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Abstract: This study analyses uncertainties associated with the main features of the annual cycle of 
West African rainfall (amplitude, timing, duration) in 15 CMIP5 simulations over the Sahelian and 
Guinean regions with satellite daily precipitation estimates. The annual cycle of indices based on 
daily rainfall such as the frequency and the intensity of wet days, the consecutive dry (CDD) and 
wet days (CWD), the 95th percentile of daily rainfall (R95) have been assessed. Over both regions, 
satellite datasets provide more consistent results on the annual cycle of monthly precipitation than 
on higher-frequency rainfall indices, especially over the Guinean region. CMIP5 simulations display 
much higher uncertainties in both the mean precipitation climatology and higher-frequency indices. 
Over both regions, most of them overestimate the frequency of wet days. Over the Guinean region, 
the difficulty of models to represent the bimodality of the annual cycle of precipitation involves 
systematic biases the frequency of wet days. Likewise, we found strong uncertainties in the simulation 
of the CWD and the CDD over both areas. Finally, models generally provide too early (late) onset 
dates over the Sahel (the Guinean region) and overestimate rainfall during the early and late monsoon 
phases. These errors are strongly coupled errors in the latitudinal position of the ITCZ and do not 
compensate at the annual scale nor when considering West Africa as a whole.

Keywords: West Africa; rainfall; annual cycle; CMIP5 models; onset; cessation; extremes; 
uncertainties17

1. Introduction18

The annual cycle of monsoon precipitation is a primary feature of West African Climate (e.g.19

[1–3]). In this region, rainfall mainly falls from April to October, with major differences between the20

wetter Guinean region where precipitation displays two annual peaks (in June and in September)21

and the more arid Sahelian region, where it displays a single peak centered on August. At longer22

time scales, observations emphasises alternating periods of extreme rainfall events and dry conditions23

which have led to a succession of flood/drought years in the last several decades [4–7]. In this24

region, observations underline the importance of mesoscale convective events [8] which account25

for a large amount of annual cumulative rainfall [9,10]. At the same time, dry spell events are also26

relatively frequent in West Africa during the monsoon [11,12] and were particularly severe during27
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the drought decades of the 70’s and 80’s [13]. Changes in the annual cycle of monsoon precipitation28

have also been identified, with a notable trend toward more rainfall during the second part of the29

monsoon in the last 30 years [14–17]. These important traits of precipitation (frequent heavy-rain30

events combined with dry spells) have wide implications for social and economic sectors which are31

strongly linked to agricultural and water resources in West Africa [18]. Furthermore, given the high32

vulnerability of this region, any climatic changes in monsoon precipitation (either its amount, annual33

cycle, intensity or intra-seasonal distribution) is likely to affect many socio-economic developments34

[19–23]. According to the Intergovernmental Panel on Climate Change report [24], climate change35

induced by increasing anthropogenic greenhouse gas (GHG) concentrations is expected to delay the36

onset of Sahelian precipitation [25], to intensify the hydrological cycle, and to increase the occurrence37

of extreme precipitation events [6,7,26–30]. This implies that West African countries will be affected by38

global warming in many areas and will face important adaptation challenges.39

However, studies based on the Coupled Model Inter-comparison Project (CMIP) phase 3 and 540

show that the representation of the West African Monsoon (WAM) mean state, as well as its response to41

global warming, are both highly model-dependent [31]. As a consequence, model-based projections of42

the WAM and of the Sahelian climate are highly uncertain [32]. It is therefore important and valuable43

to more precisely characterize these uncertainties in climate models. Several studies have investigated44

the CMIP5 representation of West African precipitation trends and climatology. For instance, Vizy45

[33] found large biases in simulation of the onset and demise of the monsoon and the monsoon-mean46

temperature and precipitation amount in five CMIP5 models. A more recent study by Zebaze [34]47

examined the simulations of seasonal mean precipitation and temperature and their historical trends48

for a multi-model mean (MMM) of 28 CMIP5 models. They found that the CMIP5 MMM fails to49

capture the sign or magnitude of observed precipitation trends, which was partially due to their strong50

spatial heterogeneity. These studies mainly focus on seasonal signals and do not investigate the ability51

of CMIP5 simulations to show sub-seasonal variability in precipitation nor its annual cycle.52

In this paper, we address the representation of daily precipitation, as well as wet and dry spells53

across West Africa in an ensemble of CMIP5 models by comparing them with three observational data54

sets. Our aim with this evaluation of the uncertainties in these key features of the annual cycle of West55

African precipitation is to provide a better understanding of biases in climate models and to create56

benchmarks for comparison with the new generation of CMIP models (CMIP6, [36]). The paper is57

organized as follows: in section 2 we present the CMIP5 models, the satellite data used for model58

evaluation as well as the methodology. Results and discussions are presented in section 3 and finally,59

conclusions are given in section 4.60

2. Data and Methods61

In this study, all analyses are carried out on daily precipitation retrieved from 15 CMIP5 historical62

simulations provided by 11 institutions (Table 1, those simulations were chosen so as to cover as much63

as possible the spread obtained when using more simulations, e.g. [37])) and different satellite-based64

estimates. In order to partially account for uncertainties in existing observations dataset [38], three65

widely-used observationally-based estimates are used. These are (i) the Climate Hazards Group66

Infrared Precipitation with Station data (CHIRPS), which is a blend of Climate Hazards Group67

Precipitation climatology, satellite infrared measurements and direct rain gauge measurements (which68

are sparse over West Africa) and is available from 1981 to present at a 0.5◦ x 0.5◦ resolution [39], (ii) the69

Global Precipitation Climatology Project 1 Degree Daily (GPCP 1DD), available from 1996 to present70

with a 1◦ x 1◦ resolution [40] and (iii) the Tropical Rainfall Measuring Mission (TRMM) Multi-satellite71

Precipitation Analysis (TMPA) 3B42v7 research derived daily product , available from 1998 to present72

at a 0.25◦ x 0.25◦ resolution [41].73

The different simulations as well as the three satellite estimates are all provided on different74

grids, whose sizes vary from less than 1◦ to more than 3◦ (see Table 1). Therefore, for the comparison75

presented below, all the datasets have been regridded to a spatial resolution of 2.5◦ x 2.5◦ using76
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conservative (bilinear) interpolation technique for satellite data (models’ outputs). This relatively77

coarse resolution roughly matches the grid of the lower-resolution simulations. Some results are quite78

sensitive to the grid size, and this will be illustrated for a 0.5◦x◦0.5◦ resolution grid.79

Due to the datasets availability (CHIRPS starts from 1981 and most of CMIP5 historical simulations80

end in 2004), analyses are focused over the period from 1985 to 2004. The Sahelian and the Guinean81

regions (boxes on Figure 1) are analysed separately and annual cycles of spatial averaged of total daily82

rainfall metrics over these two regions have been computed.83

As in Sylla [42], rainfall indices defined by the Expert Team on Climate Change Detection and84

