and temporal scales needed in storm water management. The development of flood 

mitigation measures requires information about both the variability and possible changes of 

rainfall characteristics. The combined effect of global warming, and local changes such as 

heat island effect are likely to influence changes in rainfall characteristics and especially 

downwind of the city’s CBD(Shepherd 2005; Milly et al. 2007; Mailhot & Duchesne 2010). 

The revision of many aspects of storm water management procedures in urban areas such as 

the design storm models can only be effectively carried out if local and globalclimatic 

conditions are well understood.   

Nairobi lies within the central highlands of Kenya and has two main rainy seasons, 

namely the March to May (MAM) season locally referred to as the ‘long rain season’ and the 

‘short rain season’ from October to December (OND). The onset and cessation of each 

seasonin Kenya coincides with the arrival and withdrawal respectively of the Inter-Tropical 

Convergence Zone (ITCZ) which is mainly responsible for the inter-annual and intra-

seasonal variability(Okoola 1999; Indeje et al. 2000;Gitau et al. 2014). However, some parts 

of the country including the central highlands get substantial rainfall during the monsoon 

season of JJA (Indeje et al. 2000; Camberlin et al. 2009). 
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Anomalies in the EEA rainfall has been associated with the large scale sea surface 

temperature (SST) anomalies in the Indian and Atlantic Oceans (Black et al. 2003; Lyon & 

Dewitt 2012), and the El Niño Southern Oscillation (ENSO) (Indeje et al. 2000; Nicholson 

2015). Other studies have suggested links of the positive rainfall anomalies to westerly 

outbreaks from the Atlantic Ocean that bring in moisture into the region (Camberlin et al. 

2009; Hastenrath et al. 2011; Williams & Funk 2011). The Indian Ocean Dipole (IOD) also 

referred to as the Indian Ocean Zonal Mode (IOZM) has recently been documented as an 

important mode of variability of the EA rainfall although ENSO has been thought to be the 

major mode for a long time (Marchant et al. 2006). There are several studies that have 

suggested a dependence of the IOD and ENSO in influencing the OND seasonal rainfall 

variability in EEA (Clark et al. 2003) while others suggest that IOD influences EEA rainfall 

even in the absence of ENSO (Marchant et al. 2006). There is still need for more scientific 

information on variability and possible temporal changes of rainfall characteristics at spatial 

scales applicable in urban storm water management in view of the global climate change and 

rapid urbanization.  

The unique aspect of this study is the attempt to investigate variability of continuous monthly 

rainfall data for the last 50 years with a view to observe both short-term and long-term 

features influencing rainfall extremes using the Continuous Wavelet Analysis (CWT). In 

doing this all the rainfall falling in a year is accounted for. The influence of global climate 

change and urbanization were also investigated.  

 

Study area 

The Nairobi urban area extends between 36o 4` and 37o 10` east and approximately 

between 1o 9` and 1o 28` south, covering an area of 689km2 (Fig 1). The average altitude is 

approximately 1700m above sea level. Mombasa is located about 3o 8', 4o 10' south of the 

equator and 39o 6', 39o8' east of the Greenwich. It has a total landmass of 230 km2 and 65 km2 

of in-show waters.  
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Figure 1: Relief Map of Kenya and Nairobi land use Map  

(source:www.map.library.com/) 

 

Data sources 

Rainfall time series from five (5)stations in and around Nairobi were obtained from 

the Kenya Meteorological Department (KMD) (Table 1). From the daily rainfall data, various 

variables were prepared for each station including annual, seasonal and, monthly 

totals(seasons are MAM, JJA and OND).The indices used to represent global modes of 

climate variability included ENSO and IOD. ENSO in this study was represented by the 

NINO 3.4 SSTs and the Southern Oscillation Index (SOI) indices. The mean monthly 

standardized values of these variables were obtained from the National Oceanic and 

Atmospheric Administration (NOAA) database 

(http://www.cpc.noaa.gov/data/indices/>CPC). Mean monthly standardized indices of the 

Indian Ocean dipole (IOD) (defined as the standardized anomalies of the difference between 

the sea surface temperature (SST) in the western (50o-70oE and 10oN/S) and eastern (90o-

110oE and 10oN/S) equatorial Indian Ocean) were obtained from the Japanese agency for 

Marine-Earth Science and Technology 

(http://www.jamstec.go.jp/frsgc/research/d1/iod/">FRCGC</a).  
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Table 1:Detailed description of rainfall stations 

Station  Station 

acronym  

Latitude 
oS =(-) 

Long. 

