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ABSTRACT

Assessing changes in the frequency and intensity of extreme meteorological events and their impact on

water resources, agriculture, and infrastructure is necessary to adequately prepare and adapt to future change.

This is a challenge in data-sparse regions such as sub-Saharan Africa, where a lack of high-density and

temporally consistent long-term in situ measurements complicates the analysis. To address this, a temporally

homogenous and high-temporal- and high-spatial-resolution meteorological dataset is developed over sub-

Saharan Africa (58S–258N), covering the time period between 1979 and 2005. It is developed by spatially

downscaling the National Centers for Environmental Prediction–National Center for Atmospheric Research

(NCEP–NCAR) reanalysis to a 0.18 spatial resolution, detecting and correcting for temporal inhomo-

geneities, and by removing random errors and biases by assimilating quality-controlled and gap-filled Global

Summary of the Day (GSOD) in situ measurements. The dataset is then used to determine the statistical

significance and magnitude of changes in climate extremes between 1979 and 2005. The results suggest a shift

in the distribution of daily maximum and minimum temperatures toward a warmer mean with a faster in-

crease in warm than cold events. Changes in the mean annual precipitation and heavy rainfall events are

significant only in regions affected by the Sahel droughts of the 1970s and 1980s.

1. Introduction

Observations during the twentieth century suggest

that the increase in global air temperature cannot be

solely attributed to natural climate variability (Hegerl

et al. 2004); research also suggests an increase in global

land precipitation during this time period (Ziegler et al.

2003). These changes are not only in themean values but

also in the occurrence of extreme meteorological events

(e.g., floods, heat waves, and cold spells) (Zhang et al.

2011). Assessing the changes in the frequency and in-

tensity of these events is necessary to inform stakeholders

and provide adaptation strategies.

Changes in the distribution of meteorological vari-

ables (e.g., temperature, precipitation, and wind speed)

can have a direct impact on a population’s food, water,

energy, shelter, and transportation needs. For example,

heavier rainfall events drive higher overland flow and an

increase in flash flooding; prolonged extreme heat events

affect human health, crop yields, and food security (Karl

and Knight 1997; Schar and Jendritzky 2004) and a de-

crease in cold days leads to a decrease in water avail-

ability in snowpack fed regions (Barnett et al. 2005).

Global evaluations of climate extremes indicate that

there has been an increase in the number of warm days

and a decrease in cold days since 1950 (Donat et al.

2013a,c; Zhang et al. 2011). Wet spells produce higher

rainfall totals nowadays than just a few decades ago,

which have been coupled with an increase in frequency

of heavy rainfall (Alexander et al. 2006; Donat et al.

2013c; Frich et al. 2002).
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Although understanding the changes in global pat-

terns of extreme events is important, there is also a need

to assess regional and local impacts. One area of par-

ticular interest is sub-Saharan Africa (here we focus on

the latitudes between 58S and 258N), as shown in Fig. 1.

For this study, this region comprises the Sahel (semiarid

transition between the Sahara and wetter regions of

equatorial Africa to the south), the Greater Horn of

Africa, the southern Sahara Desert, the northern Congo

basin, and the southern Arabian Peninsula. The region is

susceptible to high variability of water availability, be-

cause of distinct wet and dry seasons, and high interannual

variability in rainfall that can manifest in devastating

droughts and floods (Held et al. 2005). Understanding

how the distribution of precipitation and temperature is

evolving over the region, particularly its extremes, can

potentially contribute to inform adaptation measures

under a changing climate.

Few studies have analyzed climate extremes over

Africa and the Arabian Peninsula because of the limited

availability of long-term daily observations. New et al.

(2006) analyze the trends in extremes of temperature and

precipitation from station data over southern andwestern

Africa between 1961 and 2000. Their results indicate

a decrease in cold days and nights combined with an in-

crease in warm days and nights. Over western central

Africa and Guinea Conakry, Aguilar et al. (2009) report

similar changes: a decrease in cold extremes and an in-

crease in warm extremes. They also indicate a decrease

in total annual precipitation and the amount of pre-

cipitation from extreme events. Analysis of precipitation

over South Africa between 1910 and 2004 suggest a lack

of significant regional changes (Kruger 2006). Over the

greater Arab region, numerous studies report an increase

in the frequency of warm days and nights and a decrease

in cold days and nights over the second half of the

twentieth century (Athar 2014; Donat et al. 2013b; Zhang

et al. 2005). Over the same region Donat et al. (2013b)

report an increase in precipitation in the west and a de-

crease in the east. These studies highlight statistically

significant changes occurring over Africa and the Middle

East but also the problems with inconsistent trends and

lack of data.

Zhang et al. (2011) suggest that reanalysis model

products might be a viable alternative for monitoring

changes of extremes in data-sparse regions. However,

the coarse resolution, biases, and spurious trends in

these products can lead to errors in their use for studies

of changes in climate means and extremes and evaluat-

ing impacts on hydrology and agriculture. Therefore, to

ensure a reliable analysis of changes in extremes, special

care must be taken to address these concerns, while at

the same time providing the spatial coverage and reso-

lution that are of practical use.

In this paper, we analyze climatic extremes over

sub-Saharan Africa using a newly developed high-

temporal- and high-spatial-resolution dataset of tempo-

rally consistent near-surface meteorology. The dataset is

developed by downscaling global datasets, correcting for

temporal inhomogeneities and merging with available

station observations to improve local accuracy. The

global datasets are taken from the PrincetonUniversity

global meteorological dataset of Sheffield et al. (2006).

The final dataset is developed at 0.18 daily resolution

for 1979–2005.

2. Data and methods

a. Datasets

1) PRINCETON UNIVERSITY GLOBAL

METEOROLOGICAL FORCING DATASET

The dataset is based on the Princeton University

global meteorological forcing (PGF) dataset (Sheffield

et al. 2006), which consists of 3-hourly, 1.08-resolution
fields of near-surface meteorology for global land areas

for 1948–2010. The dataset is used primarily for forcing

land surfacemodels and other terrestrial models but also

for analysis of climate variability and change. The da-

taset merges data from the National Centers for Envi-

ronmental Prediction–National Center for Atmospheric

Research (NCEP–NCAR) reanalysis (Kalnay et al.