Indices (ETCCDI [43]), are used to document the variability of daily precipitation, including highly85

precipitating events:86

• The frequency of daily precipitation events is the number of days with precipitation higher than 187

mm;88

• The Simple daily intensity index is the mean intensity of daily precipitation events;89

• The Consecutive Dry Days (CDD) index is the number of consecutive dry sequences of more than90

5 days (dry spells). A dry day is defined as a day with precipitation less than 1 mm;91

• The Consecutive Wet Days (CWD) index is the number of consecutive wet sequences (or wet92

spells) lasting more than 5 days. A wet day is defined as a day with precipitation higher than 193

mm;94

• The 95th percentile of daily precipitation events (R95) is the value above which 5% of the daily95

precipitation events (days with precipitation higher than 1 mm) are found;96

• Total precipitation with respect to the R95p (R95ptot) is the fraction of precipitation accounted for97

by the very wet days (daily rainfall above R95).98

These indices are calculated for each grid point, using the full length of each dataset, and then averaged99

over each month and each domain.100

As recalled in the introduction, the Sahelian and Guinean regions display quite distinct rainfall101

regimes [42,44,45]. The Sahel is characterized by a single rainy season occurring from June to September,102

while the rainfall regime over the Gulf of Guinea presents a bimodal structure with one peak in June103

during the northward migration of the Inter-Tropical Convergence Zone (ITCZ) and another one in104

September during the southward retreat of the ITCZ. Here, the ITCZ position and width are determined105

over a West African domain extending from 0 to 20◦N and 20◦W to 25◦E following the method of106

d’Orgeval [46]. The method can be summarized as follows:107

First, grid points where precipitation exceeds Pt = 2 mm/day are retained (we did not find any
noticeable change with Pt = 1, 3 and 4 mm/day) . This threshold value allows to capture a fairly large
monsoon band for all the simulations. The threshold is subtracted to the precipitation exceeding it.
This provides a mapping of the ITCZ. Then if n is the number of grid points above 2 mm/day; i, the
index of one point; Pi, the precipitation at the grid point i; and loni and lati the coordinates ( longitude
and latitude, respectively) of i; the latitudinal position of the center of the ITCZ is computed as follows:

LatC =
∑n

i=1(Pi − Pt) ∗ lati

∑n
i=1(Pi − Pt)

The width of the ITCZ is considered as the standard deviation of the distribution in latitude:

W =

√
∑n

i=1(Pi − Pt) ∗ (lati − LatC)2

∑n
i=1(Pi − Pt)

In order to characterize the timing of the monsoon season and its length, the method of Liebmann108

[3] is used to determine its onset and cessation dates over the Sahel and the Guinean region. The109

method can be summarized as follows:110

First, we determine the start of the climatological water season. At each grid point this is found by
first calculating two quantities: (i) the long-term annual-mean and daily average is computed for each
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day of the year. Starting from 1st January, the sum of the difference between the climatological daily
average (Mi) and the climatological annual-mean (M̄) gives the climatological accumulated anomaly
(C). The day when the minimum of C is reached is defined as the start of the climatological water
season (noted Ds) and day of the maximum marks the end (De).

C =
31Dec

∑
i=1Jan

Mi − M̄

The onset for each year and each grid point is then determined and compared to their
climatological values. For each year of record, beginning 50 days prior to the start of the climatological
water season and ending at its end, daily precipitation (RRj) minus the long-term annual-mean
daily average (M̄) is summed. This sum is called the anomalous accumulation (A). The day after
which the value of A reaches its absolute minimum is the onset date since, from that day onward for
this particular year, accumulated precipitation exceeds what would be expected from climatology.
Conversely, the day on which A reaches the maximum is the cessation date of the wet season.

A =
De+50

∑
j=Ds−50

RRj − M̄

Table 1. Basic information for the 15 CMIP5 models used in this study (resolution refers to the grid
size of the atmospheric component of the model (resolution refers to the grid size of the atmospheric
component of the model.

Modelling Center Institution Model Name Resolution

Beijing Climate Center, China Meteorological Administration BCC BCC-CSM1-1-M 1.125◦x1.125◦

Canadian Centre for Climate Modelling and Analysis CCCma CanESM2 2.79◦x2.81◦

Centre National de Recherches Météorologiques/Centre Europeen de
Recherche et Formation Avancees en Calcul Scientifique

CNRM-CERFACS CNRM-CM5 1.40◦x1.40◦

National Center for Atmospheric Research NCAR CCSM4 0.94◦x1.25◦

Commonwealth Scientific and Industrial Research Organization in
collaboration with Queensland Climate Change Centre of Excellence

CSIRO-QCCCE CSIRO-Mk3.6.0 1.86◦x1.87◦

EC-EARTH consortium EC-EARTH EC-EARTH 1.12◦x1.12◦

Met Office Hadley Centre(additional HadGEM2-ES realizations
contributed by Instituto Nacional de Pesquisas Espaciais)

MOHC HadGEM2-ES 1.25◦x1.85◦

Institut Pierre-Simon Laplace IPSL IPSL-CM5A-LR 1.89◦x3.75◦

Institut Pierre-Simon Laplace IPSL IPSL-CM5A-MR 1.27◦x2.50◦

Japan Agency for Marine-Earth Science and Technology, Atmosphere
and Ocean Research Institute(The University of Tokyo), and National
Institute for Environmental Studies

MIROC MIROC-ESM 2.79◦x2.81◦

Atmosphere and Ocean Research Institute (The University of Tokyo),
National Institute for Environmental Studies, and Japan Agency for
Marine-Earth Science and Technology

MIROC MIROC4h 0.56◦x1.41◦

Atmosphere and Ocean Research Institute (The University of Tokyo),
National Institute for Environmental Studies, and Japan Agency for
Marine-Earth Science and Technology

MIROC MIROC5 1.40◦x1.41◦

Max-Planck-Institut für Meteorologie (Max Planck Institute for
Meteorology)

MPI-M MPI-ESM-LR 1.86◦x1.87◦

Max-Planck-Institut für Meteorologie (Max Planck Institute for
Meteorology)

MPI-M MPI-ESM-MR 1.86◦x1.87◦

Meteorological Research Institute MRI MRI-CGCM3 1.12◦x1.12◦
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Figure 1. Climatological annual-mean rainfall averaged over 1985-2004 over West Africa (using CHIRPS
data). The black boxes highlight the two-considered subregions (Sahel and Guinean region).