(oE) 

Altitude 

(m) 

Length of  data 

Wilson  

Dagoretti 

Thika 

Nyeri 

Kabete 

WA 

DC 

TH 

NY 

KB 

-1.32 

-1.30 

-0.98 

0.43  

-0.30 

36.82 

36.70 

37.07 

36.97 

36.71 

1679 

1798 

1549 

1815 

1800 

1961-2013 

1961-2013 

1961-2013 

1970-2008 

1970-2008 

Note: in the acronyms WA, is the stations closet to the CBD. 

 

Methods of analysis 

Temporal and spatial variability was studied using descriptive statistics and the 

continuous wavelet transform (CWT). The CWT analysis method interprets a time series by 

extracting the relevant information from the series as frequency (cyclic)features through 

transforming the series without changing it (Prokoph. & Barthelmes.1996; Torrence & 

Compo 1998;Labat 2005). The strength of the wavelet transform method is in its ability to 

detect multiple cycles (at a given time) in a time series and how these cycles vary with time. 

Such cycles may influence results of trend tests when assumed absent.The CWT in this study 

is used as a diagnostic tool to discriminate variability of rainfall of the urban and nearby rural 

areas. 

 

CWT theory 

The CWT of a time series signal is defined as the convolution of the time series with an 

analysing wavelet function and may be classically expressed as: 

 

Ťψ (s,τ)= ψs, τ(t) dt                  (1) 

 

where Ťψ (s,τ) is the transform of the time series (t);  (t) is a random variable with values at  

t=1…..n taken at equal time intervals  (e.g. daily, monthly or annually) the functions ψs,τ 

(t) are the wavelets with scaling parameter s and translating parameter τ and is given by: 

 

ψs, τ (t)=         (2)                   

where  is set all real numbers. The set of analysing wavelets ψs, τ(t) are produced from a 
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single wavelet called the mother wavelet, ψ (t), by scaling and shifting it. The shifting 

parameter  is responsible for time location while s is the scaling parameter used for 

stretching and compressing (s< 1) the mother wavelet. The choice of a sine-like 

wavelet as the mother wavelet such as the Morlet wavelet after (Morlet, et al. (1982)) allows 

the value s to be approximated as wavelength and the reciprocal value   to be interpreted as 

frequency. The Morlet wavelet is expressed as:  

ψ [exp(-i2 fot)(exp(- (t)2))]        (3) 

 

and for the set of shifted wavelets it follows that: 

 

ψ(s, τ)= [exp(-i2 fo )(exp(- ( )2))]                 (4) 

 

where parameter fₒ defines the basic frequency of the mother wavelet and controls the 

number of oscillations below the Gaussian envelope (Torrence & Compo 1998). The Morlet 

wavelet has both complex and real parts and therefore offers the advantage that it combines 

wavelet power both positive and negative peaks into a single broad peak (Charlier et al. 

2015;Kanani & Maria 2015). Further details of the CWT analysis could be found in 

Torrence and Compo (1998). In this study,  the wavelet transform of rainfall time series was 

performed using the ‘biwavelet’ software package which uses the Morlet as the mother 

wavelet; the package is  written in R language by (Gouhier & Grinsted 2015) 

http://github.com/tgouhier/biwavelet), using the wavelet guidelines written by Torrence and 

Compo (1998). 

The CWT analysis of monthly rainfall using one month time step and scales of powers of 2 

was used. Because of its localization properties in both time (x-axis) and scale (y-axis), the 

CWT analysis allows for tracking of time evolution of the processes at different scales within 

the signal and maps the spectral characteristics of the time series onto a time-frequency (time-

period) plane from which the significant dominant periodicities can be observed. In this way, 

local and global factors influencing rainfall variability can be inferred from the WPS plots. 

High frequency features (short periodicities) in the WPS maps are attributed to local 

(transient) factors while low frequency features (long periodicities) are attributed to other 
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large-scale climate factors that influence rainfall variability at inter-annual and longer time 

scales. 

 For the analysis of trends, the Mann-Kendall (MK) test, which is a non-parametric test 

that detects the presence of amonotonic trend with inatimeseries in the  absence of any 

seasonal variation or other cycles, together with linear regression and quan tile were used. 

