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ABSTRACT

The standardized precipitation index (SPI) is computed and analyzed using 55 years of precipitation data

recorded in 24 observation stations in Cameroon along with University of East Anglia Climate Research Unit

(CRU) spatialized data. Four statistical distribution functions (gamma, exponential, Weibull, and lognormal)

are first fitted to data accumulated for various time scales, and the appropriate functions are selected on the

basis of the Anderson–Darling goodness-of-fit statistic. For short time scales (up to 6 months) and for stations

above 108N, the gamma distribution is the most frequent choice; below this belt, the Weibull distribution

predominates. For longer than 6-month time scales, there are no consistent patterns of fitted distributions.

After calculating the SPI in the usual way, operational drought thresholds that are based on an objective

method are determined at each station. These thresholds are useful in drought-response decision making.

FromSPI time series, episodes of severe and extreme droughts are identified atmany stations during the study

period. Moderate/severe drought occurrences are intra-annual in short time scales and interannual for long

time scales (greater than 9 months), usually spanning many years. The SPI calculated from CRU gridded

precipitation shows similar results, with some discrepancies at longer scales. Thus, the spatialized dataset can

be used to extend such studies to a larger region—especially data-scarce areas.

1. Introduction

Agriculture is the main socioeconomic activity in sub-

Saharan African countries. According to Tarhule et al.

(2009), about 95% of the used land is devoted to agri-

culture, which is the main occupation of about 65% of

the population. Good crop development depends on the

needed level of soil water reserve provided by pre-

cipitation. Perturbations of the hydrological cycle in

response to climate changemay involve perturbations of

the frequency and intensity of precipitation and then

directly affect the availability and quality of freshwater

(Pal and Al-Tabbaa 2011). Should there be severe or

recurrent droughts, major environmental and economic

damage would result, with negative impacts such as soil

degradation, decrease in agricultural production, and

less hydroelectric energy production. Severe droughts

were recorded in the Sahel region during the 1970s and

1980s and in many countries of the Horn of Africa,

where they were more frequent, and the situation has

persisted up to the first decade of the twenty-first cen-

tury (Kandji et al. 2006). The sad consequences are

usually widespread starvation and death (Druyan 2011;

UNEP 2002). Therefore, there is the need to better

understand droughts and to study their temporal and

spatial variabilities under the current and future per-

turbed climate so as to guide vulnerability and adapta-

tion assessments and measures.

Droughts are apparent after a long period with

a shortage of precipitation or without any precipitation

(Vicente-Serrano et al. 2010). Many definitions and re-

lated mathematical tools for their quantification have

been developed. Among the most widely used are the

traditional Palmer drought severity index (PDSI;

Palmer 1965) and the standardized precipitation index

(SPI; McKee et al. 1993). The PDSI is a soil moisture

algorithm that includes terms for water storage and

evapotranspiration, whereas the SPI is a probability

index that is based solely on precipitation. It was for-

mulated by McKee et al. (1993) to give a better repre-

sentation of abnormal wetness and dryness than does

the PDSI. The SPI can be defined as the number of

standard deviations by which a normally distributed
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random variable deviates from its long-term mean. For

precipitation, it is mostly used to quantify deficits

(droughts) on many time scales. The SPI has many ad-

vantages over the PDSI (Hayes et al. 1999). It depends

only on precipitation and can be used for both dry and

rainy seasons. It can describe drought conditions that

are important for a range of meteorological, agricul-

tural, and hydrological applications. Studies have shown

that the SPI is suitable for quantifying most types of

drought events (Mishra and Desai 2005; Szalai and

Szinell 2000). Calculated at various time scales (from 1

to nmonths), SPI values can be efficient for the description

of streamflow (on 2–6-month time scales), agricultural

drought (on 2–3-month time scales), and groundwater

level (on 5–24-month time scales) (Lloyd-Hughes and

Saunders 2002). Someworkers have stated that, because it

depends only on precipitation, the SPI is not affected

by topography (Hayes et al. 1999; Lloyd-Hughes and

Saunders 2002; Lana et al. 2001).

In recent decades, many studies using the SPI were

undertaken. Using the SPI extended to the Northern

Hemisphere, Bordi and Sutera (2001) showed that there

are some interesting spatially remote teleconnections

that link the tropical Pacific Ocean with the European

area. Lloyd-Hughes and Saunders (2002) found that

trends in SPI values indicate significant change in the

proportion of Europe experiencing extreme and/or

moderate drought conditions during the twentieth cen-

tury. SPI analysis satisfactorily explained the recurrent

floods in the past 25 years that have affected the

southern Cordoba Province in Argentina (Seiler et al.

