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Abstract: Reanalysis products are often taken as an alternative solution to observational weather and
climate data due to availability and accessibility problems, particularly in data-sparse regions such
as Africa. Proper evaluation of their strengths and weaknesses, however, should not be overlooked.
The aim of this study was to evaluate the performance of ERA5 reanalysis and to document the
progress made compared to ERA-interim for the fields of near-surface temperature and precipitation
over Africa. Results show that in ERA5 the climatological biases in temperature and precipitation are
clearly reduced and the representation of inter-annual variability is improved over most of Africa.
However, both reanalysis products performed less well in terms of capturing the observed long-term
trends, despite a slightly better performance of ERA5 over ERA-interim. Further regional analysis
over East Africa shows that the representation of the annual cycle of precipitation is substantially
improved in ERA5 by reducing the wet bias during the rainy season. The spatial distribution of
precipitation during extreme years is also better represented in ERA5. While ERA5 has improved
much in comparison to its predecessor, there is still demand for improved products with even higher
resolution and accuracy to satisfy impact-based studies, such as in agriculture and water resources.
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1. Introduction

According to the fifth Intergovernmental Panel on Climate Change (IPCC) report, Africa is one of
the most vulnerable continents due to its high exposure to climate risks as well at its low adaptive
capacity [1]. In particular East Africa, where the majority of the countries are highly dependent on
rain-fed agriculture and have a high level of poverty and a low level of education, is vulnerable to
climate change and climate extremes [2–4]. The region is already experiencing droughts and floods
that have substantial socio-economic impacts [5] leading to serious food insecurity and resource-based
conflicts. The IPCC’s fifth report indicated that future climate change will lead to an increase in climate
variability and in the frequency and intensity of extreme events in the region [1]. Decisions about
climate and climate change are complex, costly, and have long-term implications, and it is essential that
such decisions are based on the best available evidence [5]. In this regard, reliable climate information
is the basis for developing a climate-resilient system and intervention mechanisms to minimize the
vulnerability of the region to various climatic risks.

Reliable and decision-relevant climate data at a national and local level are needed on all weather
and climate time scales. For instance, the assessment of climate-related baseline risks, early warning
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systems, and science-informed adaptation and mitigation planning to climate change in Africa all
depend on available data [6]. Such climate data have to fulfill various requirements. Statistical
forecast models and early warning systems need near-real time data as model input. For assessing
long-term climatic changes and trends, identifying the seasonality of climate or crop cycles, assessing
historical impacts, and providing a reference against which to compare current and anticipated climate
conditions, data with a long record are necessary. In order to use climate models for future projections,
the model simulations of the historical climate have to be assessed and validated against reliable
observational data with a good spatial coverage to understand the skill and uncertainty of the models.
For any investigation of extreme events, climate data with a high temporal resolution are needed.
The overall demand for any application of climate data is that the data have high-spatial resolution
and accuracy. In summary, there is a demand for very accurate climate data with high spatial and
temporal resolution published in near-real time and covering several decades. These requirements are
particularly difficult to meet in a region like the African continent, where the network of meteorological
stations is sparse due to the number of weather stations as well as the uneven distribution of weather
stations (not many stations in rural areas), which leads to serious gaps in observations [1,7].

In the last decade a variety of high-resolution precipitation products, which combine satellite
data and in situ measurements, has become available. Data products like the Tropical Applications
of Meteorology using SATellite and ground-based observations (TAMSAT) rainfall estimate [8] and
the African Rainfall Climatology version 2 (ARC2) [9] have been developed specially for the African
continent. However, a recent study by Dinku et al. [10] has shown that the semi-global Climate
Hazards Group (CHG) InfraRed Precipitation with Stations data (CHIRPS) [11] captured the East
African precipitation better.

By contrast, temperature datasets have been less in the spotlight, despite the fact that temperature
plays a key role in modulating surface hydrology and the severity of droughts (see, e.g., SPEI—the
Standardized Precipitation-Evapotranspiration Index). Furthermore, even recent temperature products
like the Climatic Research Unit (CRU) Time-Series (TS) Version 4 (CRU TS4.02)) [12], Climatic
Research Unit TEMperature, version 4 (CRUTEM4) [13], the NASA GISS Surface Temperature Analysis
(GISTEMP) [14], NOAA MLOST [15] or UDEL [16] are spatially and temporally coarser than the
precipitation counter parts.

A convenient solution for these limitations is reanalysis data. Reanalysis products provide
comprehensive and coherent climate datasets to overcome these data limitations. Reanalysis data is
produced by combining forecast model estimates with observations via data assimilation, therefore
providing optimized global estimates of climate data without spatial or temporal gaps. However,
the accuracy of reanalysis data varies strongly between regions and variables [17,18]. In regions with
few observations or complex terrain, reanalysis products may suffer from large biasses [19–22] and
some variables like precipitation are purely forecasted with no observational input [23,24]. Therefore,
temperature data are generally more reliable than precipitation data [17,19]. While precipitation is the
most important climate variable to directly affect humans according to the WMO [25], the sub-grid
processes determining precipitation have to be parametrized and make it a difficult variable to
model [26,27].