Details of the computation of the test statistics of the MK method could be found in Helsel & 

Frans (2006). The quantile regression was particularly used to analyse seasonal and annual 

rainfall trends. The QR is briefly discussed below. 

 

Quantile regression theory 

Quantile regression (QR) is a method of estimating the relationships between one or 

more covariates and the conditional quantile of the response variable.  It was developed in the 

1970s as an extension of the linear model for approximating rates of change (Koenker and 

Bassett, 1978). The QR parameter estimates the change in a specified percentile of the 

response variable produced by a change in the predictor variable. Unlike the linear regression 

that assumes that the response is only affected by location (50th percentile) of the distribution, 

the QR provides a complete picture of the conditional distribution of the response variable 

when both the lower and the upper or all the quantiles are of interest. In the analysis of 

change of rainfall characteristics, all quantiles of the rainfall variable are important; 

particularly, changes in the upper quantiles of rainfall in urban areas that would enhance 

flooding. The parameters estimated are semi-parametric since no parametric distribution is 

presumed for the random error part of the model, although a parametric form is presumed for 

the deterministic portion. The conditional quantiles denoted by Y(κ\ t) are the inverse of the 

conditional cumulative distribution function of the response variable Y-1 (κ\t) where κ [0,1] 

signifies the quantiles. The QR estimates are an ascending sequence of planes that are above 

an increasing segment of sample observations with increasing value of the quantiles (κ). 

The linear function of rainfall variable Y(t) is given by:  

 

Y(κ\ t) =β0 (κ) + β1 (κ) t1 +                  (5)                                        

        

 where, Y(κ\ t) is the conditional quantile of rainfall, Y(t) is the rainfall time series of interest 

(e.g., annual or seasonal)  and t is the time (the independent variable or covariate); the κ 

indicates that the parameter are for a specified quantile κ (0 1); β0 and β1 are the 
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intercept and slope respectively, and  is the random error of the QR model. 

To detect the presence of trend for any given percentile in the rainfall time series, the β1 (κ) 

was evaluated. A positive (negative) β1 (κ) that is significantly different from zero at a given 

level of significance would be an indicator of increasing (decreasing) trend of the time series 

in quantile κ. The “quantreg” software developed by Koenker (2006) and written in R 

language (http://www.r-project.org) was usedto evaluate the coefficients of the quantile 

regression model applying the rank inverse method. The advantage of the QR over the simple 

linear regression is that it is able to describe the response of both variables with constant 

slope in all quantiles and those with varying slopes from one quantile to another (Mazvimavi, 

2010).  The 10th 20th and 30thquantile designate low rainfall while the 70th 80th and 90thare 

heavy rainfall  percentiles.  

 

Results  

Rainfall variability  

The mean annual rainfall over Nairobi and its environs ranges between 900 to1000 

mm/year. The annual rainfall is mainly contributed by the two rainy seasons(MAM&OND) 

that occur during the transition of the monsoon wind circulations. The stations also record 

substantial amount of rainfall during the JJA season (Figure 2).  

 

 

Figure 2:Mean monthly rainfall (depicting the bimodal rainfall characteristics), and 

mean annual and seasonal rainfall. 

In the CWT analysis, the temporal distribution of the frequency features of the 

monthly rainfall time series signal was found by successively passing stretched and 

compressed functions of a Morlet wavelet. The spectral power variance of rainfall at each 

scale (period) and time is shown in the wavelet power spectrum (WPS) plots. The colour 
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code from blue to red represents the wavelet coefficients with low power to high power 

respectively, with significant periodicities enclosed in black contours. 

Results showed that there are general similarities of the features of the WPS plots of 

all the stations implying that rainfall is controlled by the same large scale climate systems 

(see Figure 3). The most dominant periodicities are semi-annual cycles (periodicities of 4-6 

months) that represent the seasonality of rainfall. Quasi-annual cycles (8-16 months 

periodicities) were also observed in each WPS plot which would imply the inter-annual 

variability of rainfall caused by climate modes of variability that influence the EEA rainfall. 