3. Results111

3.1. The annual cycle of mean precipitation, intensity and frequency of wet days112

This section focuses on the annual cycle of precipitation amount, frequency and intensity of113

wet days Figure 2. It provides an inter-comparison of CMIP5 results with observational datasets114

(CHIRPS, TRMM and GPCP). First the annual cycle of monthly-mean precipitation is analysed. Figure115

2a indicates that CHIRPS, TRMM and GPCP provide a very close depiction of this cycle over the Sahel,116

while models capture reasonably well the broad temporal structure of the annual cycle though with a117

very large spread of the amplitude from less than 2 to more than 8 mm/day in August.118

During the core of the monsoon (July-September), over the Sahel, only two models ( CSIRO-Mk3119

and MIROC5) present a substantial positive biases compared to satellite datasets ( 2 mm/day), while120

most of the other models underestimate the magnitude of rainfall with peaks as low as 2 mm/day121

(consistently with Roehrig [37]). In August, MPI-ESM-MR, MPI-ESM-LR, EC-EARTH, MIROC4h and122

MIROC-ESM perform relatively well compared to observations with peaks between 6 and 7 mm/day.123

The Multi-Models Mean (MMM) performs better than several models but still underestimates the core124

monsoon rainfall.125

Over the Guinean region, the observational datasets also agree quite well even though the "little126

dry season" [47] is slightly more marked in TRMM and GPCP than in CHIRPS. In contrast, the annual127

cycles in CMIP5 models display a variety of shapes (Figure 2b). A large spread among models is128

present and most models overestimate the magnitude of precipitation during the monsoon. The MMM129

fails to reproduce the bimodal character of precipitation. Only CNRM-CM5, MIROC5 and MIROC4h130

capture the bimodal structure of this cycle but with bias in the timing. For instance, the CNRM-CM5131

first peak (9 mm/day) occurs in June as observed, while the second one (10 mm/day) is observed in132

August instead of September. MIROC4h similarly displays its first peak in June (9 mm/day) and the133

second one in October (5.5 mm/day). The second peak in MIROC5 (12.5 mm/day) is observed at the134

right time (September) but the first one (12 mm/day) occurs one month later, in July.135

In general, models which underestimate/overestimate precipitation during the core monsoon do136

so throughout the monsoon season. However, outside of the monsoon period, when there is hardly137

any rain observed, almost all models simulate precipitation, i.e. they systematically overestimate138
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precipitation, even those models which underestimate it during the monsoon (e.g. in March in the139

Sahel).140

Focussing now on the annual cycle of the frequency of wet days, satellite datasets agree reasonably141

well over the Sahel. The maximum frequency occurs during the core monsoon season in August, and142

it is lower in TRMM and GPCP than in CHIRPS (by 10%). A higher frequency is observed in CHIRPS143

over the Guinean region too, but there satellite datasets display a large spread in Spring (April-May),144

reaching about 20%. Interestingly, the annual cycle of the frequency of wet days displays a well-defined145

bimodal structure in GPCP and CHIRPS, while this characteristic is much less pronounced in TRMM.146

CMIP5 simulations capture roughly the structure of these annual cycles (Figure 2c,d). In August,147

over the Sahel, CSIRO-Mk3 and EC-EARTH display the largest biases, of respectively +5 and +3 days148

compared to observed data.149

Over the Guinean region, the bimodal structure associated with the frequency of wet days is150

lacking in CMIP5 models, most of them simulate a relatively constant or slightly increasing frequency151

from May to October. Indeed, it is raining almost every day in several models, with biases then152

reaching about 50% compared to the mean wet day frequency from observational dataset.153

Finally, over both regions, models largely overestimate the frequency of wet days prior to and154

following the monsoon season (up to 50% in May over the Sahel), which means that it rain more155

frequently in simulations throughout the annual cycle. CMIP5 models are known to precipitate156

globally too frequently with too little precipitation (e.g. [48]) and [37] showed this was also true in157

JAS for the West African region. This overestimation may be related to well known issues with the158

representation of the diurnal cycle of convective precipitation in models (e.g. [37,49]) when convective159

inhibition is not preventing the onset of convection [49].160

Shifting now to the annual cycle of the intensity of wet days, observational datasets are again161

very close to each other over the Sahel. Models generally simulate a peak of intensity in August over162

the Sahel (Figure 2e), but with strong uncertainties in the amplitude. MIROC4h and MIROC5 are163

the only two models displaying a higher intensity than satellite datasets. BCC-CSM1, CCSM4GHG,164

CNRM-CM5, IPSL-CM5A-LR, IPSL-CM5A-MR and MRI-CGCM3 show a significant underestimation165

with peaks comprised between 2 and 4 mm/day (i.e. an underestimation typically comprised between166

200 and 500% compared to observational datasets).167

The situation is quite similar over the Guinean region, where satellite datasets display slight168

spread. Slight uncertainties are noted in observational datasets especially from January to May (with169

a difference reaching 40% between CHIRPS and TRMM in April). Furthermore, they display slight170

distinct structures of the annual cycle of wet days intensity. Observational datasets show a less marked171

bimodal structure which is much better represented in GPCP and TRMM in June and September.172

CHIRPS shows its first peak in July and the second one in September whereas TRMM displays peaks173

in April and June. Note that, in these two datasets, the intensity does not fluctuate much from June174

to September. There is also a wide spread among models on the representation of the intensity of175

wet days, but with a dominantly positive bias on the amplitude of the signal(Figure 2f). In terms of176

temporal evolution, most models display a unimodal structure of the intensity of wet days except177

for models whose displayed a bimodal structure of the mean precipitation. Given the uncertainties178

in observational datasets, it is not possible to conclude as to which models perform better over this179

region.180

Finally, it is noticeable that over both regions and in observational datasets as well as in models,181

the annual cycles of the intensity and of the frequency of wet days are both very strongly correlated182

with the annual cycle of the mean precipitation (see Table A2), which implies in particular that model183

biases in the annual cycles of these variables are linked.184

In summary, one can retain that the annual cycle of wet days intensity is in general poorly185

represented in models over the two areas, with particularly large uncertainties regarding the186

magnitude. Over the Sahel models’ uncertainties in the annual cycle of precipitation are related187

to both the uncertainties in the frequency and intensity of wet days. On the other hand, biases in the188
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representation of the bimodal structure over the Guinean region appears to be more closely related to189

the representation of the intensity than the frequency of wet days in models.190

It is important to note that with a finer grid resolution (0.5◦x0.5◦; see Figure A1), the frequency (resp.191

intensity) of wet days decreases (increases) in observational datasets while the associated uncertainties192

increase with more differences in the frequency and intensity of wet days among those datasets (e.g.193

the spread in intensity roughly doubles). By contrast there are no considerable changes noted in194

CMIP5 models, which leads to a subtantial increase in model biases (e.g. it reaches about 100% of the195

frequency of wet days).196

Figure 2. Annual cycle of rainfall (a,b), frequency (c,d) and intensity of wet days (e,f) over the Sahel
(left) and Guinean region (right) from CHIRPS (black), TRMM (blue), GPCP (green) and 15 CMIP5
models and their ensemble mean (cyan). The shaded area indicate the spread between the three satellite
estimates.