Several studies have been conducted to assess the performance of reanalysis datasets over Africa,
in particular for precipitation. Generally it was found that the seasonality of precipitation is captured
well in the reanalysis products [28–30], but temporal and spatial correlation with observations is low
in many regions of East Africa [28,29,31,32]. Additionally, local biasses are present in all reanalysis
datasets. For instance, NCEP/NCAR, ERA-40 and ERA-interim reanalyses all tend to overestimate
precipitation in the Ethiopian highlands [21,28–30].

These studies evaluated the previous generation of reanalyses and payed less attention to the
temperature reanalysis product. In 2019, ECMWF published the first completed version ERA5 [33],
the successor of ERA-interim. It provides hourly data with a 0.25◦ spatial resolution from 1979
to near-real time and is easy to access via Copernicus’ Climate Data Store. Therefore it offers the



Atmosphere 2020, 11, 996 3 of 19

opportunity for a wide range of applications, not only for research but also for operational use.
In particular in lesser developed countries, the ease of access plays an important role when choosing
suitable climate data. ERA5 underwent some substantial changes in the assimilation system in terms
of the model as well as the included observation data from its predecessor ERA-interim, and first
evaluation studies have shown its improvements in terms of surface energy fluxes [34], surface
irradiance [35], and surface climate in North America [36,37]. These results are encouraging, suggesting
that also the African climate representation may have improved in ERA5 reanalysis. A comprehensive
evaluation of temperature and precipitation, which are the most widely used climate variables, in terms
of reproducing the temporal and spatial variability as well as the observed long-term trend is necessary
to judge the reliability of the data for African climate research and operational use.

The goals of this study were to assess the climatology, the long-term trend, and the inter-annual
variability across the different generations of ECMWF reanalysis datasets over Africa. Further
investigation on the performance of the reanalysis during extreme wet and dry years will also be
carried out on a regional scale.

The rest of the paper is arranged as follows: Section 2 describes the datasets and methods used in
this study. The performance of reanalysis at the continental, regional, and country scales is discussed
in Section 3. Finally, the summary and conclusions are provided in Section 4.

2. Data and Study Approach

2.1. Study Region

Although the focus of our study is on East Africa, validation of the reanalysis datasets in
representing the climatology, the long term trend, and their inter-annual variability was carried
out for the entire African continent. This allowed us to assess the performance of the reanalysis
products over East Africa in comparison to the rest of the continent. The detailed regional and local
analysis was limited to the East Africa region from 25◦ E to 50◦ E and 13◦ S to 17◦ N (Figure 1).

East Africa has a complex topography from low coastal areas up to peaks of 4500 m above sea
level (Figure 1). It includes a multitude of climatic regions of tropical, arid, and moderate characters,
with very different temperature and precipitation conditions [38]. The northern parts of east Africa
experience the “long rains” during the northern hemisphere summer season (June to September) and
the “short rains” during spring (February–May). In most of Equatorial East Africa, the prevailing
two rainy seasons are the “long rains” in March–May and the “short rains” in October to December.
While this bimodal precipitation pattern was classically explained by the north–south migration of the
Inter Tropical Convergence Zone (ITCZ), more recent studies attributed it to a complex interaction of
sea surface temperature pattern and low-level winds [39,40].

The complexity of the terrain, the frequent presence of heavy cloud cover, which complicates
satellite measurements of surface conditions [41], and the sparsity of in situ observations make East
Africa a particularly challenging region for climate data. Observational precipitation datasets show
large discrepancies [8,42–44] and previous reanalysis products have been found to perform poorly
in East Africa with regard to rainfall [21]. As the climate of East Africa is particularly challenging
to capture with reanalysis data, the region provides a great opportunity to evaluate the quality
improvements from ERA-interim to ERA5.

Our particular focus in this paper is the evaluation of ERA5 in the four focus countries of
the CGIAR (Consultative Group on International Agricultural Research) research program CCAFS
(Climate Change, Agriculture and Food Security), namely Ethiopia, Tanzania, Uganda, and Kenya.
These countries are also included in the East African study region.
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Figure 1. Topography in the study region of East Africa (25◦ E to 50◦ E and 13◦ S to 17◦ N).