2002). Livada and Assimakopoulos (2007) used the SPI

to detect spatial and temporal drought events over

Greece and found mild to moderate drought reduc-

tion from north to south and fromwest to east on 3- and

6-month time scales over the 51-yr time period of the

study. In that study, the frequency of occurrence of se-

vere and extreme drought conditions was very low on the

12-month time scale. The SPI was also used in China to

study drought/wetness episodes in the Pearl River basin,

and the results were helpful for basin-scale water re-

source management under a changing climate (Zhang

et al. 2009). Thus, the SPI iswidely used (Vicente-Serrano

2006). Its main weaknesses are dependence on the nor-

malization procedure (the probability density function

used) (Quiring 2009) and poor definition in arid regions

that experience many months with zero precipitation

(Wu et al. 2007). For Africa in particular, there are only

a few studies on drought monitoring by use of climate

indices. Ntale and Gan (2003) used the SPI as a drought

indicator in the East African region and compared its

performance with the PDSI and the Bhalme–Mooley

index. The identification of droughts in Zimbabwe by

Manatsa et al. (2008) on the basis of SPI estimation from

the regionally averaged rainfall for 1900–2000 revealed

that the most extreme droughts of the twentieth century

were recorded in 1991 and 1992. Yuan et al. (2013) more

recently used dynamical models to obtain probabilistic

seasonal drought forecasts in Africa. This low number of

past studies is one of the motivations of the current

study.

In many studies that use the SPI, the gamma distri-

bution is found to fit the precipitation data very well

(Lloyd-Hughes and Saunders 2002) and to provide the

best model for describing monthly precipitation. In the

study over Cameroon that is presented here, we will go

through the full process of distribution selection by fit-

ting many distribution functions to the data and will use

an appropriate statistical test to select the best fit for

calculating the SPI at time scales of 3, 6, 12, 18, and 24

months. This selection is carried out at every station and

at grid points for recorded and gridded University of

East Anglia (United Kingdom) Climatic Research Unit

(CRU) data. The ultimate purpose is to provide useful

information for monitoring and managing water re-

sources in agriculture, domestic/industrial uses, and hy-

droelectric energy production. The study can also help to

understand better the historical variability of drought

events and their relative intensity. We will also evaluate

the usefulness of a spatialized dataset (CRU gridded

precipitation) in reproducing station results and thus

guide their use in areas without measuring stations. This

paper is organized as follows: In the next section, the

study area and data used are described. Section 3 gives

details of SPI calculation and statistical distribution

functions used to fit the data. Section 3f describes the

method. Results are presented in section 4, and the paper

ends with discussion and concluding remarks in section 5.

2. Study domain and data used

a. Study domain

Cameroon is located in equatorial central Africa be-

tween 18 and 138N and between 78 and 188E. The south-

ern part of the country is bordered in the west by the

Atlantic Ocean and is covered by dense rain forest. The

northern part has a dry to arid Sahelian-type climate,

depending on latitude. The main economic activity in the

area is agriculture, generally at the subsistence level.

Cassava, corn, yam, sweet potato, and millet are grown

for food. Cacao, coffee, banana, rubber, palm oil, and

cotton are themain cash crops raised by farmers. Logging

is another important resource in Cameroon, with heavy

timber exportation. These activities are mostly rainfed,

and the use of irrigation is very marginal.
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b. Data used

Monthly precipitation data used in this study derive

from daily precipitation of 24 measuring stations in

Cameroon as provided by the Cameroon Meteorological

Service. The geographical positions of these stations and

the topography of the domain are shown in Fig. 1. The

precipitation record extends from 1951 to 2005 (55 yr).

Part of this dataset was used by Penlap et al. (2004) and

more recently by Guenang andMkankamKamga (2012).

Overall, approximately 8.6% of the values are missing.

One station (Nkongsamba) has no missing values, nine

(Douala, Meiganga, Kribi, Ngaoundéré, Koundja,
Bertoua, Poli, Yaoundé, and Garoua) have fewer than
4% of values that are missing, and seven (Abong-Mbang,
Yokadouma, Sangmélima, Batouri, Yoko, Ngambe, and
Lomié) are missing between 4% and 11% of their values.
Gridded precipitation data from the CRU were also used
to calculate the SPI on the study domain. Since many
stations of the domainwere used in the construction of the
CRU gridded precipitation, these two datasets are not
independent (New et al. 1999, 2000). Version 3.0 of the

CRU precipitation data (Harris et al. 2014) is available at

a monthly time scale on 0.58 3 0.58 longitude/latitude

spatial grids. These data are unrestricted and at the time

of writing were available for download from the Internet

(http://badc.nerc.ac.uk/data/cru/).

3. Method

a. Calculation procedure for the SPI

The method used for SPI computation was developed

by McKee et al. (1993) and Edwards and McKee (1997)

to study relative departures of precipitation from nor-

mality. It has been widely applied in many studies

(Vicente-Serrano 2006; Vicente-Serrano et al. 2010). It

uses monthly precipitation aggregates at various time

scales (1, 3, 6, 12, 18, and 24 months, etc.). As an illus-

tration of the procedure, for a 3-month time scale, the

precipitation accumulation from month j 2 2 to month

j is summed and attributed to month j. At this time scale,

the first two months of the data time series are missing.

Next follows the normalization procedure, in which an

appropriate probability density function is first fitted to

the long-term time series of aggregated precipitation.

Then the fitted function is used to calculate the cumu-

lative distribution of the data points, which are finally

transformed into standardized normal variates. This

procedure is repeated for all needed time scales. Be-

cause the processes that generate rainfall in our study

domain vary in time and in space, many distributions

may be needed to cover all time scales and stations. The

maximum-likelihood (ML) estimation method was used

to fit four probability distribution functions (i.e., gamma,

FIG. 1. Study area with the geographical locations of rainfall stations (indicated by numbers).