1996) with the Global Precipitation Climatology Project

(GPCP; Adler et al. 2003) and Tropical Rainfall Mea-

suring Mission (TRMM) Multisatellite Precipitation

Analysis (TMPA; Huffman et al. 2007) observation-

based datasets of precipitation, the Climatic Research

Unit (CRU) temperature dataset (New et al. 2000; Harris

et al. 2013), and the Surface Radiation Budget (SRB)

radiation dataset (Stackhouse 2004). This dataset is used

as the baseline to construct the high-resolution dataset

FIG. 1. The entire domain (ED), which we define as sub-Saharan

Africa, encompasses the northern Congo, Sahel, southern Sahara,

southern Arabian Peninsula, and Horn of Africa. The domain is

split into six subregions: northwest (NW), north (N), northeast

(NE), southwest (SW), south (S), and southeast (SE).
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used in this study and follows other successful uses of the

dataset for regional studies of climate and hydrology

(Demaria et al. 2013; Sheffield andWood 2008; Troy et al.

2011; Wang et al. 2011). All variables (precipitation,

temperature, pressure, downward surface shortwave and

longwave radiation, specific humidity, and wind speed)

are spatially downscaled to 0.18 resolution using bilinear

interpolation (with corrections to temperature, humidity,

and downward surface longwave radiation based on

changes in elevation; see Sheffield et al. 2006). Our focus

here is on precipitation, temperature, humidity, and wind

speed, given the lack of station observations of surface

radiation for the region.

2) STATION DATA

In situ station data are taken from the U.S. National

Climatic Data Center (NCDC) Integrated Surface Data-

base (ISD), which comprises worldwide surface weather

observations from approximately 20 000 stations histori-

cally (Smith et al. 2011). This study uses the Global

Summary of the Day (GSOD) dataset that summarizes

the ISD data into a global daily product from 1929 to the

present (ftp://ftp.ncdc.noaa.gov/pub/data/gsod/readme.

txt). Variables include precipitation, maximum temper-

ature, minimum temperature, pressure, and dewpoint

temperature, among others.

Although each station undergoes extensive quality

control, errors remain in the data because of instrument

error and undetected station relocation, among other

reasons. As a result, previous studies have implemented

additional quality-control tests to provide a higher-

quality dataset [Hadley Centre Integrated Surface Da-

tabase (HadISD)] for climate studies (Dunn et al. 2012).

To maximize the number of in situ data, minimize error,

and provide a framework for real-time updates, we also

implement additional tests for outliers and inhomo-

geneities [discussed in section 2b(2)] to provide a higher-

quality dataset.

b. Methods

1) DETECTION AND CORRECTION OF TEMPORAL

INHOMOGENEITIES

The datasets that contribute to the PGF gridded

product contain biases and spurious trends because of

changes in instruments, observing practices, station lo-

cation, station environment, satellite sensors, and net-

work configuration and density (Klein Tank et al. 2009;

Peterson et al. 1998; Reeves et al. 2007). These alterations

can create artificial temporal inhomogeneities in the time

series, including shifts in mean and variance that propa-

gate through to the gridded datasets upon interpolation.

When possible, these inhomogeneities must be identified

and removed to not distort the analysis of climate ex-

tremes (Zhang et al. 2011).

Different approaches to address the homogenization

problem have been proposed and developed (for a recent

discussion, consult Venema et al. 2012, among others). In

particular, we can highlight two main approaches, abso-

lute and relative homogenization. In the former, abrupt

changes are detected based only on the information in the

record of interest. In the latter, we examine the presence

of shifts with respect to a reference (homogeneous) time

series. While the relative approach may be preferable,

it suffers from the shortcoming that a reference record

located near the site of interest needs to be identified.

Because of this and because we deal with extremes and

data from skewed distributions, we resort to the non-

parametric Pettitt test (Pettitt 1979) to detect step changes

in the downscaled PGF dataset. This test detects a sin-

gle abrupt change (and its corresponding statistical

significance) in themean of the distribution of the variable

of interest at an unknown point in time. The successful

use of the Pettitt test in several previous hydrometeoro-

logical studies serves as a basis for using it here (Busuioc

and von Storch 1996; Ferguson and Villarini 2012;

Villarini et al. 2009).

Before applying the Pettitt test to the annual averaged

temperature, precipitation, wind speed, and specific

humidity at each grid cell in the domain, the series is

detrended with respect to the Kendall–Theil robust line

(Theil 1950; Ziegler et al. 2003). For the Pettitt test, we

set a significance level of 1%. After detecting the step

change in the annual time series, the data are homoge-

nized. The cumulative distribution matching technique

(Gao et al. 2007; Reichle and Koster 2004) is used to

match the distribution of the data after the step change

to the data before the step change (the ordering is

chosen for consistency). The homogenized data are used

to scale the original 3-hourly dataset over the domain

between 1979 and 2005.

2) MERGING THE STATION DATA USING

STATE-SPACE ESTIMATION

The global gridded PGF dataset merges reanalysis

data with observation-based gridded datasets, such as

the CRU data. The latter are derived using a limited

number of stations whose number and location vary in

time, which are particularly sparse over sub-Saharan

Africa (on average 0.0153 stations per 0.58 3 0.58 grid
cell). The observation-based gridded dataset products

lose temporal and spatial information as they are in-

terpolated and upscaled to coarser temporal (1 month)

and spatial (0.58–1.08) resolutions.As a result, the original

downscaled PGF dataset rarely agrees with the in situ

measurements.
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Although still sparse over sub-Saharan Africa, there

are many more stations in the GSOD dataset than those

used in the coarser data products.After additional quality

checks, the stations are assimilated into the PGF dataset

to improve its accuracy in space and time. The quality

checks consist of removing detectable outliers [values

outside the acceptable regional and global ranges defined

in Dunn et al. (2012) and Durre et al. (2010)] and dis-

carding stations with inhomogeneities (detected using the

Pettitt test with a significance level of 1%). Acceptable

stations must have a 20%1 temporal coverage between

1979 and 2005. Finally, to ensure temporal consistency,

candidate stations are gap filled when necessary (for de-

tails, see the appendix).