2.2. ERA5 and ERA-interim Reanalysis Data

The two reanalysis datasets we compare in this paper, ERA-interim and ERA5, are the two most
recent reanalysis products of the European Center for Medium-Range Weather Forecasts (ECMWF),
which are produced by combining a numerical weather prediction model with observational data from
satellites and ground observations. ERA-interim was introduced in 2007 [45,46] and provided daily
climate information until August 2019. Since 2019 it was replaced by ERA5 [33], which provides hourly
meteorological conditions back to 1979 and is expected to be extended back to 1950. Both versions
of the ECMWF reanalysis are based on the Integrated Forecasting System (IFS) and include a
four-dimensional variational analysis (4D-Var). There are several substantial differences between the
two datasets, concerning the forecast model, the observational input, and the estimation of uncertainty.
ERA5 is run with the version Cy41r2 of IFS, in comparison to the Cy31r2 version of ERA-interim.
Therefore ERA5 data is available in higher spatial as well as temporal resolution. ERA5 data is available
on a 0.25◦ grid with hourly intervals, while ERA-interim data is available on a 0.75◦ grid with 6 h
intervals. Additionally, the vertical resolution increased from 60 levels in ERA-interim to 137 levels in
ERA5 [33,47]. The number of observational datasets that serve as input for the assimilation system
was increased and a major difference is the consideration of satellite estimates of precipitation in ERA5.
ERA-interim did not include an estimation of the uncertainty of the data, while ERA5 includes such an
estimate based on a 10-member ensemble run with 63 km resolution. While the ERA-interim product
started in 1979, ERA5 is planned to cover 1950 to near-real time.

2.3. Observational Data for Evaluation

Ideally, an evaluation of a reanalysis product would be based on a comparison to in situ
observations. As station data are scarce and often unevenly distributed in Africa, we relyed on
gridded observational datasets as a best estimate of the truth.

For near-surface temperature observations we used the high-resolution data Climatic Research
Unit (CRU) Time-Series (TS) version 4.02 (CRU TS4.02) [12]. This station-based gridded dataset is
produced by angular-distance weighting interpolation of station observations onto a 0.5◦ grid [7].
The dataset is available from 1901 to 2017 on a monthly time scale. CRU temperature is widely used and
have also been applied for correcting reanalysis data in order to apply them to impact modeling [48].
We regridded the data onto the 0.75◦ ERA-interim grid. As CRU is a purely station-based dataset,
the reliability of CRU temperature varies spatially, due to station sparsity. In Africa, the station
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coverage is lowest in the region of Northern Namibia/Southern Angola, but also in East Africa some
regions have low station density (Figure 2).

For precipitation observations we used the Climate Hazards Group InfraRed Precipitation with
Stations version 2 (CHIRPS V2.0) [11]. CHIRPS combines a variety of satellite products and in situ
observations. The dataset is available in a 0.05◦ and a 0.25◦ spatial and a daily temporal resolution
from 1981 until today. CHIRPS has been shown to perform well over Eastern Africa [10,31,49].

Figure 2. Average number of stations used per timestep in the interpolation of CRU (Climatic
Research Unit) TS4.02 near-surface temperature from 1981 to 2017. Eight is the maximum number of
stations used.

2.4. Methodology

For this study, we used average near-surface (2 meter) temperature data and total precipitation
from 1981 to 2017. In order to compare the datasets of different spatial resolutions, we conducted this
study on the coarsest spatial resolution, which is ERA-interim with 0.75◦, by regridding all data onto
the ERA-interim grid using first-order conservative remapping.

Similarly, for comparison purposes, both reanalysis products and validation datasets were
aggregated to the monthly time scale, as CRU temperature is only available as monthly means.
Correlations were calculated based on monthly means for both temperature and precipitation.
The trends were calculated based on annual mean (temperature) and annual sums (precipitation) and
the East African precipitation cycle was also based on monthly means. The country level analysis was
also based on the absolute monthly means, not removing any variability modes such as trends or the
annual cycle, as we are interested in the performance of the data including all variability. This option
was chosen with regard to the application of reanalysis data for impact studies, where absolute values
are needed.

Significance was tested using the scipy python suite. In particular, we applied a t-test for the means
of two independent samples to the annual means/sums to test the significance of the bias, while the
significance of the correlations as well as the trends was based on a Wald test with t-distribution.