The topography is shaded.
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exponential, Weibull, and lognormal) to each time se-

ries. The one with the lowest value of the Anderson–

Darling goodness-of-fit test statistic (Anderson and

Darling 1952, 1954) was retained as representing the

underlying distribution of the data.

b. SPI interpretation and operational drought
definition

The SPI, often called the z score, is the number of

standard deviations from the mean at which an event

occurs. Thus, the 3-month SPI value provides a com-

parison of accumulated precipitation over that specific

3-month period with the mean precipitation total for the

same annual period as calculated over the full study

period. This applies to any n-month SPI value, where n,

the number of months of accumulation, is the time scale.

For precipitation, high positive values correspond to wet

sequences and high negative values correspond to

drought periods. For drought evaluation (negative SPI),

short time scales on the order of 3 months may be im-

portant for agricultural applications, whereas long time

scales of up to many years are of more interest in water-

supply management (Guttman 1998). Many classifica-

tions of dryness and wetness events as based on the SPI

have been proposed in the literature. An example is

shown in Table 1 (Lloyd-Hughes and Saunders 2002).

To use indices such as the SPI for operational moni-

toring, it is necessary to define drought threshold levels

for preventive or corrective actions. Goodrich and Ellis

(2006) proposed using preselected percentiles of the

index to determine thresholds, as based on fitted em-

pirical distributions. Quiring (2009) improved on the

technique by using percentile values from distributions

fitted to the data to define more-objective drought

levels. Table 1 (columns 1 and 2) also shows the five-

category drought definition from the U.S. Drought

Monitor (USDM), with their description and corre-

sponding percentiles (Svoboda et al. 2002). Here, we use

the Quiring technique (Quiring 2009) and the percentile

intervals of this table to determine drought in our domain.

c. The ML estimation method

TheML estimationmethodmaximizes the probability

of the observed data under a selected distribution. Ap-

plied to a dataset, it provides values of the distribution

parameters that maximize the likelihood function

(Wilks 2006).

Let xi (i5 1, . . . , n) be a sample of n independent and

identically distributed observations coming from a pop-

ulation with an underlying probability density function

f(. j u0), where u0 is the unknown distribution parameter.

It is desirable to find an estimator û that would be as

close to the true value u0 as possible.

The joint density function for an independent and

identically distributed sample is defined as

f (x1, x2, . . . , xn j u)5 f (x1 j u)3 f (x2 j u)3⋯3 f (xn j u) .
(1)

If xi are fixed parameters of this function and u is the

function’s variable that is allowed to vary freely, then the

function will be called the likelihood function:

L(u j x1, . . . , xn)5 f (x1, x2, . . . , xn j u)5P
n

i51

f (xi j u) .

(2)

In practice, the log-likelihood is more convenient. It is

the logarithm of the likelihood function so that

lnL(u j x1, . . . , xn)5 �
n

i51

lnf (xi j u) . (3)

The average log-likelihood can also be used:

‘̂5 n21 lnL . (4)

The term ‘̂ estimates the expected log-likelihood of

a single observation in the model. The ML method es-

timates u0 by finding a value of u that maximizes ‘̂(u j x).

TABLE 1. Drought classification by SPI value and USDM drought definition.

Drought classification by SPI value USDM drought definition (Svoboda et al. 2002)

SPI value Class Category Description Percentile

2.00 or more Extremely wet — — —

1.50–1.99 Severely wet — — —

1.00–1.49 Moderately wet — — —

0–0.99 Mildly wet — — —

From 0 to 20.99 Mild drought D0 Abnormally dry 21%–30%

From 21.00 to 21.49 Moderate drought D1 Moderate drought 11%–20%

From 21.50 to 21.99 Severe drought D2 Severe drought 6%–10%

22 or less Extreme drought D3 Extreme drought 3%–5%

— — D4 Exceptional drought ,2%
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d. Distributions used to fit the data

1) THE GAMMA DISTRIBUTION FUNCTION

The probability density function of the gamma dis-

tribution is defined as

g(x)5
1

baG(a)
xa21e2x/b for x. 0, (5)

where a . 0 is a shape parameter, b . 0 is a scale pa-

rameter, x. 0 is the amount of precipitation, and G(a) is
the gamma function. More detailed descriptions of the

gamma distribution can be found in Lloyd-Hughes and

Saunders (2002) and Guttman (1999).

To fit the distribution parameters, a and b are esti-

mated from the sample data. Using the approximation

forMLdefined by Thom (1958), they can be estimated as

â5
1

4A

 
11

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
11

4A

3

r !
and (6)

b̂5 x/â , (7)

where x is mean precipitation and A is given by

A5 ln(x)2 n21� ln(x) . (8)

Under some conditions, a and b can be better estimated

by using an iterative procedure as suggested by Wilks

(1995).