Quantitative diagnostics within Taylor diagrams confirm these findings (Figure 3, where CHIRPS197

is the “reference” in that it is the dataset to which other satellite and model datasets are compared). For198

the annual cycle of precipitation and frequency of wet days over the Sahel, TRMM and GPCP are very199

strongly correlated (>0.99) with CHIRPS and have a normalized standard deviation close to 1 (slightly200

lower than 1 for the precipitation and slightly higher than 1 for the frequency), consistently with the201

fact that TRMM and GPCP indicate a lower frequency of wet days over that area. For the annual202

cycle of the intensity of wet days, TRMM and GPCP display strong correlation (between 0.95 and 0.99)203

and have a normalized standard deviation close to 1(slightly > 1 for GPCP and = 1 for TRMM), again204

consistent with the slightly higher values of that index in GPCP and TRMM noted in Figure 2e.205

In line with the results presented in Figure 2b,d,f, over the Guinean region, the correlation of206

TRMM and GPCP with CHIRPS is stronger on the annual cycle of the mean precipitation and the207

frequency the intensity. The normalized standard deviation is slightly less than 1 on the annual cycle208

of precipitation and frequency of wet days, as TRMM and GPCP indicate a lower frequency of wet209

days than CHIRPS ( Figure 2d).210

In models, except BCC-CSM1 and MRI-CGCM3, the annual cycles of the mean precipitation, of211

the frequency and intensity of wet days correlate well with CHIRPS over the Sahel, confirming the212
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fact that in this area, models are in general able to qualitatively capture the unimodal structure of the213

annual evolution of precipitation (Figure 3a). However, the distribution of values is scattered along214

the standard deviation axis, which indicate how the uncertainties in the amplitude of precipitation215

are important in CMIP5 models over the Sahel. For some models (MPI-ESM-MR, MIROC-ESM,216

CNRM-CM5, MPI-ESM-LR, EC-EARTH, MIROC4h, CanESM2), and for the MMM, the normalized217

standard deviation is close to 1 but some others models display very strong (1.55 for CSIRO-Mk3)218

or weak values (< 0.50 for BCC-CSM1 and MRI-CGCM3). Figure 3a also reveals that over the Sahel,219

uncertainties in total precipitation come from both uncertainties on the intensity and the frequency220

of wet days. Over the Guinean region, Figure 3b shows much weaker correlations compared to the221

Sahel. This is partly due to the poor representation of the bimodal structure of precipitation in the222

CMIP5 models over this region. Regarding the normalized standard deviations values, the distribution223

appears less scattered compared to the Sahel region in agreement with previous conclusions from224

Figure 3a,b. In contrast with the Sahel region, Figure 3b also indicates that over the Guinean region, the225

uncertainties in daily total precipitation dominantly involve those in the frequency of wet days. Most226

models fail to reproduce the frequency of wet days, which also contributes to the poor representation227

of the bimodal structure of precipitation in that area.228

In summary, over both the Sahel and Guinean regions, TRMM, GPCP and CHIRPS datasets229

provide very consistent results on the annual cycle of precipitation but less so on the frequency of wet230

days. Conversely, uncertainties are noted on the intensity of wet days over both areas, but especially231

over the Guinean region. On the other hand, CMIP5 models present very high uncertainties in the232

seasonal cycle of precipitation. Separate analysis of the frequency and intensity of the wet days reveal233

that over the Sahel, the uncertainties are important on both the amplitude of frequency and intensity234

of wet days. It also reveals that over the Guinean region, the difficulty of models to represent the235

bimodal structure of the mean precipitation is dominated by biases in the representation of the annual236

cycle of the frequency of wet days. Finally, it is difficult to conclude regarding the simulation of the237

temporal structure of the annual cycle of the intensity of wet days over the Guinean region, because of238

uncertainties in observational datasets.239

Figure 3. Taylor diagrams of the annual cycle of daily mean rainfall (mm/day), intensity and frequency
of wet days from 1985 to 2004 over the Sahel (left) and the Guinean region (right) for TRMM, GPCP
and 15 CMIP5 models compared to CHIRPS.

3.2. The annual cycle of extreme precipitation indices240

In this section, we focus on the annual cycle of extreme precipitation indices (presented in section241

2) provided by satellite datasets and CMIP5 models (Figure 4).242

First, Figure 4a shows that over the Sahel, the structure of the annual cycle of 5-days CWD is very243

similar in the three satellite datasets, but TRMM and GPCP provide less wet spells than CHIRPS. Over244

the Guinean region, more important differences are noted in observational datasets (Figure 4b) with245
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again less CWD in TRMM and GPCP and a large spread in April-May. Here, satellite datasets display246

a bimodal structure (although less pronounced in TRMM) but with different dates of maxima: the first247

maximum occurs in June according to GPCP and TRMM, one month later than with CHIRPS while248

the second maximum occurs in October according to GPCP and CHIRPS, once month later than with249

TRMM.250

Over the Sahel, most models (MIROC-ESM, MPI-ESM-MR, MPI-ESM-LR, IPSL-CM5A-MR,251

IPSL-CM5A-LR, HadGEM2, EC-EARTH, CCSM4GHG and CSIRO-Mk3) simulate a CWD peak in252

August as observed but with strong uncertainties in the amplitude. Several models fail to represent253

the observed unimodal structure. For instance in EC-EARTH, CanESM2, CNRM-CM5, CCSM4GHG254

and MIROC5 present a multi-peak structure of the annual cycle of CWD. A few models performs255

relatively well for CDD in the Sahel (Figure 4c). However, it is important to note that when a model256

overestimates CDD, it often underestimates CWD and vice versa (this is even more pronounced with257

the finer 0.5x0.5 grid: e.g. MRI-CGCM3 model, which performs the best on wet spells and the worst258

on dry spells; note also the IPSL simulations which provide a reasonable representation of CDD, but259

largely underestimate the mean precipitation Figure A2a,c).260

Over the Guinea region, very high uncertainties are also noted in models (Figure 4b). Most of the261

models represent multi peaks structure for CWD and, even more than in the Sahel, they all largely262

overestimate the magnitude of the CWD (by more than 100% in April-May). For satellite datases,263

mirroring previously noted differences in CWD, CDD are more numerous in TRMM and GPCP than264

in CHIRPS while their annual structure are relativity close. In particular, the three datasets indicate265

an increase of CDD during the little dry season over the Guinean region (Figure 4d). Models are266

unable to capture this peak of CDD observed from July to August (Figure 4d). Finally, the model biases267

noted on CDD are relatively lower than those obtained on CWD over both regions, and appear to be268

relatively less important over the Guinea region than over the Sahel. Therefore, beyond uncertainties269

in observational datasets, CWD appear to be too much numerous in almost all models over the two270

regions.271

For the 95th percentile of daily precipitation, uncertainties are overall stronger than for the272

previous indices in observational datasets as well as in CMIP5 models. It takes values around 16273

mm/day for CHIRPS and 22 mm/day for GPCP and TRMM in August over the Sahel. Only a few274

models (MIROC5, MIROC4h and MPI simulations) perform quite well during the monsoon though275

they performance decrease when considering a finer resolution (Figure A2e).276

Over the Guinean region, as noted for the intensity (Figure 2b), differences between datasets are277

larger prior to the little dry season. Despite these large differences among datasets, it appears that over278

both regions, numerous models underestimate the 95th percentile, i.e. they simulate more wet days279

and CWD, but the intensity and extrema of precipitation are much less than observed.280