3. Results and Discussion

3.1. All-Africa Evaluation

3.1.1. Spatial and Temporal Variability of Temperature and Precipitation

While the focus of our study is on East Africa, we assessed the spatial and temporal variability
of temperature and precipitation in the two reanalysis datasets as well as the trends over all of
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Africa to allow for comparison with the rest of the continent. Figure 3 shows the spatial distribution
of the near-surface temperature of CRU and the difference between the reanalyses (Era-interim
and ERA5) and observations (CRU). Observations show the highest mean temperatures over the
Sahara reaching up to 32 ◦C. The lowest mean temperatures occur over Southern Africa and over
the Ethiopian highlands. Both reanalysis datasets capture the overall temperature distribution well
(not shown), which is reflected in the strong pattern correlation between the reanalysis and CRU.
The pattern correlation improved from 0.91 for ERA-interim to 0.97 for ERA5 (significant at the 99%
level). ERA-interim exhibits a substantial bias in near-surface temperature over large parts of the
continent. The strongest bias is the distinct warm bias in Northwest Africa and the Sahara of up to
5 ◦C. In addition, around the western border of Namibia and Angola there is a strong warm bias,
but as this region has the minimum of CRU stations, there is some uncertainty in the observations.
By contrast, there is a pronounced cold bias of up to 2 ◦C in Western Equatorial Africa and along most
of the East African coast. The reduction of the bias from ERA-interim to ERA5 is striking, as in most of
the continent the near-surface temperature bias is less than 1.5 ◦C. In particular, the strong warm bias
in the Northwest is reduced to less than 1 ◦C in most of the region. The cold bias in Western Equatorial
Africa is even reduced to less than half a degree. Our focus region of East Africa show only weak and
patchy differences between ERA5 and observations. However, some small regions still display biases
of more than 1.5 ◦C, such as the cold bias in the borderlands of Egypt, Sudan, Libya, and Chad and the
warm bias at the coastal borderlands of Namibia and Angola.

Temporal correlation between monthly mean temperature of reanalysis with observation show a
latitudinal dependence (Figure 4). While the correlation over Northern and Southern Africa is higher
than 0.95 for both reanalyses, it is lower towards central Africa from both hemispheres. In the region of
northwest Angola and the west of the Democratic Republic of Congo the correlation is even negative.
It must be noted that this region also overlaps with the most data-sparse region over Africa [50],
in which there exists a large uncertainty among observational datasets [51]. With the exception of
a small region in Ethiopia, the correlation of ERA5 with observations increased from ERA-interim.
In particular at the northern coast of Angola the correlation improved from negative to more than 0.8.

The mean rainfall distribution on the African continent show a very dry Sahara and Northern
Africa and maximum rainfall rates around Equatorial Central Africa and over the regions of the West
African monsoon (Figure 5a). We masked deserts (<250 mm of annual rainfall) in these figures, as the
relative bias in these regions is disproportionally large. Both reanalysis datasets reproduce the spatial
distribution of observed rainfall well (not shown) and the pattern correlation improved from 0.94
for ERA-interim to 0.96 for ERA5 (significant at the 99% level). In ERA-interim, there is a strong wet
bias over central Africa and the coastal areas of East Africa of up to 60–80% (Figure 5b). This wet
bias over Africa in ERA-interim was also noted in the study by Dee et al. [45], though they stated
that the bias was already better than in ERA-40 due to an improved moist boundary layer scheme
and better assimilation of humidity. There is a clear reduction of the wet bias in ERA5 over much of
Africa (Figure 5c). For instance, the bias over central Western Africa is reduced from up to 80% in
ERA-interim to less than 20% in ERA5. Similarly, the wet bias over the Somali coast is substantially
reduced. These changes of biases over Africa across the three generations of ECMWF reanalyses
suggest that improvements in model physics and the data assimilation procedure keep reducing the
precipitation bias. Despite these reductions in the precipitation bias, ERA5 still shows substantial
disagreements with observations in complex terrain, such as the Ethiopian highlands or above Lake
Victoria. However, it should be noted that there is general disagreement between observational
datasets in East Africa [21,52].

The temporal correlation between monthly precipitation in reanalysis and observations is
generally considerably lower than that of temperature (Figure 6). However, in East Africa precipitation
show higher values than temperature. ERA-interim shows the highest correlation in the southern
hemisphere with values beyond 0.95. Also in sub-Saharan Africa, correlation reaches values beyond



Atmosphere 2020, 11, 996 7 of 19

0.85. A local minimum of correlation is found directly at the equator. In most regions of Africa
correlation did increase from ERA-interim to ERA5.

Figure 3. Observed near-surface temperature (CRU) averaged over 1981–2017 (a) and difference
between ERA-interim (b)/ERA5 (c) near-surface temperatures averaged over 1981–2017 and observed
near-surface temperature averaged over 1981–2017. Hatching represents regions where differences are
statistically significant at the 1% level.

Figure 4. Correlation between monthly observed (CRU) and monthly ERA-interim (a)/ERA5
(b) near-surface temperatures from 1981–2017. Hatching represents regions where correlation values
are statistically significant at the 1% level.

Figure 5. Observed precipitation (CHIRPS) averaged over 1981–2017 (a) and difference between
ERA-interim (b)/ERA5 (c) precipitation averaged over 1981–2017 and CHIRPS precipitation averaged
over 1981–2017. Hatching represents regions where differences are statistically significant at the
1% level.