For a given month and time scale, the cumulative

probabilityG(x) of an observed amount of precipitation

is given by

G(x)5
1

b̂âG(â)

ðx
0
xâe2x/b̂ dx . (9)

Letting t5 x/b̂, we reduce the expression to the follow-

ing function, called the incomplete gamma function:

G(x)5
1

G(â)

ðx
0
t â21e21 dt . (10)

The gamma distribution is not defined for x5 0, and, the

probability of zero precipitation q 5 P(x 5 0) being

positive, the cumulative probability becomes

H(x)5 q1 (12 q)G(x) . (11)

2) THE EXPONENTIAL DISTRIBUTION FUNCTION

The general formula for the probability density

function of the exponential distribution is stated as

(Ahmad and Bhat 2010)

f (x)5
1

b
e2(x2m)/b for x$m and b. 0, (12)

where m is the location parameter and b is the scale pa-

rameter. The scale parameter is often referred to as l 5
1/b and is called the constant failure rate. The terms m

and b can be estimated from an independent and iden-

tically distributed sample x5 (x1, . . . , xn) drawn from the

variable using the ML estimation method (Ross 2009):

l̂5 1/x , (13)

where

x5 n21 �
n

i51

xi .

3) THE LOGNORMAL DISTRIBUTION FUNCTION

In probability theory, a positive random variable x

follows the lognormal (m, s2) distribution if the loga-

rithm of the random variable is normally distributed.

The probability density function of a lognormal distri-

bution is defined as (Bartosova 2006; Bilkova 2012)

f (x;m,s)5
1

xs
ffiffiffiffiffiffi
2p

p exp

"
2
(lnx2m)2

2s2

#
, x. 0, (14)

where x. 0,2‘,m,1‘, and s. 0. The term m is the

scale parameter that stretches or shrinks the distribu-

tion, and s is the shape parameter that affects the shape

of the distribution. They can be determined by the ML

estimators:

m̂5 n21�
k

lnxk and (15)

ŝ2 5n21�
k

(lnxk 2 m̂)2 . (16)

4) THE WEIBULL DISTRIBUTION FUNCTION

The probability density function of a Weibull random

positive variable x is (Wu 2002; Panahi and Asadi 2011)

f (x;a,b)5abxa21e2bxa , (17)

where a and b are the shape and scale parameters,

respectively. Its complementary cumulative distribu-

tion function is a stretched exponential function. The

Weibull distribution is related to a number of other

probability distributions; in particular, it interpolates

between the exponential distribution (k 5 1) and the

Rayleigh distribution (k5 2). There are no closed-form

expressions of the parameters â and b̂, and therefore
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they are estimated by maximizing the log-likelihood

expression of Eq. (3) (Panahi and Asadi 2011).

e. Statistical tests used

1) THE ANDERSON AND DARLING STATISTICAL

TEST

TheAnderson–Darling statisticA2 measures howwell

a given data sampleXi (i5 1, . . . , n) follows a particular

distribution function F. The statistic is defined as

(Anderson and Darling 1952, 1954)

A2 52n2n21 �
n

i51

(2i2 1)fln[F(Xi)]

1 ln[12F(Xn112i)]g . (18)

For a given dataset and distribution function, the better

that the distribution fits the data, the smaller this statistic

will be. The hypothesis regarding the distributional form is

rejected at the chosen significance levela if the test statistic

A2 is greater than the critical value obtained from a table.

2) THE KOLMOGOROV–SMIRNOV GOODNESS

OF FIT

The Kolmogorov–Smirnov (K–S) test is a nonpara-

metric test that can be used to compare a sample with

a reference probability distribution or to compare two

samples. It quantifies a distance between the empirical

distribution function of the sample and the cumulative

distribution function of the reference distribution or be-

tween the empirical distribution functions of two samples.

For a given cumulative distribution function F(x), the

K–S statistic is defined as (Stephens 1970)

Dn 5maxxjFn(x)2F(x)j , (19)

where n is the number of observations in the population

x, Fn(x) is the empirical cumulative distribution func-

tion, and F(x) is the theoretical cumulative distribution

function. The K–S test can be modified to serve as

a goodness-of-fit test. In the special case of testing for

normality of the distribution, samples are standardized

and are compared with a standard normal distribution.

f. Study steps

SPI time series were calculated for all stations and for

the CRU grid point nearest to each station. This pro-

cedure is expected to lead to normally distributed SPI,

but this is not always the case. Since the Quiring tech-

nique (Quiring 2009) requires fitting a statistical distri-

bution to the SPI, five distributions including the normal

were tested, and then the K–S goodness-of-fit test

FIG. 2. Cumulative distribution functions for 3-month aggregated precipitation showing the empirical cumulative

distribution function and gamma, Weibull, lognormal, and exponential distributions fitted to the data.
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statistic was used at the 5% significant level. In almost all

instances, the Weibull and normal distributions had the

lowest (and also close) K–S test statistics. Operational

drought thresholds were therefore calculated on the

basis of the normal distribution and on percentiles de-

fined by Svoboda et al. (2002) (Table 1). Analyses of the

results focused on four stations (Kaélé, Ngaoundéré,
Bertoua, and Kribi), one in each of four different known
climatic zones of the study domain. These zones are
characterized by similar rain and physical atmospheric
processes. Each station has the least amount of missing
data in its zone. The station ofKaélé is located north of the
domain in the Sahelian zone, Ngaoundéré is in the Ada-
mawa Plateau in the middle part of the domain, Bertoua
is in the eastern part in dense forest, and Kribi is in the
southwestern part closest to the Atlantic Ocean (Fig. 1).