Other less common features are the high frequency cycles (1-4 months periodicities) 

associated with local transient factors, and an isolated low frequency cycles (32-64 months 

periodicities) that is observed in all stations between 1995 and 1998. Particularly notable was 

the high peak rainfall observed in years when there was simultaneous occurrence of multiple 

periodicities (e.g 1961-1964,1976-78 and 1995-2000). Depressed rainfall periods were 

observed particularly when there is no simultaneous occurrence of significant periodicities, 

(e.g. 1970-1976, 1980-1992). The spatial differences in rainfall variability between the 

stations were mainly observed in occurrence of the high frequency cycles and the difference 

in the spectral energy of the WPS maps, for instance between WA and DC (Figure 3). 

 

 

 

Figure 3: The wavelet power spectra of rainfall time series of two rainfall station within 
Nairobi; the black contours mark the significant periodicities at 95% confidence 
interval while the white U-shaped curve marks the cone of influence (COI); anomaliesof 
annual rainfall of stations within and near Nairobi. 



JOURNAL OF INTERNATIONAL ACADEMIC RESEARCH FOR MULTIDISCIPLINARY 
Impact Factor 4.483, ISSN: 2320-5083, Volume 6, Issue 4, May 2018 

 

22 
www.jiarm.com 

 

Influence ENSO and IOD on the rainfall variability 

CWT analysis of the two modes of variability indicate that they could jointly have 

been responsible for the anomalies experience in most stations in 1997-98 period while IOD 

could have been responsible for the anomalies of 1960 (Figure 4). On examining the 

statistical relationships between ENSO and IOD respectively with seasonal and annual 

rainfall, the results showed that there were more stations whose annual rainfall were 

significantly positively correlated with mean IOD indices than the NINO 3.4 or SOIindices 

(Figure 5)and that the OND seasonal rainfall was more positively correlated with either 

seasonal NINO 3.4 or IOD in all stations. 

 

Figure 4: The wavelet power spectra of the annual time series of NINO3.4 and IOD 

indices; the black contours mark the significant periodicities at 95% confidence level 

while the white U-shaped curve marks the COI. 

 

‐0,3

‐0,2

‐0,1

0

0,1

0 ,2

0 ,3

0 ,4

0 ,5

0 ,6

WA DC TH MB MT MS KSM KSI NKUC
o
rr
e
la
ti
o
n
 c
o
e
ff
ie
n
t 
(r
)

Stat ion

NINO3.4~MAMrain NINO3 .4~ONDrain IOD~MAMrain IOD~ONDrain

 

Figure 5: Correlations between seasonal rainfall with IOD and NINO 3.4 indices for 

several stations in Kenya including those in Nairobi; the horizontal bar in each plot 

marks the point (r= 0.27) above which the coefficients are significant at α=0.05 

Rainfall trends  
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MAM rainfall at DC in Nairobi had significant decreasing trendwhileJJArainfall had 

increasing trend at the same station for the 1961-2013 period (Figure 6&7).The OND season 

showed a decreasing trend at DC but it was not significant at 5% level (Figure 8). In general 

there is a decline of MAM rainfall in Nairobi area and an increase in JJA rainfall. 

 

 

 

 

 

Figure 6: Trends of rainfall during the MAM season at DC, TH and WA stations 
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Figure 7: Trends of rainfall during the  JJA season at the same stations 
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Figure 8: Trends of rainfall during the OND season at the same stations 

The quantile regression further showed that there are changes at certain percentiles of DC 

rainfall particularly during MAM (negative) and JJA (positive). Considering the MAM 

season, DC station had significant negative trends from the 20th to the 60thpercentiles, while 

during the JJA season DC had positive trends in the 20th, 30th and 90th percentiles implying 

increase of light rains as well as heavy rains during this season (Table 2). 

 

Table 2: trends of rainfall of various percentiles 

 DC station  MAM JJA 

nth percentile 20 30 40 50 60 20 30 90 

β(κ) (mm/year -0.6 -0.5 -0.5 -6.3 -5.6 0.8 9.7 3.8 

β(κ) significant coefficients at 0.05 (p<0.05); - β(κ) values signifies decreasing trends and β (κ) is for 

increasing trends 

 

Urban effects on rainfall 

The urban-rural rainfall differences and logarithms of urban-rural quotients were computed 

between stations closest to urban centre (WA) and the sub-urban (DC) and rural station (TH). 
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The computed rainfall differences were investigated for long-term temporal trends using 

Mann-Kendall methods and the results tested at 5% level of significant. There was significant 

negative trend of the rainfall differences between WA and DC pair of stations during the JJA 

season as well as their log quotients ( Figure 9); the trend implies an increase in rainfall at DC 

particularly from the early 1990s.This difference may be attributed to urban effects on rainfall 

since DC is about 8 km downwind of the CBD. 

