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Study region: 19 flood prone catchments in Kenya, Eastern Africa
Study focus: Flooding is a major natural hazard especially in developing countries, and the need
for timely, reliable, and actionable hydrological forecasts is paramount. Hydrological modelling is
essential to produce forecasts but is a challenging task, especially in poorly gauged catchments,
because of the inadequate temporal and spatial coverage of hydro-meteorological observations.
Open access global meteorological reanalysis datasets can fill in this gap, however they have
significant errors. This study assesses the performance of four reanalysis datasets (ERA5, ERAInterim, CFSR and JRA55) over Kenya for the period 1981–2016 on daily, monthly, seasonal,
and annual timescales. We firstly evaluate the reanalysis datasets by comparing them against
observations from the Climate Hazards group Infrared Precipitation with Station. Secondly, we
evaluate the ability of these reanalysis datasets to simulate streamflow using GR4J model
considering both model performance and parameters sensitivity and identifiability.
New hydrological insights for the region: While ERA5 is the best performing dataset overall, per
formance varies by season, and catchment and therefore there are marked differences in the
suitability of reanalysis products for forcing hydrological models. Overall, wetland catchments in
the western regions and highlands of Kenya obtained relatively better scores compared to those in
the semi-arid regions, this can inform future applications of reanalysis products for setting up
hydrological models that can be used for flood forecasting, early warning, and early action in data
scarce regions, such as Kenya.

1. Introduction
Precipitation is arguably the most important driver of catchment hydrological response (e.g. MacLeod et al., 2021), but it is
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challenging to get accurate information on the amount, duration, and intensity of rainfall events (Beck et al., 2017a; Tapiador et al.,
2012), due to the high spatio-temporal variability (Nicholson et al., 2019; Vischel et al., 2011). This is compounded by a low spatial
coverage and a net decline in the number of ground gauge stations in the historical climatological observation network, especially in
developing countries such as Kenya (Menne et al., 2018; Tarek et al., 2020, 2021; Zaitchik et al., 2011). Unreliable or incomplete
datasets are unable to correctly identify seasonal or short-range temporal patterns (e.g., Gosset et al., 2013; Le et al., 2017).
Other sources of precipitation data such as those from satellite remote sensing are now available, but they come with their own
errors, including random and systematic (see Beck et al., 2021; Beck et al., 2017a; Beck et al., 2017b; Fortin et al., 2015; Sun et al.,
2018). Another freely available source of precipitation data are meteorological reanalysis products which are becoming increasingly
promising due to upgrades in their spatial resolution and improved representation of atmospheric processes in global models
(Hersbach, 2018). Reanalysis data combine a wide range of remotely sensed observations with a dynamical–physical coupled nu
merical model to produce the best estimate of the state of the atmosphere. Reanalysis is not reliant on the density of surface obser
vational networks and can give surface variables in locations with little to no surface coverage. As a result, they can generate several
variables both at the land surface and on vertical atmospheric levels, and hence have been applied in several studies both for
climatological and hydrological purposes across the world (e.g., Beck et al., 2017a; Chen et al., 2018; Emerton et al., 2017; Essou et al.,
2017). Several different reanalysis products exist but they are known to vary in quality with recurrent upgrades. It is important to
evaluate them carefully both to inform the users and the developers of the datasets. The developers of these products can only work on
improving their updates when there is a complete feedback loop between applications and developments Therefore, ground validation
of reanalysis precipitation is very important but very challenging, particularly where the rain gauge networks are sparse.