4. Results

a. Suitable distribution functions for precipitation
data

1) DISTRIBUTION FUNCTIONS FOR STATION

PRECIPITATION

Four statistical distribution functions (gamma,

exponential, Weibull, and lognormal) were fitted to

station precipitation data aggregated at various time

scales. Figures 2 and 3 show results of the cumulative

distribution function for empirical precipitation and for

each of the trial distribution functions. Figures are

shown for four stations (Kaélé, Ngaoundéré, Bertoua,
and Kribi) at 3- and 12-month time scales. The choice of
the suitable distribution function describing pre-
cipitation data in each case was based on the minimum
value of the Anderson–Darling statistic, as illustrated

in Table 2 for 3- and 12-month time scales. The expo-

nential function shows worse results as the number of

months in the time scale increases. Table 3 re-

capitulates these results, extended to other stations and

to various time scales. The functions are represented by

letters [i.e., gamma (g), Weibull (w), exponential (e),

and logormal (ln)]. It appears that, for time scales equal

to 6 months and less, the distribution of station pre-

cipitation shows a bias for the Weibull function to be

suitable for the highest number of stations (21 for both

1- and 3-month time scales and 16 for 6-month time

scale) of the 24 studied stations. The gamma function

outperformed the others in very few cases. One ex-

ceptional case of exponential and lognormal being best

is observed for 1- and 6-month time scales, respectively.

Above the 6-month time scale, the number of station

precipitation distributions being best fitted by the

FIG. 3. As in Fig. 2, but for 12-month aggregated precipitation.
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Weibull function decreases, falling to three and seven

(three stations for 12 and 18 months, and seven for 24

months) to the benefit of the gamma function, which is

suitable for up to 18 stations at the 18-month time scale.

The number of station precipitation distributions fol-

lowing the lognormal function also increases with the

number of months in the time scale, reaching 8 stations

of 24 by 24 months.

Figure 4 shows the spatial pattern of the suitable

distribution functions over the domain of study for

3- (Fig. 4a), 6-,and 12- (Fig. 4b), and 18- and 24-month

(Fig. 4c) time scales. For not more than a 3-month time

scale (illustration for 3 months in Fig. 4a), the gamma

distribution function is suitable north of the domain

(Sahelian region), particularly above 108N, while below

that the Weibull function is the best fit, except for

a single case at the boundary of the Atlantic Ocean that

shows a bias to the gamma function. The Weibull func-

tion remains the most suitable at the 6-month time scale

between 48 and 108N, which represents the transition

zone between the Sahelian and equatorial forest zones.

Stations of the equatorial forest zone, covering the

southern plateau (below 48N), mostly show a bias for the

gamma distribution. At a 12-month time scale and be-

yond, there is a mixture of gamma, lognormal, and

Weibull distributions in different zones, leading to no

apparent spatial organized pattern (Figs. 4b,c). The

pattern for the 18-month time scale looks more like

that of 6 months but with the gamma function in place

of the Weibull function. An almost equal number of

gamma [(9)], lognormal [(8)], and Weibull [(7)] func-

tions fit the 24-month time scale, with no particular

spatial organization. These apparent inconsistencies

are due to the fact that in most cases more than one

distribution was adequate and the Anderson–Darling

statistics may not have been significantly different. Be-

tween 18- and 24-month time scales, the number of

station data showing a bias for the lognormal function

increases up to 8 in the southwestern part of the domain

(right of the Atlantic Ocean).

2) DISTRIBUTION FUNCTIONS FOR CRU
PRECIPITATION

Distribution functions were also fitted to precipitation

time series of the CRU grid point that is nearest to each

station of the study domain. The results are in Table 3,

where the last column indicates the number of cases of

the six time scales analyzed for which the same distri-

bution functions fitted both station and CRU data. The

highest number of agreements across time scales be-

tween the two datasets is obtained in the southeastern

part of the domain (Batouri and Yokadouma stations).

TABLE 2. Anderson–Darling test statistics calculated at 95% confidence level for the four distributions and two time scales; the

distribution function key is given in the text. The smallest value at each station is in boldface.