Finally, the annual cycle of of the fraction of precipitation accounted by the very wet days R95ptot281

is shown in Figure 4g,h. Its structure, with a minimum during the monsoon season (around 30%),282

is relatively well captured by most models compared to the previous indices (this is not unexpected283

as this index does not involve model biases in the simulation of precipitation). The main differences284

are underestimations of this index in April-May over the Sahel, and during “the little dry” season in285

the Guinean region. Overall, this fraction is relatively small, which suggests that model errors in the286

highest precipitation values cannot explain a large part of the errors in the mean precipitation.287

It is important to note that with a finer grid resolution (0.5◦x0.5◦; Figure A2) a considerable288

decrease (increase) is observed on CWD (CDD, 95th percentile and R95pTOT) in observational289

datasets accompanied with strong uncertainties over the two regions. By contrast in CMIP5 models290

no noticeable change is observed so that model biases considerably increase (even when taking291

uncertainties in observational datasets).292
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Figure 4. Annual cycle of wet spells (a,b), dry spells (c,d), 95th percentile (e,f) and the fraction of
precipitation accounted for by the very wet days (g,h) over the Sahel (Left) and the Guinean region
(right) from 1985 to 2004 in CHIRPS (black), TRMM (blue), GPCP (green) and 15 models CMIP5 and
their ensemble mean (cyan).

Using the Taylor diagrams, these findings have been further quantified (Figure 5). TRMM and293

GPCP are very strongly correlated ( r > 0.95) with CHIRPS and have standard deviations close to294

or equal 1 on the annual cycle of CDD over the two regions. As expected from Figure 4a,b for295

CWD, the correlations between either TRMM or GPCP with CHIRPS and the normalized standard296

deviation are weaker. For CDD, CMIP5 models are weakly correlated with CHIRPS over the Guinean297

region where the normalized standard deviation is closer to 1, meaning that uncertainties in the298

annual structure of that index is less important than over the Sahel. On the other hand, for the CWD,299

distributions along both correlation and standard deviation axes appear highly scattered, pointing300

to the strong uncertainties qualitatively noted over both regions and on both the temporal evolution301

and the occurrence of CWD (Figure 4a,b). Regarding now the 95th percentile and R95PTOT indices,302

their correlations with CHIRPS are higher ( r > 0.90) over both regions, which points to a reasonable303

simulation of the temporal evolution of these indices and contrast with their poor skill in terms of304

standard deviation.305
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Figure 5. Taylor diagrams of wet spells (cyan), dry spells (purple), 95th percentile (orange) and the
fraction of precipitation accounted for by the very wet days (brown) from 1985 to 2004 in the Sahel
(left) and the Guinean region (right) on TRMM, GPCP and 15 CMIP5 models compared to CHIRPS.

3.3. Timing and length of the monsoon season306

As emphasized above, the models do not provide a proper depiction of the annual cycle of307

precipitation and it is important to characterize these differences in more detail. To do so, the start and308

end dates of the wet season are determined using Liebmann method [3].309

Figure 6 shows the daily accumulated precipitation anomalies, the onset, the cessation and half of310

the cumulative precipitation dates from observations and CMIP5 simulations and their MMM over the311

Sahel and the Guinean region. The evaluation is performed with CHIRPS and CMIP5 models for the312

period 1985-2004, and over 2000-2010 for TRMM and GPCP reference datasets.313

Over the Sahel, the mean onset and cessation dates are close in the observational datasets (around314

1 June for the onset and 9 October for the cessation), with differences of less than three days. The315

standard deviation of both dates is on average +/- 7 days for these observational datasets.316

In CMIP5 models, except for MPI and IPSL simulations, the onset occur earlier than in317

observational datasets, by up to several weeks (from 1 May for CCSM4 to 21 May for HadGEM-ES)318

while cessation dates are closer to observed, even though sometimes a bit late in a few models (e.g. 20319

October for BCC-CSM1). Conversely in MPI and IPSL models, the monsoon onset occurs later (from 8320

to 20 June) and the cessation is also slightly later in the year for MPI. Likewise, the onset is too early321

in the MMM while the cessation is closed to observed. Finally, rainfall is not distributed uniformly322

during the monsoon: it rains more during the second half of the monsoon according to CHIRPS and323

TRMM. This characteristic is at least partly captured by most models (Figure 6b).324

Over the Guinean region, there is relatively less agreement in the onset and cessation dates325

obtained from observational datasets (differences reach 10 days); they respectively occur around the326
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first half of April and in late October. These dates correspond to the start of the first season and the327

end of the second season, which are both separated by the little dry season. In our case this dry phase328

is not very pronounced, this is why we can use this method (keeping in mind that it can’t provide329

the intermediate onset and cessation dates over this region). Half of the annual cumulative rainfall is330

recorded around 20 July, which is close to the middle of the monsoon season and indicates that there is331

about as much rainfall during the first and second half of the monsoon season.332

For CMIP5 models, the onset occurs either later (60% of models), from 15 April to 24 June or333

close to observed (40%), while, as previously found over the Sahel, cessation dates are relatively closer334

to observed. In most models, half of the annual cumulative rainfall is recorded during the first half335

of the wet season, a date which varies from 15 July (CSIRO-Mk3) to 11 August (IPSL-CM5A-MR).336

The exact values of these dates can be found in Table A1. Finally, there is a slight length asymmetry337

between the second (shorter) and third (longer) quartile in most models, in qualitative agreement with338

observations.339

(a)

(b)
Figure 6. Daily accumulated-anomalies of precipitation (left) from observations (bold lines) and CMIP5
models simulations and their MMM over the Sahel (a) and the Guinean region (b); averaged over
1985-2004 for CHIRPS and models and over 2000-2010 for TRMM and GPCP. The box plots show the
onset (minimum), the cessation (maximum), the date at which half of the total cumulative precipitation
is recorded (median), as well as the first and third quartiles.

More spatial details are provided by maps of onset and cessation dates over West Africa (Figures340

7, A5, A6). Observational datasets highlight the northward migration of the monsoon. The earlier341
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onset dates occur in the southern part of the domain around late March/early April, consistently with342

the results of Dunning [2] and Thorncroft [50] over the Guinean coast. Further north, from 10 to 15◦N343

and 10◦W to 10◦E, the onset dates increase from 4 May to 15 June. In Senegal, close to the coast, onset344

dates also display a South-West/East-North gradient and the later onset dates occur in north-west345

Senegal by up to end of June. These results are fully consistent with Liebmann [3] and Dunning [2].346

Various methods can be used to determine onset dates (e.g. Fitztpatrick [51], Bombardi [52]) and they347

lead to different results. For instance, our onset dates are typically earlier than in Marteau [53], by up348

to a month in some areas (this difference is in the same range as found by Bombardi [52], their Figure349

5).350

The southward progression from 17◦ to 7◦N of the cessation dates with a slight West-North351

East-South tilt, is well defined in observational datasets. Consistently with Liebmann [3], the earlier352

dates found close to the southernmost coast of West Africa correspond to the end of the first wet season.353