The method used to assimilate the station data is as

follows:

Let xb
j be the value of the 0.18 downscaled PGF global

gridded dataset (or background field) at a grid cell at

time t and ym
i and hxb

i be all in situ observations and their

corresponding collocated gridcell values in the vicinity

of xb
j for the variable at the same time step.

Let the vector of departures d be the difference be-

tween y, the vector of observations in the vicinity of the

grid cell, and Hxb. In this case, Hxb can be seen as the

observations’ collocated gridcell values. The measure-

ment matrix H acts as a linear operator to extract only

gridcell values from xb, the state vector, that correspond

to an observation point. It also shifts the location of the

gridcell value to that of the observation if required.

Following best linear unbiased estimator theory

(Chirlin and Wood 1982), the estimation of the optimal

gridcell value is obtained by

xa 5 xb 1K(yb 2Hxb) .

Here K is the Kalman gain, which acts as a linear op-

erator (set of weights) to combine the departures to

minimize the state estimation variance. The term K is

calculated by solving the following equation:

K5CHT(HCHT 1R)21 .

Here, C is the background error covariance matrix be-

tween all departures and R is the measurement error

covariance. If we assume that R is negligible, then we

only need to findC to have an optimal estimate of xa. For

simplicity, here it is assumed that a station’s collocated

grid cell is equal to its closest grid cell,

H5

0
BBBB@

1 0 ⋯ ⋯ 0

0 ⋱ ⋱ ⋱ ..
.

..

.
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.

0 ⋯ 0 1 0

1
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This implies that any point within the grid cell repre-

sents the gridcell spatial average. The combination of

daily time step and 0.18 spatial resolution in this study

make this assumption reasonable for meteorological

variables (Beek et al. 1992).

It is also assumed the station values are free of random

errors,

R5
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Following the Hollingworth–Lonnberg method

(Hollingsworth et al. 1985),C can be estimated from the

covariance of the difference between the station values

and their collocated gridcell values. Assuming that the

departures (d 5 y 2 Hxb) originate from the same ran-

dom function, a model covariance function can be ob-

tained when second-order stationarity is assumed, m 5
E[d(x)];C(h)5 E[d(x)2m][d(x1 h)2m]. This implies

that the mean and variance are constant and the co-

variance function only depends on the spatial separation

h between the departures. For a more detailed explana-

tion, see Chiles and Delfiner (1999).

These assumptions allow us to estimate the covariance

function from the fitted model semivariogram function

using the following identity:

C(h)5g(0)2g(h) .

Given a set of errors in the vicinity of each grid cell, the

empirical semivariogram can be computed and a model

semivariogram readily fit by least squares. We use the

spherical semivariogram because of its ability to ensure

a distance at which the impact of a station is zero. The

derived spherical covariance function is

C(h)5

8><
>:
b

�
12

3h

2a
1

h3

2a3

�
if h# a

0 if h. a

,

where a indicates the distance at which the covariance

between departures becomes 0 (range), b is themaximum

value of the covariance (sill), and h is the distance be-

tween the points.

Constructing the sample semivariogram at each time

step requires a high network density, which is not pos-

sible in data-sparse regions, such as sub-Saharan Africa.

To overcome this, in this study, space is traded for time

and the climatologies of the covariance function are de-

veloped for each grid cell in the domain (see also Van de

Beek et al. 2011). All stations within a radius r of a grid

cell are used to construct the covariance function. We
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found that a value of r 5 1000km is an appropriate

compromise between using as many stations (minimum

of 20) as possible while ensuring that the spatial homo-

geneity and stationarity assumptions are still reasonable.

When a grid cell does not meet these conditions, inverse

distance weighting is used to spatially interpolate the

covariance function parameters.

c. Indices for evaluating changes in extremes

The added value in the development of a bias-

corrected, downscaled, temporally homogenous dataset

is a higher degree of confidence in the analysis of daily

meteorological extremes. Merging the in situ measure-

ments provides the benefits of the local measurements

and of the ability to assess spatial patterns. Following

previous studies, the Expert Team on Climate Change

Detection and Indices (ETCCDI) indices are used to

quantify the evolution of meteorological extremes over

the domain between 1979 and 2005. These indices were

developed to standardize the detection of climatological

extreme events (Klein Tank et al. 2009; Peterson et al.

2008). Table 1 describes the subset of ETCCDI indices

used in this study. For amore detailed background on the

indices, consult Zhang et al. (2011).

d. Detection of trends

Trends in the extreme indices are calculated as the

slope m of the Kendall–Theil robust line (Theil 1950).

Previous studies of climate extremes suggest using this

nonparametric approach to determine trends over sim-

ple linear regression (Aguilar et al. 2009; Peterson et al.

2008). We then compute the 99% confidence interval

following the method described in Sen (1968).

Because of the presence of nonlinear trends, the

Mann–Kendall test (Kendall 1975; Mann 1945) is also

used to determine the statistical significance of the pres-

ence of monotonic patterns by determining the tendency

for the data to increase or decrease monotonically in

time. This test has been used previously to investigate

hydroclimatological signals of climate change and vari-

ability (Hisdal et al. 2001; Lettenmaier et al. 1994; Lins

and Slack 1999; Mitosek 1995; Ziegler et al. 2003). The

nonparametric nature of the test and its ability to detect

both linear and nonlinear trends makes it a valuable tool

in assessing changes in climate extremes. We set a signif-

icance level of 1% for the Mann–Kendall test.

3. Results

a. Homogenization of the PGF dataset

The Pettitt test with a significance level of 1% is ap-

plied to the time series of annual values of the down-

scaled PGF dataset for each grid cell. Figure 2 shows the

year when a step change is detected in specific humidity,

wind speed, air temperature, and precipitation. Air tem-

perature, specific humidity, and wind speed show sim-

ilar step change years in the region surrounding Lake

Victoria during the 1990s. Air temperature shows dis-

tinct step changes in the 1990s across the north and

central sub-Saharan Africa. Specific humidity shows

distinct shifts in the western sub-Sahara (mid to late

1990s) and north (mid to late 1980s). Wind speed shows

a shift from the mid to late 1980s in the northwestern

sub-Sahara (mid to late 1990s) and throughout the

southern Arabian Peninsula. One noticeable feature is

the limited number of step changes in precipitation.