For 3-month time scale For 12-month time scale

No. Station g w e ln g w e ln

1 Maroua 8.12 9.24 11.16 18.72 1.48 9.45 184 1.13

2 Kaélé 8.91 10.20 13.36 21.50 2.03 3.84 171 2.22

3 Garoua 13.10 12.19 14.08 25.52 1.58 9.31 195.8 1.04

4 Poli 18.88 18.35 18.58 35.65 1.08 3.46 207.7 1.59

5 Ngaoundéré 24.21 23.20 24.43 41.22 4.84 1.36 218 6.76

6 Meiganga 17.36 16.08 18.51 34.30 1.03 6.96 223.9 0.91
7 Tibati 19.37 17.15 21.09 37.43 0.72 3.88 199.8 1.24

8 Koundja 16.22 12.87 22.70 35.21 0.90 4.35 223.8 1.12

9 Yoko 16.40 13.01 23.83 30.83 1.08 5.10 167.9 0.91

10 Nkongsamba 8.15 7.099 14.15 19.84 1.20 3.60 229 1.89

11 Bafia 20.55 13.62 45.14 36.81 1.81 5.99 200 2.24

12 Nanga-Eboko 12.36 6.65 43.15 26.78 4.97 0.72 179 6.91

13 Bertoua 15.19 7.65 58.47 30.30 0.47 5.41 210.8 0.53

14 Batouri 11.48 6.02 49.79 21.08 1.21 2.68 165.9 1.57

15 Ngambe 5.50 4.18 12.81 14.85 2.35 3.09 172 2.59

16 Douala 4.62 4.32 14.37 10.63 3.58 4.15 213 3.9

17 Abong-Mbang 10.99 5.02 54.07 22.15 1.46 5.78 183 2.03

18 Yaoundé 11.41 5.69 58.96 22.46 0.51 4.24 217.7 0.96

19 Akonolinga 10.98 5.58 56.85 21.06 2.30 1.43 186 3.12

20 Eséka 11.61 5.37 58.21 22.31 0.81 7.75 183.7 0.48

21 Yokadouma 11.51 5.61 61.34 20.96 2.50 5.82 187 3.67

22 Lomié 8.04 3.12 58.36 15.48 1.03 8.48 161.7 1.05

23 Kribi 0.70 0.84 61.56 4.77 0.94 4.24 200 1.15

24 Sangmélima 6.25 1.63 70.84 13.34 0.86 10.6 184 0.56
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In three instances, there was agreement on fewer than

three time scales, that is, Yaoundé and Eseka in the
south and Ngaoundéré on the Adamawa Plateau.
Overall, stations and CRU gridded precipitation are
mostly fitted by the same functions.

b. Analysis of the SPI for different time scales

1) OPERATIONAL DROUGHT THRESHOLDS

The operational drought thresholds as described in

section 3 were calculated for all stations for the five

TABLE 3. Selected distribution functions for station precipitation data at various time scales. In the last column is the number of times the

same distribution fits both the station and the CRU data.

Best distribution for n-month time scale No. of CRU agreement

of six possibleNo. Station n 5 1 n 5 3 n 5 6 n 5 12 n 5 18 n 5 24

1 Maroua g g g ln w g 3

2 Kaélé g g w g g ln 5

3 Garoua w w w ln w g 4

4 Poli w w w g g w 4

5 Ngaoundéré w w w w g w 3

6 Meiganga w w w ln g ln 1

7 Tibati w w w g g w 5

8 Koundja w w w g g g 3

9 Yoko w w w ln g ln 3

10 Nkongsamba w w w g g g 4

11 Bafia w w w g g g 5

12 Nanga-Eboko w w w w w w 3

13 Bertoua w w w g g w 5

14 Batouri w w w g g ln 6

15 Ngambe e w w g g w 4

16 Douala w w w g g ln 5

17 Abong-Mbang w w g g g w 4

18 Yaoundé w w g g g g 2

19 Akonolinga w w g w g g 4

20 Eséka w w g ln ln ln 2

21 Yokadouma w w w g g g 6

22 Lomié w w g g g g 5

23 Kribi w g ln g ln ln 3

24 Sangmélima w w g ln ln ln 3

FIG. 4. Spatial pattern of chosen distribution function for (a) 3-month, (b) 6- and 12-month, and (c) 18- and 24-month precipitation; the

distribution key is given in the text. In (b) and (c), the first letter refers to the first time scale and the second letter to the second time scale in

the figure.
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USDM categories of Table 1 (columns 3–5) and for 3-

and 12-month time scales. All the values are shown in

Table 4. In considering the extreme-drought category

D4 for the 3-month time scale, it is seen that there is

a range from a maximum of 21.73 in the coastal city of

Douala to a minimum of 22.66 in Tibati on the Ada-

mawa Plateau. The spatial distribution of D4 thresholds

is coherent, with values of lower than22.40 on the high

grounds of the Adamawa Plateau. Continental stations

located between latitudes 28 and 78N have thresholds

between 22.10 and 22.40. In the southern part of the

domain and in the coastal area in the southwest, values

are higher than 22.0. Values for the three Sahelian

stations of Kaélé, Maroua, and Garoua are respectively
22.08,22.03, and22.25. At this scale, extreme-drought

category D3 follows the general pattern of D4. For

the 12-month SPI, most of the stations have a D4

threshold of21.64, with only three stations below22.0.

From the spatial analysis of category D4, there is no

strong dependence on topography, although most sta-

tions have very similar thresholds (21.64) at a 12-month

time scale.