In this area, the method becomes of limited value as it does not inform on the cessation date of the354

second wet season (cf. Liebmann [3], their Figure 7b).355

The MMM is able to well reproduce the northward shift of the onset dates and the southward356

progression of cessation dates, including their distinct tilts (Figure 7). By contrast only a few models357

(MPI simulations, EC-EARTH and MIROC-ESM) are able to capture these spatial structures (Figure358

A5). These models display a reasonable pattern over Western Sahel, with in particular later onset359

dates. Consistently with Figure 6, the MMM display too late onset dates (by up to one month over360

north-west Senegal) and an eastward shift of its earlier dates compared to CHIRPS. The standard361

deviation is minimum over Central Sahel where it however still amount to more than 10 days. By362

contrast, most models are able to capture the southward of the cessation dates over West Africa with363

typical differences around seven days. The MMM is relatively close to observations, except South364

of 7◦N. More generally, Models compare much better to observations over West Africa with weaker365

standard deviation (Figure 7b).366

In summary, observational datasets show a good agreement in their determination of the onset367

and cessation dates of the rainy season over the two regions. These results are very consistent with368

the results of Liebmann [3] as well as those of Dunning [2] who found good correlations (around 0.88369

to 0.91) of the onset and cessation dates provided by satellite datasets over Africa using this method.370

CMIP5 models often provide too early/late onset and/or too late cessation dates over the two regions371

meaning that most models overestimate the precipitation during the early and late monsoon, a result372

which is also consistent with Seth [54].The MMM provide a reasonable pattern of onset and cessation373

dates over the Sahel and an eastward shift of onset dates over the Guinean region.374
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Figure 7. Mean onset and cessation dates in CHIRPS (first column) and MMM (second column) as well
as the associated standard deviation in models (third column).
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3.4. Annual-mean precipitation over the Sahelian and Guinean regions375

Over West Africa, errors in the simulation of the latitudinal position of the ITCZ is a primary376

source of precipitation biases (e.g. [55]), and can be associated with compensating errors between the377

Sahel and Guinean regions. For instance, if the ITCZ is located too much to the South, it can lead to an378

underestimation of precipitation amounts over the Sahel and potentially to an overestimation over the379

Guinean zone. This issue is investigated in more details here, via an analysis of the ITCZ latitude and380

width using a 0.5◦x0.5◦ grid resolution.381

Figure 8a illustrates the monthly-mean latitude centre of the ITCZ band over west Africa and382

8b its June to September (JAS) mean latitude and the width for observational datasets and CMIP5383

outputs. During the full monsoon (JAS), CHIRPS and TRMM indicate a similar position around 9◦N,384

while it is shifted southward (by about 1◦) with GPCP. This difference is also obvious for the JAS-mean385

of that metric, while the width is about 5◦ in all observations. In most CMIP5 simulations, the ITCZ386

position is too far to the south (6-8◦N) during the core of monsoon and too far to the north during387

January-March. Only two models, MIROC5 and MIROC4h, display a position of the ITCZ close to388

observed datasets during the core of the monsoon and only one, CSIRO-Mk3 shows a northward biais389

of the ITCZ latitude from January to December (More details can be found in Figure A3 showing390

time-latitude Hovmöller diagram of precipitation).391

The differences between the observed and simulated width of the ITCZ band are relatively weak.392

Thus, biases in the latitude and width of the ITCZ may appear relatively small in most models (given393

their grid size). However, we find that monthly-mean precipitation over the Sahel, the Guinean394

region and the west Africa are all very strongly correlated to the monthly-mean ITCZ latitude in both395

models and observations. Thus, models who display a southernmost shift of the ITCZ underestimate396

precipitation amount over the Sahel.397

Most models do not precipitate enough over the Sahel. The strong correlation between JAS biases398

in the ITCZ and Sahel precipitation (R=0.92 see Figure A5) shows that this negative precipitation bias399

is associated with models that place the ITCZ too far to the south. Previous studies have shown that400

CMIP5 models also have a southward bias in the Saharan heat low (SHL) which is associated with401

less precipitation across the Sahel [56], and that changes in global energy transport can alter Sahel402

precipitation and shift both the ITCZ and SHL [57]. This result is also consistent with results from403

Roehrig [37] where a southward bias in the ITCZ in CMIP5 historical simulations (compared to AMIP404

simulations) was associated with a positive SST bias in the Guinean Gulf.405

We can also separate the impact of latitudinal ITCZ biases from biases in its amplitude by406

comparing the precipitation bias in both the Sahel and Guinaean regions and seeing if there is a407

corresponding shift in bias between the regions. Table 2 compares the annual mean precipitation and408

the biases (differences are computed with respect to CHIRPS) over both regions and over "West Africa"409

(defined here as the ensemble of the two regions).410
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Figure 8. Monthly mean of the latitude of the centre of the ITCZ band over West Africa (a) and the JAS
mean of the latitude of the centre and the width of the ITCZ (b). r in legend indicate the correlation
between the monthly mean precipitation and latitude of the centre of the ITCZ. For each box plot, the
distance from minimum to maximum represent the width and the median is the ITCZ position.

In agreement with previous results, the differences between the observational datasets are weak.411

TRMM and GPCP indicate slightly more precipitation over the Sahel (+33 mm and +75 mm respectively)412

and slightly less over the Guinean region (-84 mm and -55 mm respectively), leading to slightly more413

precipitation over West Africa (+9 mm and +48 mm respectively). The differences remain below 10%414

except between CHIRPS and GPCP over the Sahel (+11%), but they indicate compensations between415

the Sahel and the Guinean region which narrow the range of differences when considering West Africa416

as a whole. Table 2 also indicates that, it rains about twice more in the Guinean region compared to the417

Sahel. Differences are more important in CMIP5 models, and vary from -426 mm (BCC-CSM1-1-M)418

to +590 mm (CSIRO-Mk3) over the Sahel. Despite this additional unrealistic source of precipitation,419

on an annual-mean basis, more models display a negative bias over the Sahel (which represents -1 to420

-64% of CHIRPS annual rainfall). Conversely over the Guinean region, models’ biases are dominantly421

positive and represent +5 to +63% (+76 mm to +943 mm) of CHIRPS annual rainfall excepted for422

MRI-CGCM3 (-400 mm), HadGEM2-ES (-271 mm), BCC-CSM1-1-M (-273 mm) and IPSL-CM5A-MR423

(-37 mm). However, on a model-by-model basis, we do not find many cases of underestimation424

over the Sahel combined with an overestimation over the Guinean region (see also Figure A4 and425

Figure A7). Rather, in 66% of the models, it rains either too much or not enough over both regions,426

which points to a primary bias in the simulation of the West African rainfall (rather than biases in its427

latitudinal distribution), where about half of the models overestimates precipitation and the other half428

underestimates it.429

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 December 2019                   doi:10.20944/preprints201912.0222.v1

Peer-reviewed version available at Atmosphere 2020, 11, 216; doi:10.3390/atmos11020216

https://doi.org/10.20944/preprints201912.0222.v1
https://doi.org/10.3390/atmos11020216


Table 2. Annual cumulative precipitation (mm) and precipitation difference (in mm and percentage)
between CHIRPS and GPCP, TRMM, CMIP5 model’s simulations and their multi-model mean over the
Sahel, Guinean region and West Africa averaged over the period 1985-2004 for CHIRPS and models
and over the period 2000-2010 for GPCP and TRMM.