Temperature and, indirectly, specific humidity are the

only variables corrected when CRU is merged with the

original PGF dataset. This likely explains the correla-

tion between these two variables and the differences

with wind speed and precipitation.

Based on the step changes detected at each grid cell,

the data are temporally homogenized as described in

section 2b(1). An example of the homogenization is

shown in Fig. 3. The Pettitt test detects the upward shift

in annual temperature, which is then removed. The

TABLE 1. Summary of the temperature and precipitation extremes indices used in this study. The definitions are taken from Zhang et al.

(2011). The precise definitions for all the indices are online (at http://etccdi.pacificclimate.org/list_27_indices.shtml).

ETCCDI index Definition

TN10p Percentage of time when daily min temperature is ,10th percentile

TX10p Percentage of time when daily max temperature is ,10th percentile

TN90p Percentage of time when daily min temperature is .90th percentile

TX90p Percentage of time when daily max temperature is .90th percentile

WSDI Annual count when at least six consecutive days of max temperature . 90th percentile

CSDI Annual count when at least six consecutive days of min temperature , 10th percentile

CDD Maximum number of consecutive days when precipitation , 1mm

CWD Maximum number of consecutive days when precipitation $ 1mm

R95p Annual total precipitation from days . 95th percentile

R99p Annual total precipitation from days . 99th percentile

PRCPTOT Annual total precipitation from days $ 1mm
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corrected annual values are then used to scale the 3-hourly

data of the PGF dataset.

b. Gap filling the GSOD station data

The cumulative distribution function (cdf) matching

technique discussed in section 2b(1) is applied to all

candidate station’s collocated gridcell time series for

daily mean wind speed, minimum and maximum temper-

ature, and specific humidity. The Kolmogorov–Smirnov

statistic is used as a metric to compare the distribution of

each variable at each collocated grid cell to the distribu-

tion of the corresponding station (Mood et al. 1974).

Through cdf matching, we aim to minimize Dn to ensure

our collocated gridcell data come from the same distri-

bution as the station data. Figures 4 and 5 provide an

assessment of how well the bias-corrected collocated grid

cells perform against the available station data.

As shown in Fig. 4, the technique effectively removes

the biases in the collocated gridcell data of daily mini-

mum temperature, maximum temperature, specific hu-

midity, and mean wind speed over the GSOD network.

The original distribution of both daily mean wind speed

and specific humidity of collocated grid cells is in general

more biased in the southern region of the domain. In all

cases, after cdf matching the grid cell’s distribution

closely resembles the station’s distribution.

The rain day statistics over the GSOD network

domain before and after correcting for the mean

number of rain days are shown in Fig. 5. The improve-

ment in the first-order transition probabilities and the

FIG. 2. The first year of the step change identified in time series of detrended annual averages from the PGF

dataset for temperature, specific humidity, wind speed, and precipitation. Step changes are identified using a Pettitt

test at the 1% significance level.

FIG. 3. An example of the identification and removal of a step change in annual air tem-

perature time series for the grid cell at 228N, 58E. The Pettitt test with a test significance level of
1% is applied to the annual temperature to detect a step change shown as the vertical line. The

step change is removed by using the cumulative distribution matching technique.
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Kolmogorov–Smirnov statistic after cdf matching using

a gamma distribution are also shown. As expected, the

mean number of days and the distribution show the

largest improvement while the transition probabilities

only see a marginal improvement.

An example of the bias correction for all variables is

shown in Fig. 6 for a station in Mali. The method effec-

tively removes the biases in all the variables. The missing

data are then infilledwith the bias-corrected gridcell data.

Note that the random errors in the original collocated

gridcell data are not improved using this method.

c. Merging the station data into the gridded dataset

Following Chirlin andWood (1982) andHollingsworth

et al. (1985), the spatial covariance functions of the de-

partures are used to calculate the error background co-

variance matrix. Assuming that the measurement error

is 0 (R 5 0) and the collocated grid cells are the station’s

closest cells then the background covariance matrix C is

the only control on the Kalman gain K.

In practice,K defines the weights that determine how

each departure affects xb
i . The climatology of weights is

calculated from the departure covariance functions for

the GSOD stations. In Fig. 7, the sum of the weights for

January and July are shown for the different variables.

The climatology of weights is then used at each time

step to merge the gap-filled GSOD station data into the

homogenized PGF dataset. When the sum of weights

equals 0, no information is provided by the departures

and the background value is left unchanged.

The noticeable features are themainly invariant spatial

fields between themonths. This suggests that themonthly

climatology can be replaced with an annual mean with

little decrease in performance. The relationship between

the spatial correlation of the departures and their corre-

sponding variables is apparent in the comparison between

regions of high topographic relief (e.g., Rift Valley) and

low topographic relief (e.g., Sahel). This is also apparent

when comparing the precipitation departures to other

variables.

Figure 8 shows an example of the assimilation of sta-

tion data to correct the daily maximum temperature on

1 February 2000 in the Gabon region in central Africa.

The background field provides the spatial distribution of

the field while the station data provide the ground truth.

After merging the stations into the gridded background

field, the spatial properties of the background field are

maintained. In the southwest of the region, where there

FIG. 4. The Kolmogorov–Smirnov statistic (left) before and (right) after the bias correction of (top)–(bottom)

daily maximum temperature, daily minimum temperature, daily mean specific humidity, and daily mean wind

speed. The bias correction is applied to the collocated grid cells of all qualifying GSOD stations using all available

data for the station.
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is a higher density of stations, the merged gridded dataset

shows significant differences with the original back-

ground field. In the northeast of the region there is a large

decrease in the extent of the very warm region, while the

northwest is left relatively untouched because of a lack of

stations in the area.