Figure 6. Correlation between monthly observed (CHIRPS) and monthly ERA-interim (a)/ERA5
(b) precipitation from 1981–2017. Hatching represents regions where correlation values are statistically
significant at the 1% level.
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3.1.2. Linear Trends

Figure 7 shows the spatial pattern of the annual mean near surface temperature trend according
to the CRU, ERA-interim, and ERA-5 reanalyses datasets. While all three datasets agree on the positive
temperature trend over Northern Africa, ERA-interim displays a negative trend over Equatorial East
Africa, along the coast from Sierra Leone to Senegal and in much of Botswana, Zambia, and Zimbabwe.
This negative trend of ERA-interim is consistent with the result of Simmons et al. [53], who found a
decrease in temperature when comparing the 1998–2008 period to the 1989–1998 period in ERA-interim.
As will be seen later in this section, these regions of negative temperature trends are closely linked to
positive precipitation trends, suggesting that an increase in cloud cover in ERA-interim results in the
cooling of the surface. Figure 7 also indicates that in most of Northern Africa the positive temperature
trend of ERA-interim is stronger than in CRU, whereas the temperature trend of ERA5 is much closer
to CRU. In ERA5, the positive temperature trend in Northern Africa is reduced from ERA-interim,
and there are no regions with a negative temperature trend. In particular, over East Africa, the slope of
the trend is much closer to observations in ERA5 compared to ERA-interim. Nevertheless, overall the
warming trend is stronger in ERA5 than in CRU.

The trends of annual precipitation show even larger differences (Figure 8). While CHIRPS shows
an increase in rainfall in much of sub-Saharan Africa, while both reanalysis products display a very
strong drying trend in that region. This negative precipitation trend in reanalysis datasets is consistent
with the study of Lin et al. [54], who highlighted that the negative trend is a common feature in other
reanalysis datasets as well. In Equatorial Africa, observations tend to a drying trend, which is captured
but strongly overestimated by both reanalysis products, though less so in ERA5. The observed trend
pattern of the southern hemisphere precipitation is captured quite well in reanalysis. In East Africa,
particularly over Southastern Ethiopia, Somalia, Kenya, and Tanzania, CHIRPS shows a weak and
mostly drying trend in annual sum precipitation. By contrast, ERA-interim show a strong wetting
trend in this region. ERA5 captures the negative sign of the trend, even though it overestimates the
magnitude of the drying trend in the region. Overall, the reduction of the differences to observations
from ERA-interim to ERA5 is striking, even though the differences between CHIRPS and ERA5 are
still substantial.

These results show that using reanalysis data for trend analysis is problematic, in particular for
ERA-interim. While this is frequently done in research [55,56], reanalysis is generally considered
unsuitable for identifying long-term trends [57–59]. This is because observational datasets are included
in the assimilation system at various points in time [28,33,45]. This can lead to jumps in the data and
explain the differences between observations and reanalysis with regards to long-term trends [57].

Figure 7. Trend of annual mean near-surface temperature in observations (CRU, (a)), ERA-interim (b)
and ERA5 (c) from 1981 to 2017. Hatching represents regions where trends are significant at the
1% level.
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Figure 8. Trend of annually aggregated precipitation in observations (CHIRPS, (a)), ERA-interim (b)
and ERA5 (c) from 1981 to 2017. Hatching represents regions where trends are significant at the
1% level.

3.2. Regional Analysis

3.2.1. East African Precipitation Cycle

As the tropical regions exhibit a strong seasonality in precipitation, we investigated how well
the reanalysis products captured the seasonal cycle of precipitation in our East African focus region.
Figure 9 shows the time–latitude diagram of precipitation averaged over the longitude band between
25◦ E and 50◦ E for CHIRPS and the bias in the two reanalysis datasets. CHIRPS shows the north–south
migration of the East African rainfall following the movement of the inter-tropical convergence zone
(ITCZ). Maximum precipitation is located in the Southern hemisphere around 12◦ S with an average
value of more than 9 mm/day during northern hemisphere winter, which is the main rainy season
of Southern Tanzania. During northern hemisphere spring the precipitation maximum migrates
northward. During northern hemisphere summer the maximum precipitation rate remains in the
north of East Africa around 10◦ N with rates just below 5 mm/day representing the main rainy
season of Ethiopia (June to September). During northern hemisphere fall the rainbelt wanderes
south again resulting in a bimodal precipitation pattern of Uganda, Kenya, Southern Ethiopia,
and Northern Tanzania.