Sahel Guinean region West Africa
CHIRPS 667 1488 837
GPCP +75 (+11 %) -55 (-4 %) +48 (+6 %)
TRMM +33 (+5 %) -84 (-6 %) +9 (+1 %)
BCC-CSM1-1-M -426 (-64 %) -273 (-18 %) -394 (-47 %)
CanESM2 -23 (-3 %) +87 (+6 %) 0 (0 %)
CCSM4 -64 (-10 %) +105 (+7 %) -29 (-3 %)
CNRM-CM5 +25 (+4 %) +411 (+28 %) +105 (+13 %)
CSIRO-Mk3-6-0 +590 (+88 %) +285 (+19 %) +527 (+63 %)
EC-EARTH +194 (+29 %) +114 (+8 %) +177 (+21 %)
HadGEM2-ES -351 (-53 %) -271 (-18 %) -334 (-40 %)
IPSL-CM5A-LR -343 (-51 %) +83 (+6 %) -255 (-30 %)
IPSL-CM5A-MR -379 (-57 %) -37 (-2 %) -308 (-37 %)
MIROC-ESM -49 (-7 %) +502 (+34 %) +65 (+8 %)
MIROC4h +227 (+34 %) +554 (+37 %) +295 (+35 %)
MIROC5 +498 (+75 %) +943 (+63 %) +590 (+70 %)
MPI-ESM-LR -68 (-10 %) +98 (+7 %) -34 (4 %)
MPI-ESM-MR -8 (-1 %) +76 (+5 %) +9 (+1 %)
MRI-CGCM3 -400 (-60 %) -344 (-23 %) -388 (-46 %)
ensmean -30 (-4 %) +153 (+10 %) +8 (+1 %)

4. Conclusions and perspectives430

This study highlights how CMIP5 models represent the annual cycle of rainfall characteristics431

over West Africa, focusing on the timing of the monsoon season (onset, cessation), the frequency432

and intensity of daily rainfall, and indices for extreme precipitation such as the 95th percentile of433

precipitation and consecutive wet and dry days, in addition to monthly-mean rainfall. These analyses434

have been conducted for both the Sahel and the Guinean regions which display distinct annual cycles435

and precipitation climatologies. A subset of 15 historical CMIP5 simulations has been evaluated using436

three observational datasets (CHIRPS, TRMM and GPCP) over a 24-year period for CHIRPS and437

11-year period for TRMM and GPCP).438

Over both regions, CHIRPS, TRMM, and GPCP are found to agree in their depiction of the439

annual cycle of the mean precipitation and, to a lesser extent, of the frequency of wet days. However,440

they provide quite distinct structures of the annual cycle of the intensity of wet days, especially over441

the Guinean region. This lack of agreement in satellite datasets also concerns the 95th percentile of442

precipitation or the CWD. This result suggests that further analyses of in-situ precipitation data are443

needed so as to provide more advanced and valuable observational diagnostics for future model444

evaluation. Indeed, the magnitude of extreme daily precipitation provided by these satellite datasets445

can fluctuate by up to 100% during the core monsoon in the Sahel, and distinct structures of the annual446

cycle of this index are found over the Guinean region with these datasets. Despite their limitations,447

these datasets were nevertheless quite useful for evaluating several aspects of the annual cycle of448

precipitation and precipitation indices in CMIP5 models, mainly because numerous biases in models449

were much larger than the spread obtained with satellite datasets.450

The performances of the models in simulating the structure of the annual cycle are better over451

the Sahel than the Guinean region. They are generally able to reproduce the August peak, whereas452

for the Guinean region only three models display a bimodal structure but with offset dates of their453

maxima. In terms of amplitude, strong uncertainties in both areas (relatively more pronounced in454

the Sahel) have been found in the mean precipitation annual cycle, and for most models, these biases455

generally do not compensate each other when considering precipitation over West Africa, with 66% of456

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 December 2019                   doi:10.20944/preprints201912.0222.v1

Peer-reviewed version available at Atmosphere 2020, 11, 216; doi:10.3390/atmos11020216

https://doi.org/10.20944/preprints201912.0222.v1
https://doi.org/10.3390/atmos11020216


the models raining either too much or not enough over both regions. The analysis of intensity and457

frequency of wet days reveals that over the Guinean area, the uncertainty on total daily precipitation458

strongly involves the uncertainty associated with the frequency of wet days, whereas in the Sahel,459

both uncertainties in intensity and frequency are equally important. It must be noted however that460

models tend to always reproduce higher frequencies than observed, even when they underestimate the461

mean precipitation amount (indeed, it rains 40-50% more in models than in satellite datasets over the462

Guinean region and this bias obtained for a 2.5◦x2.5◦ grid substantially increases at finer resolution).463

We found strong uncertainties in the representation of the wet and dry spells (CWD and CDD)464

over both study areas. Conversely for R95 and R95PTOT, the uncertainties in the annual structure of465

theses indices in CMIP5 models appear somewhat weaker in Taylor diagrams, but the magnitude of466

the R95 is largely underestimated in most models. However, as the contribution of extreme rainfall to467

the total precipitation is relatively limited (less than 30% during the core monsoon season according468

to satellite data), the strong uncertainties found on the annual cycle of the intensity and frequency of469

wet days seem to be associated with errors on either the intensity and frequency of the low and/or470

moderate daily rainfall events rather than the extreme daily events. We also found that the annual471

cycles of precipitation and several precipitation indices are generally very highly correlated (e.g. R95)472

in both satellite datasets and models. This results points to the importance of a good simulation of the473

climatological annual cycle of precipitation, and also suggests that its improvement requires advances474

in the representation of both the intensity and frequency of daily rainfall in models.475

Finally, biases in the latitude of the ITCZ were shown to be connected to biases in precipitation476

across West African in the annual mean. In JAS, these ITCZ biases are strongly connected to477

precipitation biases in the Sahel, but not for the Guinean area. This suggests that better representing478

regional and global controls on the ITCZ can help reproduce biases in Sahel precipitation characteristics.479

This study has highlighted the complexity of the representation of daily rainfall characteristics in480

climate models and how it translates into large biases at regional scale, which are likely to feedback on481

the monsoon dynamics [58]. From a smaller scale perspective, we found that, from one precipitation482

index to another, and according to the area, the uncertainties change dramatically. It is therefore483

important for each metric to identify the nature of these uncertainties for impacts studies. Finally, we484

argue that further studies are necessary in order to understand whether and how these precipitation485

biases are translated into future projections with climate models over West Africa, in particular shifts486

in the monsoon season, and changes in mean and extreme precipitation amounts. The methodology487

and results presented here will provide useful for upcoming CMIP6 analyses.488
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WAM West African Monsoon
AEJ African Easterly Jet
AEWs African easterly waves
ITCZ Inter-tropical Convergence Zone
MJO Madden Julian Oscillation
IPCC Intergovernmental Panel on Climate Change
RCP Representative Concentration Pathways
CMIP5 Coupled Model Intercomparison Project phase 5
GHG Greenhouse Gas
ETCCDI Expert Team on Climate Change Detection and Indices
SDII Simple daily intensity index
CDD Consecutive Dry Days
CWD Consecutive Wet Days
CHIRPS Climate Hazards Group Infrared Precipitation with Station
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Appendix A499

Figure A1. Same as Figure 2 but with a finer grid resolution: 0.5◦x0.5◦ .