We compare the annual averages between 1979 and

2005 of the variables of the different versions of the PGF

dataset (original, homogenized, and bias corrected) over

different regions in the domain. As shown in Fig. 9 and

based on the change in the regional means (original PGF

compared to bias-corrected dataset) shown in Table 2,

the largest changes tend to occur after assimilating the

GSOD station measurements except when the spatial

coverage of in situmeasurements is inadequate to have a

large impact. For a majority of the regions, specific hu-

midity is overestimated in the original dataset and wind

speed and precipitation are underestimated. In high-

density station regions in western Africa, the inclusion

of the station data has a small effect on the daily maxi-

mum and minimum temperatures. This suggests that the

CRUdataset that is used to scale the PGF dataset already

used data from many of the stations merged into the

homogenized dataset.

d. Trend analysis of daily extremes

Using the bias-corrected daily dataset (PGF-BC), the

extreme indices are calculated for each year between

FIG. 5. Error statistics of the gridded precipitation dataset at collocated stations. Shown are (top)–(bottom) the

Kolmogorov–Smirnov statistic, the ratio of mean number of rain days, the ratio of no rain–no rain transition

probability, and the ratio of rain–rain transition probability of the (left) original and (right) bias-corrected gridded

data compared to available collocated station data.
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1979 and 2005 over the study domain. Figure 10 shows the

estimated slope of the Kendall–Theil robust line over the

domain for the ETCCDI indices used in this study, areas

that show a statistically significant (1%) monotonic trend

according to the Mann–Kendall test, regions affected by

the assimilation of the GSOD stations, and homogenized

grid cells. Estimated linear trends over regionswhere step

changes are removed through homogenization should be

disregarded because of the presence of nonlinearities and

imperfections in the homogenization process.

The spatial trend information is complemented by the

regional analysis as shown in Fig. 11 and their corre-

sponding linear trends, confidence intervals, and statisti-

cal significance of a monotonic trend as shown in Table 3.

In the following subsection, we summarize the results

over the entire study region and discuss large regional

differences.

1) TEMPERATURE

An increase in warm days (TX90p) and warm nights

(TN90p) has been accompanied by a decrease in cold

days (TX10p) and cold nights (TN10p). There has also

been an increase in the number of warm spells (WSDI)

and a decrease in cold spells (CSDI). In most regions, the

absolute value of the increase in warm days, warm nights,

and warm spells is larger than the absolute value of the

decrease in cold days, cold nights, and cold spells.

2) PRECIPITATION

Over the entire domain there has been on average an

increase in the total annual precipitation of around

50mm. Although all regions have seen an increase, the

changes have taken place mainly in the northwest,

north, southwest, and southeast. The same tends to be

true regarding the increase in occurrence of heavy (R95p)

and very heavy rainfall events (R99p). The increase in the

annual number of consecutive wet days (CWD) is sta-

tistically insignificant while there has been a more sig-

nificant decrease in the annual number of consecutive

dry days (CDD).

4. Discussion

a. Evaluation of the merging scheme over a
high-density network: Oklahoma

Although the GSOD station data provide larger spa-

tial coverage than other in situ observation datasets over

FIG. 6. An example of the bias correction of the time series of meteorological variables for the grid cell collocated

with the station at Kenieba, Mali (12.858N, 11.2338E). The homogenized and downscaled PGF gridded data are bias

corrected using cdf matching. The rain day statistics are corrected prior to cdf matching. Themissing time steps in the

station data are then infilled with the bias-corrected data.
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sub-Saharan Africa, it can still be considered sparse and

insufficient to validate the assimilation scheme used in

this study. For this reason, we validate the scheme over

the Mesoscale Network (MESONET) in situ network

(McPherson et al. 2007) in the United States. The

MESONET is a high-density, high-quality in situ network

(1101 stations). A synthetic ‘‘truth’’ dataset is developed

by merging the MESONET daily average temperature

into theNorthAmerican LandDataAssimilation System

(NLDAS) gridded dataset (Mitchell et al. 2004) between

2000 and 2010.

To reproduce the conditions found over sub-Saharan

Africa (network sparsity and changing network), we con-

struct the semivariogram climatology of the departures

for each month by allowing only 10 stations to be avail-

able, which we choose at random for each time step be-

tween 2000 and 2010. For a given number of stations, we

extract a random subset of stations from the network

and choose 50 random time steps in the 2000–10 time

period. A set of different interpolation schemes is used to

calculate the interpolated departures field to superim-

pose on the background field: inverse distance weighting

FIG. 7. Ability for surrounding stations to correct a given grid cell (min 5 0; max 5 1) for (top)–(bottom) daily

minimum temperature, daily maximum temperature, specific humidity, mean wind speed, and precipitation for

(left) January and (right) July. The influence of surrounding stations on a grid cell is calculated by summing all the

weights of stations.
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(p 5 2) (IDW), simple kriging (SK), ordinary kriging

(OK), simple kriging with the semivariogram climatology

(SK svclim), and ordinary kriging with the semivariogram

climatology (OK svclim). We repeat the exercise for 50

different random subsets for a given number of stations.

The normalized root-mean-square deviation (RMSD) is

computed and averaged over the different time steps and

network configurations.

The results are shown in Fig. 12. As expected, the

original NLDAS-2 data are always the worst-case

scenario (i.e., assimilating any error-free station data is

better than none). As the network density decreases be-

low 35 stations, inverse distance weighting performs

better than both simple and ordinary kriging. This is due

to the uncertainties in the constructed semivariogram

model. However, when each time step’s semivariogram

FIG. 8. An example of the assimilation of GSOD station daily maximum temperature data into the gridded PGF dataset for the Gabon

region on 1 Feb 2000. (left) The downscaled and homogenized PGF dataset provides the spatial distribution of the temperature field,

whereas (middle) the GSOD stations provide the ground truth observations at point scale. (right) The observations are merged into the

background field by interpolating the departures using simple kriging and superimposing them onto the background field.

FIG. 9. Comparison of regional annual averages of the original downscaled PGF dataset, the homogenized version, and the final bias-corrected

version. Areal averages are estimated for each year and variable over the entire domain and the six subdomains defined in Fig. 1.
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model is replaced with the precomputed semivariogram

climatology, simple and ordinary kriging on average

outperform inverse distance weighting regardless of the

network density and configuration.