 

Figure 9: urban influence on rainfall; a) the decreasing trend was significant for the 

JJA season; b) MAM rainfall differences had no trend. 

 

Discussion 

Extremely wet periods over Nairobi were associated with simultaneous occurrence of 

multiple periodic features in the rainfall time series. The concurrent of these period features 

signify the different modes of climate variability that influence the outcome of rainfall at a 

given time (Labat 2005). For example the concurrence of the high frequency (1-4), semi-

annual (4-8 months periodicities), and the quasi-annual cycles (8-16 months periodicities) 

during 1961-1963,1965-1967, 1995-1998, 2005-2007 caused resultant high rainfall over the 

study area. The semi-annual cycles were associated with the two rainfall seasons (MAM and 

OND) that are influenced by the bi-annual convergence of the monsoon winds in the ITCZ 

within the EEA region, while the annual cycles and other higher periodicities (e.g., the 

common 32-64 months periodicity) could be associated with other synoptic systems that 

influence rainfall in EEA such as ENSO and IOD (Clark, et al., 2003; Black, et al., 2003). 

Occurrence of high frequency features (1-4 month periodicities) especially at DC and WA 

stations indicated transient features that could in part be associated with effects of 
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urbanization on rainfall. Similar method of the CWT analysis was used by Turki et al. 

(2016)who reported multiple cycles of rainfall in Marrakech (Morocco) and noted that high 

(low) spectral power appeared during wet (dry) periods. Singleton (2015)also observed a 

dominant 1-year cycle in the monthly rainfall of Huangtupo (China) which was associated 

with the monsoons of Asia. 

The deductions from the correlations between rainfall and ENSO/ IOD were that individually 

the associations of IOD or ENSO with rainfall is weak (r<0.5) and that IOD had more 

positive correlations with OND rainfall than NINO 3.4 in each region thus corroborating 

Merchant, et al. (2007) that rainfall in Kenya is influenced more by the variability of sea 

surface temperature over the Indian Ocean than in the Pacific.MAM rainfall has no 

significant correlations with either ENSO or IOD in Nairobi.These observations agree with 

Camberlin et al. (2009) and Indeje, et al. (2000) who indicated that MAM rainfall depends on 

a combination of unrelated factors and is only weakly correlated with ENSO while Nicholson 

(2015) indicate that ENSO and IOD are weakly associated with rainfall anomalies over the 

EEA region and suggest that zonal winds play a bigger role in producing wet conditions.IOD 

is noted to have continuous significant periodicities since 1960 unlike ENSO which was only 

significant between 1984 and 2000. Note that IOD and ENSO were simultaneously 

significant in 1998 with resultant rainfall anomalies in both locations. Black, et al. (2003) 

also indicate that there have been above average rainfall during every positive IOD mode 

from 1960-2001 at the Kenyan coast, compared to only during four out of nine El-Niño years, 

and that the five seasons with highest OND rainfall during the 1960-2001 period occurred 

during a positive IOD mode. Studies have also shown that urban effect on rainfall is most 

likely felt downwind of the CBD (Shepherd, 2005). In this study, the effect of urbanization 

was observed downwind of the cities CBD during the monsoon season.  

Conclusion 

This study has established that variability of rainfall at various time scales over the city 

of Nairobi is more important in storm water management than temporal trends. While a 

number of years had anomalous seasonal rainfall, only one station had significant increasing 

and decreasing trends. The study further suggests that temporal and spatial variability is 

dependent on many factors which ought to be understood. There was evidence to suggest that 

urbanization has influenced rainfall at seasonal time scale in Nairobi especially downwind of 

the city’s CBD during the monsoon season (JJA). Therefore understanding of non-stationarity 

of rainfall variability in Kenya is important in storm water management. There is need to 
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establish also if there are changes in storm intensity at diurnal time scale due to global 

and/local temperature changes. A change in storm intensity would influence the way storm 

water is generated and thus urban flooding. This study emphasizes the need to understand the 

factors that influence rainfall variability at small spatial and temporal scales for proper 

management of storm water. 
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