2) FREQUENCY OF DROUGHT EVENTS

Objective drought thresholds were also used to exam-

ine frequency in the SPI time series. In Fig. 5, appropriate

D4-category threshold values are represented by dashed

horizontal lines and exceedances corresponding to

drought occurrences. For the 3-month SPI (left column

in Fig. 5), each station had at least one event with a value

that was lower than 23. For the first 25 yr of the study

period the four stations differ markedly in D4-category

drought frequency (10 in Kaélé, 6 in Kribi, only 2 in
Ngaoundéré, and none in Bertoua), whereas in the sec-
ond half of the period these episodes are more frequent
(two stations had 13 events each, and the other two had
8 events each). For the 12-month SPI, all categories
of drought events are frequent, especially from the
mid-1960s. The dramatic drought episodes of the 1970s
and 1980s are clearly visible, with each station re-
cording at least one D4 event. Table 5 summarizes

drought occurrences in all categories, with the number

of events and the percentage with respect to the total

number of time steps in the data. For the 3-month time

scale, this percentage is 1%–2% for exceptional

droughts and around 5% for extreme droughts. For the

12-month time scale, the percentage remains low for all

categories, ranging from 1% for D4 to 5% for D0

events.

3) STATION VS CRU SPI

Figure 6 presents 3- and 12-month scale SPI time se-

ries from the CRU grid point that is nearest to each of

the four observations stations of Fig. 5. This choice is

TABLE 4. Operational drought thresholds for various drought categories and for all stations, calculated using 3- and 12-month SPI.

Drought category for 3 month Drought category for 12 month

No. Station name D4 D3 D2 D1 D0 D4 D3 D2 D1 D0

1 Maroua 22.03 21.74 21.5 21.02 20.59 21.64 21.47 21.32 20.94 20.71

2 Kaélé 22.08 21.86 21.47 21.04 20.62 21.64 21.47 21.32 20.94 20.71

3 Garoua 22.25 21.92 21.49 21.09 20.51 22.28 21.61 21.19 20.74 20.48

4 Poli 22.49 22.21 21.58 20.91 20.55 21.64 21.47 21.32 20.94 20.71

5 Ngaoundéré 22.55 22.05 21.69 20.93 20.49 22.05 21.63 21.2 20.73 20.47

6 Meiganga 22.35 21.9 21.56 20.99 20.54 21.64 21.47 21.32 20.94 20.71

7 Tibati 22.66 21.99 21.54 20.9 20.47 21.64 21.47 21.32 20.94 20.71

8 Koundja 22.55 21.83 21.49 20.9 20.45 21.57 21.4 21.24 20.83 20.61

9 Yoko 22.44 21.91 21.48 20.91 20.45 21.64 21.47 21.32 20.94 20.71

10 Nkongsamba 21.97 21.64 21.45 21.01 20.55 21.79 21.57 21.17 20.83 20.51

11 Bafia 22.36 21.94 21.44 20.99 20.32 21.64 21.47 21.32 20.94 20.71

12 Nanga-Eboko 22.27 21.74 21.38 20.9 20.45 21.64 21.47 21.32 20.94 20.71

13 Bertoua 22.31 21.77 21.42 20.9 20.41 21.64 21.47 21.32 20.94 20.71

14 Batouri 22.2 21.74 21.45 20.88 20.5 21.64 21.45 21.28 20.92 20.6

15 Ngambe 21.98 21.67 21.37 21 20.54 21.75 21.61 21.29 20.85 20.59

16 Douala 21.73 21.5 21.31 20.97 20.62 21.76 21.5 21.19 20.9 20.63

17 Abong-Mbang 22.18 21.71 21.38 20.84 20.48 21.64 21.47 21.32 20.94 20.71

18 Yaoundé 22.16 21.74 21.45 20.88 20.49 21.64 21.47 21.32 20.94 20.71

19 Akonolinga 22.13 21.7 21.4 20.94 20.47 21.93 21.7 21.44 20.88 20.46

20 Eséka 22.06 21.78 21.46 20.81 20.46 22.09 21.65 21.32 20.85 20.54

21 Yokadouma 21.97 21.71 21.41 20.91 20.46 21.64 21.47 21.32 20.94 20.71

22 Lomié 21.94 21.62 21.32 20.9 20.51 21.64 21.47 21.32 20.94 20.71

23 Kribi 21.82 21.46 21.27 20.83 20.55 21.64 21.47 21.32 20.94 20.71

24 Sangmélima 21.85 21.6 21.24 20.85 20.52 22.05 21.58 21.32 20.85 20.47
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justified by the fact that the angular distance–weighted

interpolation technique used to construct the CRU set

gives more weight to the station that is nearest to the

grid point, thus making it the best representative of the

station. In this analysis, we compare these time series

with those of the stations in Fig. 5 to access how well the

gridded data reproduce drought characteristics obtained

from station observations. For the 3-month-scale SPI,

the two time series agree overall, with some discrep-

ancies occurring at dates that differ from station to sta-

tion: in Kaélé in the early 1950s, the 1970s, and the late
1980s; in Bertoua in the late 1990s; and in Kribi in the
late 1990s, except for the drought of 1997. Most strong
events that are present in the observations for at least
three stations are reproduced in the gridded data, no-
ticeably in 1962, 1967, 1983, 1987, 1997, and 2004. Of

FIG. 5. Station SPI time series for the (left) 3- and (right) 12-month time scales. The horizontal dashed lines indicate operational drought

thresholds for the exceptional-drought category (D4).
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more concern are the results of Kaélé, where station data
show high year-to-year variability of drought intensities,
with six events with an SPI of less than 23, when CRU

has an excessively large number of events of magnitude

22. At the same station, three strong events of the early

1950s are much weaker in the gridded data, whereas

weak ones in the 1970s are amplified. For the other

stations, CRU tends to show more severe droughts.