Assuming that these results are qualitatively appli-

cable to sub-Saharan Africa, this assimilation scheme

substantially increases the reliability and accuracy of

the downscaled homogenized PGF dataset and out-

performs more simplistic methods such as inverse dis-

tance weighting.

b. Validation of the high-resolution dataset and future
improvements

We validate the bias-corrected dataset with the GSOD

stations that were used in the assimilation ($20% tem-

poral coverage) and those that were not (,20% temporal

coverage). For each of the station’s collocated grid cells,

we compute the Kling–Gupta efficiency (KGE) for both

the homogenized (before assimilation) and bias-corrected

(after assimilation) datasets with the observations (Gupta

et al. 2009).

In general, as shown in Fig. 13, the data from the sta-

tions that are assimilated into the dataset are replicated in

the bias-corrected downscaled version. In the case of

stations that were not assimilated, the results are mixed.

Specific humidity shows the best performance in reducing

the error at these sites. The other variables except for

precipitation have some limited skill. Precipitation shows

the worst performance with practically no skill in im-

proving the nonassimilated sites. The errors in capturing

the nonassimilated sites are most likely related to errors

from infilling, low spatial correlation of the errors, and

effects of multiple stations on a single point.

In future validation efforts, high-resolution satellite

precipitation products should be used to assess the spatial

properties of the downscaled precipitation product. We

envision using a suite of product such as TMPA (Huffman

et al. 2007), Precipitation Estimation from Remotely

Sensed Information Using Artificial Neural Networks

(PERSIANN; Sorooshian et al. 2000), Climate Prediction

Center (CPC) morphing technique (CMORPH; Joyce

et al. 2004), and Global Satellite Mapping of Precipi-

tation (GsMAP; Kubota et al. 2007) These efforts could

then implement techniques to incorporate the spatial

properties of these products into the downscaled rain-

fall fields through conditional stochastic simulations

methods such as lower upper (LU) decomposition and

simulated annealing (Webster and Oliver 2007).

To validate the station data outlier detection scheme

discussed in section 2b(2), we reprocessed the GSOD

dataset using amore aggressive outlier detection scheme

where we only accept values that are within 31 standard

deviations from themean. Although not shown here, the

differences after rerunning the bias correction, ETCCDI

calculation, and ETCCDI trend analysis were negligible

suggesting our results are robust to the outlier detection

scheme. Following Dunn et al. (2012), these two outlier

detection schemes would cover the range of being too

liberal (outliers remain) and too aggressive (real tails

removed). Future work could find a better balance by

implementing the methods outlined in Durre et al.

(2010) and Dunn et al. (2012).

c. Changes in climate extremes: Comparison to
HadEX2

The recently released Hadley Centre Global Climate

Extremes Index 2 (HadEX2) dataset provides a global

product of ETCCDI indices derived from 7000 tem-

perature and 11 000 precipitation meteorological sta-

tions. This product covers the period 1901–2010 and is

created by calculating the indices at each station and

then interpolating them onto a 3.758 3 2.58 grid (Donat

et al. 2013c). Since this product partially covers this

study’s spatial domain, it is suitable to validate the PGF-

BC derived ETCDDI indices and to assess the added

value of higher spatial resolution and complete spatial

coverage. Following the discussion in section 2b(2), we

disregard the spatial mismatch between point and gridcell

data and assume that station calculated indices represent

their collocated gridcell (0.18) indices. We understand

that over heterogeneous terrain (e.g., mountainous re-

gions) this assumption might fail and lead to erroneous

conclusions.

For the comparison, we compute the spatial averages

over the regions defined in Fig. 1 using the HadEX2 and

PGF-BC datasets. Given the different spatial coverage of

the datasets, in addition to the spatial averages calculated

using the entire PGF-BC dataset we use the coverage

TABLE 2. Change in the mean of the regional average annual time series after homogenization and bias correction.

ED NW N NE SW S SE

TMAX (K) 21.0 3 1021 29.93 1022 21.5 3 1021 6.93 1023 25.5 3 1022 21.7 3 1021 21.2 3 1021

TMIN (K) 23.4 3 1022 1.9 3 1021 21.3 3 1021 26.5 3 1022 2.8 3 1022 21.0 3 1021 29.6 3 1022

SHUM (kgkg21) 21.9 3 1024 2.2 3 1026 6.6 3 1025 23.0 3 1025 25.4 3 1024 23.3 3 1024 25.9 3 1024

WS (m s21) 3.5 3 1022 4.7 3 1022 1.6 3 1021 21.2 3 1022 27.7 3 1022 22.1 3 1022 2.4 3 1022

PREC (mmday21) 7.3 3 1022 1.3 3 1021 2.4 3 1022 4.5 3 1024 2.6 3 1021 1.5 3 1022 6.3 3 1022
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FIG. 10. The slope of the Kendall–Theil robust line of

annual ETCCDI indices (see Table 1). The presence of

a monotonic trend with a 1% significance level is shown by

slash (/) line hatching. Grid cells that are impacted by the

assimilation of GSOD data are shown by circular hatching

and grid cells that are homogenized are shown by backslash

(\) line hatching.
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mask of HadEX2 to calculate the regional averages of

the PGF-BC derived ETCCDI indices. For each series,

the slope of the Kendall–Theil robust line and its ac-

companying 99% confidence interval are computed.

As shown in Fig. 14, the sign of the slope (and some-

times the magnitude) of the PGF-BC ETCCDI tem-

perature indices match those calculated from HadEX2

with differences in the CSDI index (increase in HadEX2

and decreases in PGF-BC). Differences in the southeast

region (GreaterHorn ofAfrica) aremost likely due to the

inability to bias correct the values in this region because of

lack of station data and persisting errors from undetected

step changes and uncertainties after homogenization.

Although not shown here, the spatial coverage over the

domain of the temperature indices (especially TN10p,

TX10p, TN90p, and TX90p) in HadEX2 is good. This

helps explain the close relationship between the full and

HadEX2 masked PGF-BC calculated ETCCDI indices.