ERA-interim and ERA5 both capture the seasonality and position of the rain belt very well
(not shown), but total rainfall amounts do not agree everywhere with observations. ERA-interim
underestimates the precipitation maximum in the very south of the East Africa box by up to
2.25 mm/day. On the other hand, the rainy seasons of Uganda and Kenya in northern hemisphere
spring and fall (precipitation maximum around the equator) are overestimated by more than
2.25 mm/day and in particular the spring rains begin too early in the year. The timing of the main
rainy season of Ethiopia in northern hemisphere summer is captured well but also overestimated by
up to 1.75 mm/day.

The changes from ERA-interim to ERA5 are striking, in particular over the most northern and
southern positions of the precipitation belt: the dry bias in the northern hemisphere winter as well
as the wet bias during the Ethiopian rainy season are reduced to less than 0.75 mm/day. In addition,
the wet bias in the locations of bimodal rainfall regimes is reduced to below 1.25 mm/day. Consistently
with ERA-interim, ERA5 also shows a slightly smaller northward extent of the rainbelt compared to
the CHIRPS data.
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Figure 9. Monthly mean precipitation averaged over longitude band 25◦ E–50◦ E (East Africa box) and
time period 1981–2017 from 13◦ S to 17◦ N in observations (CHIRPS, (a)), and the difference between
ERA-interim (b)/ERA5 (c) and observations.

3.2.2. Extreme Precipitation Years

The time series of annual precipitation aggregated within the East Africa box (13◦ S–17◦ N,
25◦ E–50◦ E) is shown in Figure 10a for observations and reanalysis products. Observations do
not show a trend in annual mean precipitation. The driest year of the time period is 2005, which
corresponds to a strong negative Indian Ocean Dipole (IOD) event during the June to September
period [60]. However, also the devastating drought of 1983/1984 in Ethiopia [61] is captured.
The wettest years of the time series are 1997 and 2006, which are associated with combined positive IOD
and ENSO (El Niño–Southern Oscillation) years [62]. According to Bahaga et al. [63], strong positive
IOD events contribute more to above-normal rainfall over Eastern Africa compared to positive ENSO
years. This is because a warm SST anomaly over the western Indian ocean favors strong moisture flux
over Eastern Africa. Although ERA-interim has a consistent strong overall wet bias and therefore fails
to capture the dry years, it captures the wet years as well as the lack of a trend. By contrast, ERA5 has
an overestimated drying trend. The wet bias is much reduced compared to ERA-interim, particularly
starting from the late 1990s, likely due in part to the increase in observational data flowing into the data
assimilation procedure. Due to the drying trend, the great drought of 1983/1984 is not particularly dry
in ERA5, but the mentioned wet years are well-captured and also the dry year 2005 is very dry in ERA5.
The time series shows that the similarity between ERA5 and observations increase over time, with the
drying trend in ERA5 reducing the differences from observations. As there is large uncertainty in the
trend of precipitation products in East Africa [64], we removed the time series’ trends in Figure 10b.
The detrended time series of ERA5 precipitation agree very well with observations, with a correlation
of 0.84. This highlights that the year-to-year variability is captured well. By contrast, the detrended
time series of ERA-interim precipitation only has a correlation of 0.48 with observations.

We selected the year 2005 as an example of an extremely dry year and 1997 as an example
of an extremely wet year for a more detailed look at the rainfall patterns during extreme years.
Hastenrath et al. [65] noted that the deficit rainfall in 2005 led to drought conditions over Equatorial
Africa and associated this extreme dry event with the development of a positive pressure anomaly over
the western Indian Ocean during the October and November, which resulted in anomalous subsidence
over the region. In 1997, on the other hand, the East African October–December rains were in many
areas more than 5–10 times the normal [66].

The observed precipitation anomalies in 2005 show that East Africa was affected by dry conditions
mostly in the Southern hemisphere (Figure 11a). All of Tanzania and most of Uganda and Kenya were
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drier than usual. This is consistent with the anomalous precipitation pattern associated with negative
IOD years. Both ERA-interim and ERA5 capture a type of bimodal pattern with a normal to wet
north and a dry south (Figure 11b,c). This suggests that both reanalysis datasets capture the apparent
relationship between the negative rainfall anomalies over Equatorial and Southern East Africa and a
negative IOD correctly. However, ERA-interim strongly overestimates the wet conditions in large parts
of Ethiopia and most of South Sudan. While the dry conditions in South Somalia and Eastern Kenya
are captured, conditions in Tanzania are also too wet compared to observations. This explains why the
average precipitation of East Africa is not particularly dry in 2005 in ERA-interim. ERA5 shows an
intensified picture of the observed conditions with slightly too wet conditions in Ethiopia and slightly
too dry conditions in the southern hemisphere. For the year 1997, observations shows wet conditions
in most of East Africa, with the strongest anomalies in East Kenya and South Somalia, with anomalies
between 700 and 900 mm for the year (Figure 12a). This year corresponds to the strongest El-Niño
of the century and a positive IOD event. Both of these events led to above-normal rainfall over
Southern Ethiopia and the Equatorial and Southern East Africa regions in the winter and spring
seasons. ERA-interim and ERA5 reproduce these anomalously wet conditions over the coastal areas of
East Africa (Figure 12b,c). However, ERA-interim shows dry anomalies in West Ethiopia and Uganda,
and the strongest wet anomalies are located too far East and limited to the coastal areas of Somalia.
By contrast, ERA5 captures the observed wet pattern quite well, while slightly underestimating the
maximum precipitation rates.