Thus, for events with SPI values of less than 23, there

are 12 against 5 in Bertoua, 11 against 7 in Ngaoundéré,
but only 3 against 5 in Kribi. This reverse situation in
Kribi is due to the underestimation of strong drought
events between 1997 and 2000. For the 12-month-scale
SPI, the main wet (1950s and late 1990s) and dry (1970s
and 1980s) periods show up in both time series. Most
drought events last many years, and CRU indicatesmore
extreme values than do stations. The discrepancies noted
at shorter time scales tend to be amplified at this and
higher scales. Thus, in Kaélé, gridded data show a wet
(against dry) episode in the mid-1960s and early 2000s
and the reverse in 1994. This phase opposition between
the two datasets is also found for the late 1960s in
Ngaoundéré and the early 1970s and the 1990s in Bertoua.
Amplification of disagreement between station andCRU
data is better seen in Fig. 7, which shows multitime-scale

SPI. A case in point is the 1996–2000 period in Kribi.

On the 3-month scale (Fig. 6), the four years of severe

droughts indicated by the station are underestimated by

CRU. At the 12-month scale, the period is wet for both

and more so for the station. This reversal is due to the

strong wet peaks occurring in the same period at the

station but not on the CRU grid, and that contributes to

the longer-scale SPI. Overall, the CRU gridded data give

a fair representation of drought events in the study area and

can be used where no local station observations are avail-

able. The absence of missing data points is an additional

advantage. It may, however, be of interest to evaluate the

merits of using more than one grid point at a given site.

5. Discussion and conclusions

We tested four statistical distribution functions on

precipitation data recorded at 24 stations in Cameroon

for the time period extending from 1951 to 2005. The

Anderson–Darling statistic was used to select the suit-

able distribution functions that were then used in the

calculation of the standardized precipitation index.

Results were compared with those obtained using CRU

grid precipitation. Operational drought thresholds were

also calculated for the five defined drought categories,

and results were used to study the frequency of drought

events at four stations that represent different climatic

zones in the study domain. Multiscalar SPI for both

station and CRU were finally compared to show the

usefulness of gridded data.

It was found that the suitable distribution function

underlying the data changes depended on station lo-

cation and on the length of the time interval used for

aggregation of precipitation. The Weibull and gamma

are the functions that best fit precipitation in the area.

In most studies on the SPI, the gamma distribution

is chosen without any testing. The need for such an

evaluation is even clearer for longer time scales where

Weibull, gamma, and lognormal distributions are

found, with no discernable pattern. We also found that

objective drought thresholds are station specific for

subannual scales but that the spatial distributions are

coherent. Thus, regional values can be defined. For

longer scales (above 12 months), most stations in the

domain have the same threshold values. For most sta-

tions, drought magnitude and duration increased with

time for both short and long time scales. This can be the

consequence of a reduction in precipitation resulting

from climate change as suggested by Vicente-Serrano

et al. (2010). Such an increase in dryness probably

affected crop development and river runoff negativ-

ely. The SPI, which is based only on precipitation,

cannot explain the influence of temperature change

on drought condition. Thus, Vicente-Serrano et al.

(2010) suggested the calculation of a new index—the

standardized precipitation evapotranspiration index—

that is suited to detecting, monitoring, and explor-

ing the consequences of global warming on drought

conditions. Further studies taking into account this

approach are necessary to better understand the

climatological features of drought. With the increase in

TABLE 5. Number of drought events from 1951 to 2005 and for the five drought categories (D0, D1, D2, D3, and D4). Results in

parentheses represent the percentage of realization of the event over the considered time period.

No. of events for 3-month time scale No. of events for 12-month time scale

Kaélé Ngaoundéré Bertoua Kribi Kaélé Ngaoundéré Bertoua Kribi

D4 21 (4%) 11 (1%) 14 (2%) 23 (3%) 9 (1%) 2 (0%) 3 (0%) 8 (1%)

D3 26 (5%) 32 (5%) 32 (4%) 36 (5%) 10 (1%) 3 (0%) 2 (0%) 14 (2%)

D2 39 (8%) 53 (9%) 41 (6%) 45 (6%) 13 (2%) 6 (0%) 7 (1%) 20 (3%)

D1 59 (12%) 76 (13%) 53 (8%) 55 (8%) 16 (2%) 21 (3%) 24 (3%) 21 (3%)

D0 81 (17%) 90 (15%) 62 (9%) 66 (10%) 21 (3%) 32 (5%) 33 (5%) 27 (4%)
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global warming, an increase in drought magnitude,

duration, and frequency is to be feared, and studies that

include climate models and that are intended to guide

adaptive measures also need to be done. CRU pre-

cipitation distribution functions and derived SPI corrob-

orate the results ofmany stations, with somediscrepancies

at longer scales. Therefore, it is recommended that further

investigations use CRUdata for areas where observations

are not possible or where they have high proportions of

missing data.
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FIG. 6. The (left) 3- and (right) 12-month-scale SPI time series from the CRU grid point that is nearest to each of the four chosen

stations.
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