FIG. 11. The areal averages of the ETCCDI indices described in Table 1 for all the regions defined in Fig. 1 including the entire domain

between 1979 and 2005.
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The sign of the slope (and sometimes the magnitude)

of theHadEX2masked PGF-BCETCCDI precipitation

indices match those calculated fromHadEX2. However,

this is not the case when compared to the unmasked

PGF-BC. In many cases, even the sign of the slope is

switched (e.g., the entire domain goes from a negative to

a positive trend). The most likely cause of these dis-

crepancies is the similar station data being used in both

datasets; thus, when we compare HadEX2 to the

masked PGF dataset, the results are similar. It is also

possible that errors in the original PGF precipitation

product make a favorable comparison only in regions

that have many in situ stations that can be used for bias

correction. However, this is probably not the case given

the low spatial correlation of the departures (i.e., ability

to correct) and thus the low-density network cannot

have a large impact.

d. Attribution of changes in climate extremes

As shown in Fig. 14, the trends in temperature

ETCCDI indices indicate an increase in warm extremes

over sub-Saharan Africa between 1979 and 2005. How-

ever, for many indices, the confidence intervals also in-

dicate high uncertainty in the magnitude and sometimes

the sign of the slope. This uncertainty is most likely due

to natural variability and short time span. Donat et al.

(2013b) examined the impact of natural variability in

ETCCDI indices over a section of this study’s domain

(the Arab region) by assessing their relationship to the El

Niño–Southern Oscillation (ENSO) and North Atlantic

Oscillation (NAO). They found a strong relationship with

the NAO in the west and a more significant relationship

with ENSO in the east. Future work should look into how

these results transfer to the greater sub-Saharan Africa

TABLE 3. The trends (m) and corresponding 99% confidence intervals (6) of the regional annual time series of the ETCCDI indices as

shown in Fig. 11. The trends are calculated using the Kendall–Theil robust line. The significance level (a) of the Mann–Kendall test is

computed to determine the existence of monotonic trends (linear or nonlinear). The regions are defined in Fig. 1.

Region

ETCCDI ED NW N NE SW S SE

TN10p (day yr22) m 20.19 20.31 20.25 20.12 20.35 20.46 0.19

6 0.40 0.50 0.60 0.60 0.60 0.50 0.70

a 0.10 0.17 0.36 0.48 0.11 0.03 0.45

TX10p (day yr22) m 20.38 20.27 20.26 20.34 20.48 20.43 20.79

6 0.40 0.70 0.60 0.60 0.70 0.70 0.50

a 0.02 0.38 0.21 0.14 0.09 0.09 0.00

TN90p (day yr22) m 0.41 20.08 0.22 0.34 0.41 1.14 0.73

6 0.40 0.40 0.50 0.50 0.60 1.00 0.90

a 0.01 0.50 0.28 0.09 0.06 0.01 0.06

TX90p (day yr22) m 0.45 0.32 0.16 0.52 0.54 0.36 0.71

6 0.40 0.50 0.40 0.50 0.50 0.50 0.60

a 0.00 0.07 0.17 0.01 0.01 0.07 0.00

WSDI (day yr22) m 0.18 0.14 0.04 0.30 0.09 0.09 0.25

6 0.20 0.40 0.30 0.30 0.20 0.10v 0.30

a 0.04 0.11 0.80 0.02 0.11 0.07 0.01

CSDI (day yr22) m 20.15 20.21 20.13 20.11 20.20 20.09 20.03

6 0.30 0.50 0.50 0.50 0.40 0.30 0.30

a 0.38 0.18 0.43 0.48 0.13 0.24 0.80

CDD (day yr22) m 20.22 20.21 0.00 20.10 20.24 0.11 20.53

6 0.50 0.60 0.80 1.00 0.30 0.30 0.50

a 0.28 0.23 1.00 0.90 0.07 0.26 0.01

CWD (day yr22) m 0.00 0.01 0.00 0.00 0.01 20.01 20.01

6 0.01 0.01 0.01 0.01 0.02 0.01 0.02

a 0.65 0.00 0.30 0.53 0.10 0.07 0.26

R95p (mmyr22) m 2.02 2.69 1.26 0.48 3.43 1.36 2.85

6 2.00 2.00 3.00 1.00 6.00 3.00 4.00

a 0.01 0.00 0.23 0.32 0.07 0.28 0.07

R99p (mmyr22) m 1.21 1.06 0.64 0.18 1.38 1.00 2.16

6 1.00 1.00 2.00 1.00 3.00 2.00 2.00

a 0.03 0.04 0.45 0.74 0.20 0.11 0.01

PRCPTOT (mmyr22) m 1.78 2.89 1.18 0.09 4.52 0.53 2.04

6 3.00 2.00 3.00 1.00 7.00 4.00 4.00

a 0.07 0.00 0.30 0.80 0.05 0.71 0.21
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and the connection of the trends in ETCCDI indices to

other climate indices and changes in general circulation

patterns. Understanding their impact could help under-

stand the signal from the interannual variability and

add confidence to the calculated long-term trends. Ulti-

mately, accurately extending the datasets in timewill lead

to the largest decrease in uncertainty in ETCCDI trends.

For many regions in this study’s domain, the magni-

tude of the positive trend in TN90p and TX90p indices is

larger than the magnitude of negative trend in TN10p

and TX10p. This suggests that although the mean of the

distribution is shifting toward warmer values, it is not

shifting uniformly. This agrees with previous studies that

show how the distribution of global daily temperature

anomalies has changed and experienced a shift toward

warmer temperatures (Donat and Alexander 2012;

Hansen et al. 2012). Changes in the distribution are

possibly through an increase in skewness while changes in

variance are highly spatially heterogeneous (Donat and

Alexander 2012). Given the complex behavior of the

moments of the temperature distribution, this reinforces

the need to provide metrics of the entire distribution

(Katz et al. 2013). Although the ETCCDI indices sug-

gest a broadening of the distribution over sub-Saharan

Africa, it is unclear if this is due to changes in skewness,

variance, or kurtosis. Future work should analyze the

PGF-BC dataset developed in this study to provide

a more complete picture of the distribution through its

different moments.