Figure 10. Annual precipitation averaged over longitude band 25◦ E–50◦ E and 13 ◦ S–17 ◦ N (East
Africa box) in observations (CHIRPS, black), ERA-interim (red), and ERA5 (blue) from 1981 to 2017 as
annual sums (a) and detrended annual anomalies (b).
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Figure 11. 2005 annual precipitation anomalies in East Africa in CHIRPS (a), ERA-interim (b) and
ERA5 (c).

Figure 12. 1997 annual precipitation anomalies in East Africa in CHIRPS (a), ERA-interim (b) and
ERA5 (c).

3.3. Country-Level Evaluation

We further narrowed down the analysis to the four focus countries Ethiopia, Kenya, Uganda,
and Tanzania. Figures 13 and 14 show scatter plots of reanalysis data versus observations to allow for
a more detailed investigation of the temporal temperature and precipitation distribution within the
countries and also present the seasonal cycle of temperature and precipitation at the country level.

The scatter plots of near-surface temperature in Figure 13 show that ERA5 is closer to observations
than ERA-interim in all four countries, as the values are located much closer to the lines of best
fit. While correlation ranges from 0.54 to 0.82 for ERA-interim, the range for ERA5 is from 0.78 to
0.93. The strongest change and best fit for near-surface temperature is found for Tanzania, with a
correlation coefficient of 0.93 (from 0.61 in ERA-interim). The least good fit for temperature of both
reanalysis products is found in Uganda, and even here ERA5 (0.78) is closer to observations than
ERA-interim (0.54).

Figure 13 also displays the annual cycle of near-surface temperature from CRU, ERA-interim
and ERA5. Observations show the highest temperatures during late winter/early spring for Ethiopia,
Kenya, and Uganda and during November for Tanzania. Conversely, the lowest temperature for
Kenya, Uganda, and Tanzania is seen during July, whereas for Ethiopia the coldest month is December.
Both reanalysis products reproduce the observed annual cycle well, even if the peak is shifted for
Ethiopia and Tanzania by a month. ERA-interim shows an overall cold bias in all four countries.
This bias is of a magnitude around 1–2 ◦C, while the overall temperature range throughout the year is
2–3 ◦C . While this bias is present all year round in Kenya and Uganda, it is only present in Ethiopia
after March and from October to June in Tanzania. In all four countries this bias is much reduced in
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ERA5, which displays a bias around 0.5 ◦C at the most. In particular in Tanzania the bias is so unevenly
distributed over the year that its reduction brings the ERA5 curve much closer to the observed curve.

The scatter plots for monthly mean precipitation rates in Figure 14 show a similar change for
temperature, which is closer to observations for ERA5 than for ERA-interim. As already seen in the
African correlation maps, in East Africa the correlation between observed monthly mean precipitation
and reanalysis is generally higher than the correlation between observed temperature and reanalysis.
For precipitation, the correlation changed from 0.68 to 0.93 for ERA-interim to a range of 0.9 to 0.98 for
ERA5. As for temperature, the best fit for monthly mean precipitation is found in Tanzania and the
worst fit is found in Uganda.

The annual cycles of precipitation from observations and the reanalysis datasets are displayed
in Figure 14 (lower panels) and show that Ethiopia and Tanzania get their maximum rains during
their respective summer seasons, whereas the countries around the equator (Kenya and Uganda)
receive the peak rains during spring and autumn following the movement of the ITCZ. Both reanalysis
products reproduce the observed seasonality of precipitation well despite the difference in amounts.
In Ethiopia, both reanalysis products have a wet bias, which is most pronounced in the rainy summer
season. This bias is not substantially reduced from ERA-interim to ERA5. In Kenya, both reanalysis
products have a wet bias in the dry seasons. However, there is a clear bias reduction in the short
rains (northern hemisphere winter), where ERA5 is much closer to observations than the too wet
ERA-interim data. In Uganda, despite the increased correlation with observations, the wet bias is more
pronounced in ERA5 than in ERA-interim throughout most of the year and in particular in the rainy
seasons. In Tanzania, there is little change from ERA-interim to ERA5. Both products overestimate
precipitation in the beginning of the year and are close to observations during the rest of the year.