Figure A2. Same as Figure 4 but with a finer grid resolution: 0.5◦x0.5◦ .
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Figure A3. Hovmuller diagrams of monthly precipitation averaged over 20W-25E for CHIRPS , TRMM
and GPCP (first line) and 15 CMIP5 outputs.

Figure A4. CMIP5 models bias with CHIRPS on Hovmuller diagrams.
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Figure A5. Mean onset dates over West Africa in CHIRPS, TRMM, GPCP and CMIP5 models outputs.
The grey shaded area represent ignored domain.

Figure A6. Mean cessation dates over West Africa in CHIRPS, TRMM, GPCP and CMIP5 models
outputs. The grey shaded area represent ignored domain.
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Figure A7. Relation between the bias of July-September-mean precipitation and the bias of
July-September-mean ITCZ position.

Table A1. Mean onset and cessation dates (in day of the year) in CHIRPS, GPCP, TRMM and CMIP5
model’s simulations and their MMM over the Sahel and Guinean region averaged over 1985-2004 for
CHIRPS and models and over 2000-2010 for GPCP and TRMM.

Sahel Guinean region
Datasets Onset Cessation Onset Cessation
CHIRPS 152 280 105 299
GPCP 150 283 97 303
TRMM 152 283 101 297
MMM 142 283 125 277
BCC-CSM1-1-M 140 294 153 282
CanESM2 125 276 108 293
CCSM4 121 281 107 294
CNRM-CM5 140 286 121 293
CSIRO-Mk3-6-0 141 291 105 306
EC-EARTH 128 282 99 293
HadGEM2-ES 141 265 141 265
IPSL-CM5A-LR 165 285 165 285
IPSL-CM5A-MR 171 284 174 282
MIROC-ESM 131 278 93 288
MIROC4h 134 280 107 301
MIROC5 140 286 97 305
MPI-ESM-LR 158 288 134 296
MPI-ESM-MR 160 290 134 298
MRI-CGCM3 135 277 141 272

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 December 2019                   doi:10.20944/preprints201912.0222.v1

Peer-reviewed version available at Atmosphere 2020, 11, 216; doi:10.3390/atmos11020216

https://doi.org/10.20944/preprints201912.0222.v1
https://doi.org/10.3390/atmos11020216


Table A2. Correlations between the annual cycle of mean precipitation and the frequency of daily
precipitation events (RFREQ), the mean intensity of daily precipitation events (RSDII), the cumulative
dry (RCDD) and wet (RCWD) days, the 95th percentile of daily precipitation events (RR95) and the
contribution of very wet days (above R95) to total precipitation (RR95PTOT) for the Sahel (left) and
Guinean region (right) in observations and models. For p-values higher than 0.01, the correlation is
written in grey. All correlation higher than 0.95 are in bold.

Observations 
and

CMIP5 models

Sahel  Guinean region

RFREQ RSDII RCDD RCWD RR95 RR95PTOT RFREQ RSDII RCDD RCWD RR95 RR95PTOT

CHIRPS 0.97 0.99 -0.95 0.99 1.00 -0.85 0.88 0.96 -0.88 0.87 0.99 -0.83

GPCP 0.98 0.98 -0.94 0.98 1.00 -0.93 0.97 0.98 -0.95 0.96 0.99 -0.91

TRMM 0.99 0.97 -0.88 0.97 1.00 -0.91 0.98 0.95 -0.96 0.90 0.99 -0.94

bcc-csm1-1-m 1.00 0.87 -0.63 0.98 1.00 -0.94 0.91 0.98 -0.90 0.81 0.95 -0.49

CanESM2_GG 0.96 0.99 -0.86 0.90 1.00 0.28 0.91 0.99 -0.93 0.88 0.97 -0.71

CCSM4_GG 0.98 0.96 -0.84 0.98 1.00 -0.89 0.98 0.99 -0.97 0.93 1.00 -0.85

CNRM-CM5 0.98 0.99 -0.95 0.98 1.00 -0.80 0.92 0.99 -0.92 0.81 0.98 -0.60

CSIRO-Mk3-6-0 0.99 0.99 -0.96 0.99 0.99 -0.90 0.96 1.00 -0.97 0.91 0.99 -0.84

EC-EARTH 0.98 0.99 -0.90 0.98 1.00 -0.85 0.98 1.00 -0.97 0.92 1.00 -0.88

HadGEM2-ES 0.97 0.97 -0.94 0.96 1.00 -0.79 0.91 0.99 -0.90 0.82 1.00 -0.79

IPSL-CM5A-LR 0.97 0.98 -0.92 0.96 0.99 0.33 0.90 0.99 -0.91 0.73 0.99 -0.76

IPSL-CM5A-MR 0.98 0.32 -0.94 0.97 1.00 0.32 0.93 0.99 -0.93 0.77 0.98 -0.75

MIROC4h 0.97 0.99 -0.68 0.98 1.00 -0.84 0.99 0.97 -0.99 0.97 0.99 -0.92

MIROC5 0.92 1.00 -0.95 0.89 1.00 -0.76 0.89 0.99 -0.91 0.83 0.98 -0.75

MIROC-ESM 0.97 0.98 -0.39 0.93 0.99 -0.86 0.98 1.00 -0.94 0.94 0.99 -0.86

MPI-ESM-LR 0.99 0.97 -0.88 0.99 1.00 -0.86 0.97 0.99 -0.95 0.98 0.99 0.38

MPI-ESM-MR 0.98 0.96 -0.84 0.99 1.00 0.25 0.98 0.99 -0.96 0.99 0.99 -0.87

MRI-CGCM3 1.00 0.88 -0.20 0.99 1.00 -0.94 0.99 0.99 -0.96 0.99 1.00 -0.88

Table S1: Correlations between the annual cycle of mean precipitation and the frequency of daily precipitation events (R FREQ), the mean
intensity of daily precipitation events (RSDII), the cumulative dry (RCDD) and wet (RCWD) days, the 95th percentile of daily precipitation events
(RR95) and the contribution of very wet days (above R95) to total precipitation (R R95PTOT) for the Sahel (left) and Guinean region (right) in
observations and models. For p-values higher than 0.01, the correlation is written in grey. All correlation higher than 0.95 are in bold.  
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