The increase in precipitation across sub-SaharanAfrica

can be mainly attributed to the recovery from the

droughts of the 1970s and 1980s. This is apparent across

all precipitation indices: a decrease in dry spells, an in-

crease in wet spells, an increase in heavy rainfall, and an

increase in annual rainfall. This suggests a fairly uniform

shift in the probability distribution of rainfall toward

wetter conditions. However, questions remain regarding

the drivers of the differences between regions. Future

work should look into other natural and anthropogenic

drivers of trends in the data and determine the connec-

tion to changes in the monsoon over the Sahel and the

Greater Horn of Africa (e.g., Williams et al. 2012) and

connections to changes in general circulation patterns.

5. Conclusions

A high-resolution meteorological dataset for 1979–

2005 has been developed for sub-SaharanAfrica between

58S and 258N. A combination of reanalysis, gridded

observation datasets, and in situ networks (GSOD) are

used to develop the final downscaled, homogenized, and

bias-corrected dataset. The accuracy of the final dataset is

dependent on the density and temporal availability of the

contributing GSOD station data. The highest confidence

in the data is in western Africa and the Greater Horn

of Africa, where the GSOD database has the highest

density of stations. In regions with few stations, such as

Chad and the Democratic Republic of the Congo, the

accuracy of the dataset is subject to the biases and any

remaining undetected temporal inhomogeneities in the

reanalysis and gridded observation datasets.

We use the dataset to evaluate changes in meteoro-

logical extremes over the central latitudes of Africa in-

cluding the Sahel, western Africa, the Greater Horn of

FIG. 12. Mean normalized RMSE of assimilated daily average temperature fields compared

to the baseline synthetic truth using a suite of assimilation schemes. Daily average temperature

in the MESONET is merged into the NLDAS-2 gridded dataset over Oklahoma from 2000 to

2010. The network density and configuration of MESONET are allowed to change to de-

termine the ability to reproduce the baseline.
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Africa, the southern Arabian Peninsula, and the north-

ern Congo basin. ETCCDI indices were calculated for

1979–2005 and the Mann–Kendall test was used to de-

termine the statistical significance of monotonic trends

in the indices. The magnitudes of the trends and their

confidence intervals were calculated using the Kendall–

Theil robust line. There has been a statistically signifi-

cant increase in the annual number of warm days and

nights and a corresponding decrease in cold days and

nights. These results agree qualitatively with other re-

gional studies of changes in climate extremes. Changes

in precipitation can most likely be attributed to the

droughts in the 1970s and 1980s in the Sahel.

The data have been developed for multiple purposes

including as input to hydrologic and crop modeling, for

flood and drought monitoring, and for climate studies.

The high spatial resolution of the gridded dataset offers

an unprecedentedopportunity tomodel and capture local

features not available in coarser gridded datasets over

data-sparse regions. The corrections for topography and

the merging of in situ measurements allow for the rep-

resentation of temperature and precipitation gradients

FIG. 13. The KGEbetween the collocated grid cells of the (left) homogenized and (right) bias-corrected datasets.

The sum of the weights annual mean that ranges from 0 to 1 is shown as shading underneath. The darker the

shading the more influence the stations have on bias correcting the homogenized dataset. When the KGE value is

equal to 1, the collocated gridcell data are equal to the station data.
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over mountainous regions and water bodies; this is a fea-

ture generally not available in coarser datasets. The data

can also be used in drought and flood monitoring tools

over the region such as Princeton University’s Experi-

mental African Flood and Drought Monitor (Sheffield

et al. 2014) and FewsNet (http://www.fews.net).
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APPENDIX

Station Data Gap Filling

One source of temporal inhomogeneities in the CRU

dataset is the interpolation and upscaling of changing

station networks, especially in data-sparse regions, where

a few stations can dominate the gridded values. Changes

in the station density and spatial configuration can impact

the gridded estimates and create artificial step changes

in the mean and variance. To avoid similar problems

when assimilating the station data into the downscaled

and homogenized PGF dataset, the network configura-

tion and density are kept constant in time by gap filling

the noncontinuous station records. We do this by bias

correcting the data at the collocated grid cell in the

downscaled PGF dataset using the available station time

series. The bias-corrected data are then used to infill the

missing station data.A simple bias correction technique is

used that matches the cumulative distribution function

(cdf) of the collocated gridcell dataset to the available

station data. This technique has been successfully used

in previous studies of assimilation and correction of radar

precipitation, satellite remote sensing of soil moisture,

and hydrologic forecasts (Anagnostou et al. 1999; Atlas

et al. 1990; Gao et al. 2007; Reichle and Koster 2004;

Wood et al. 2002).

FIG. 14. Slope of the Kendall–Theil robust line and corresponding confidence intervals (99%) of the ETCCDI indices for the regions

defined in Fig. 1. The trends are computed between 1979 and 2005 using theHadEX2 dataset, PGF-BCdataset, and PGF-BCdataset using

the HadEX2 mask.
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For discontinuous fields such as precipitation, we take

extra care to avoid errors induced by the disparity in

spatial coverage between the gridded values and the

point station data. For example, if the grid cell has a

higher mean number of rain days in a year than the

station data, directlymatching the distribution leads to an

overestimation in the annual mean. Therefore, prior to

cdf matching, the number of rain days of the collocated

grid cell is adjusted to ensure the climatology of themean

number of rain days per month matches that of the sta-

tion. Rain days are added or removed to account for the

spatial correlation of daily rain events by selecting days

for which the surrounding region (radius equal to 1.08) is
also a rain or dry event. For example, if a rain day is to be

added, we search for a dry day in the month that has the

maximum fraction of wet grid cells (e.g., 90%). When

possible, the choice of when to add/remove a rain day is

made to improve the grid cell’s climatology of first-order

transition probabilities compared to those of the station.

However, preference is always given to the spatial prop-

erties. When neither the spatial properties can be main-

tained nor the transition probabilities can be improved,

the day is chosen at random. This is repeated until the

number of rain days matches those of the station. When

a rain day is added, the rain amount is sampled from

a gamma distribution that is previously fitted to the col-

located grid cell’s rain day values. Finally, the distribution

of the collocated grid cell is matched to the available

station data.
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