Figure 13. Monthly mean near-surface temperature from 1981 to 2017 in observations (CRU) versus
ERA-interim (a–d) and ERA5 (e–h) in the four focus countries (columns). Annual cycle of monthly
mean near-surface temperature (i–l) averaged over the corresponding country as observed (black line),
in ERA-interim (blue line) and ERA5 (red line).
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Figure 14. Monthly mean precipitation from 1981 to 2017 in observations (CHIRPS) versus ERA-interim
(a–d) and ERA5 (e–h) in the four focus countries (columns). Annual cycle of monthly mean precipitation
(i–l) averaged over the corresponding country as observed (black line), in ERA- interim (blue line) and
ERA5 (red line).

4. Summary and Conclusions

This study assessed the performance improvements of ERA5 over ERA-interim reanalysis over
Africa for the 1981–2017 period by comparing with gridded observations. Our analysis for near-surface
temperature and precipitation data in Africa showed substantial changes with the introduction of
the new reanalysis product. ERA5 data were generally closer to observations than ERA-interim,
which agrees with findings of studies on other aspects of the datasets [34–37].

Over most of Africa the bias in temperature as well as precipitation was clearly reduced and
correlation with observations increased in ERA5 reanalysis. It is interesting to note, that in ERA5
the temporal variability of observed precipitation was better captured than that of temperature in
large parts of Africa. This was reflected in higher temporal correlation values for the precipitation
than for the temperature field despite more complex processes involved in the generation of
precipitation. Further diagnostic study of this seemingly weaker performance of temperature compared
to precipitation would be an interesting topic for future study.

Despite a slightly better performance of ERA5 over ERA-interim in representing the observed
trend in precipitation, and to some extent that of temperature, this is an aspect where both reanalysis
fields performed less well. Both reanalysis products did not capture the observed precipitation trends
in most of Africa. This is not surprising, as precipitation trends are uncertain for most regions of the
globe, as noted in [64]. The observed temperature trend was much better captured in ERA5 than
in ERA-interim, which even showed cooling trends in several regions of Africa. These regions are
marked by strong wetting trends as well, which implies cooling due to increased cloud cover. Overall,
reanalysis data are generally considered unsuitable for trend analysis [58].

The representation of the observed precipitation cycle of East Africa has also improved
substantially from ERA-interim to ERA5, reducing most of the bias in the zonally averaged precipitation
data. In contrast to ERA-interim, ERA5 captured the variability well, but a not-observed drying trend
in the data contorts the occurrence of extreme years. However, this result has to be taken with a grain
of salt, as the precipitation trend might be underestimated in the CHIRPS data. In particular in the
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north of East Africa other datasets display a drying trend since the 1950s [64] that is not captured in
the CHIRPS data for the chosen time period.

Analysis at the country level showed the strongest increase in correlation with observations in
East Africa in Tanzania with regards to temperature as well as precipitation. The one major lack of
improvement we found was in the precipitation bias in Uganda, which has increased from ERA-interim
to ERA5, even though variability has improved.

Overall, this study mainly suffers from the uncertainty of observational products that has been
shown for precipitation as well as surface temperature data [64,67,68]. Ideally, this study would
compare the reanalysis data to station data, but the sparsity of meteorological observations in Africa
limits such an analysis approach.

While ERA5 is much closer to observations than its predecessor, there is still room for further
improvement. For example, the resolution of 0.25◦ is still considered too coarse for very regional
studies and impact modeling. One first step to address this problem is the recently launched land-only
version of ERA5, called ERA5-Land. This dataset is a dynamically down-scaled version of ERA5’s
land component bias-corrected precipitation at a 9 km resolution [47,69]. It is produced with the Tiled
ECMWF Scheme for Surface Exchanges over Land incorporating land surface hydrology (H-TESSEL)
and produces surface and sub-subsurface processes on a very local scale. A first analysis of ECMWF
showed some improvements of ERA5-Land over ERA5 [69]. Another major improvement of reanalysis
data would be assimilation for precipitation.

From our results, we conclude that precipitation and temperature reanalysis in ERA5 are much
improved compared to ERA-interim in Africa, and we therefore discourage the continued use of
ERA-interim data. In contrast to previous reanalysis datasets, even the precipitation field in ERA5
displays a high agreement with observations. This implies that, though observational precipitation
datasets can provide higher resolution and accuracy, reanalysis precipitation can be used when a
coherent set of multiple climate variables is needed, like in the investigation of the natural variability
of coupled systems or the provision of initial conditions for land surface, hydrological, or vector
transmission models [58].

While the results of this study highlight the strengths as well as the limitations of the two
reanalysis products over East Africa in terms of monthly mean values of temperature and precipitation,
further in-depth analysis of the performance of reanalysis from daily to sub-seasonal time scales
targeting extreme events would be required to better assess the robustness and applicability of these
dataset for impact studies, such as agricultural and hydrological studies.
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