Several studies attempt to quantify and account for the sampling errors comparing reanalysis data with observations in different
parts of the world (e.g., Guo et al., 2018; Tang et al., 2020; Xu et al., 2020; Zaitchik et al., 2011), at a global scale (Beck et al., 2017a;
2017b), at regional or basin scale (e.g., Acharya et al., 2019; Nkiaka et al., 2017; Tarek et al., 2020) and at a national scale (e.g. Arshad
et al., 2021; Gleixner et al., 2020; Koukoula et al., 2020; Lakew et al., 2020; Shayeghi et al., 2020; Tesfaye et al., 2017). However, the
findings of these studies were mixed. Differences in approaches, regions, and time scales resulted in inconsistency in product per
formance, implying that site-specific performance evaluation may be required. Existing studies also aimed at analysing a single
product or a few products for short periods of time, thus their estimated errors may not reflect long-term behaviour.
Additionally, the temporal dynamics of rainfall are very important as they play an important role in the total accumulated rainfall
on daily and monthly timescales (Ficchì et al., 2016), thus influencing the bimodal seasonality observed over Kenya. Also the
highly-variable temporal dynamics are key in explaining the nonlinear nature of infiltration process (Blöschl and Sivapalan, 1995),
such as the peak discharge value (Gabellani et al., 2007) and runoff volume (Viglione et al., 2010) in hydrological modelling. Thus, the
above highlights the need to consider different temporal scales, when evaluating the reanalysis precipitation relative to observation.
In Kenya, there were 20 major floods from 1964 to 2020 which were driven by precipitation falling in the seasonal rains. More than
160,000 people were displaced countrywide by floods in October 2019 (ReliefWeb, 2019a; 2019b; Opere, 2013). Annual average
economic loss from flooding is estimated to be 5.5% of gross domestic product (Njogu, 2021). Thus, understanding the best repre
sentation of precipitation in flood models which can be used for forecasting or risk analysis is of great societal importance. Kenya has a
widely varying physical geography resulting in great variability of river catchment characteristics across the country. Thus, it is
essential not only to understand the representation of precipitation at a country scale, but also on a catchment-by-catchment basis
(Golian et al., 2021; Meresa et al., 2021). Previous evaluation of reanalysis products in capturing Kenyan rainfall show varied levels of
agreement in spatio-temporal variability relative to observations (e.g., Alemayehu et al., 2018; Dile and Srinivasan, 2014; Gleixner
et al., 2020; Khan et al., 2011). Moreover, studies employing hydrological modelling generally used discharge observations from a
small number of catchments (e.g., Alemayehu et al., 2018; Bitew et al., 2012; Langat et al., 2017; Le et al., 2017; Worqlul et al., 2017)
and did not quantify uncertainties associated with each reanalysis (e.g., Alemayehu et al., 2018), leading to combined rainfall and
model uncertainty that is not easily interpreted. Hence, there is a notable gap in the literature associated with evaluating the accuracy
of multiple reanalysis products across different catchments, accounting for both model and input errors, especially in data-scarce
regions like in Kenya, and this gap was an important motivation for the present study. This paper evaluates four reanalysis precipi
tation products with respect to observations and assesses their suitability for use in hydrological modelling in 19 Kenyan catchments.
We assess their performance in reproducing the most important features of rainfall events and regimes, and in simulating catchment
streamflow through answering the following research questions:
• How well do the precipitation datasets compare in terms of temporal dynamics at the basin scale? Which product is the most
accurate compared to observations?
• How well do precipitation datasets compare in terms of spatial patterns? Which product shows consistency in spatial heterogeneity
compared to observations?
• How does the general hydrological model performance vary with different datasets?
• How does the sensitivity of a rainfall runoff model (GR4J) vary with alternative rainfall forcing?
We consider both model performance and parameter uncertainty and compute a Model Suitability Index (MSI) by coupling the
results of model performance statistics and Global Sensitivity Analysis. We compare four reanalysis datasets using the GR4J model
across 19 Kenyan catchments with varied climate and morphological characteristics, to investigate which input data is suitable or
require caution, when used in the place of observation dataset in different regions. This work is a steppingstone and an essential guide
for hydrological applications of global reanalysis datasets because it compares several reanalysis products to observations on daily,
monthly, and seasonal scales, and unveils the propagation of uncertainty from different reanalysis when used as model inputs. All the
2
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above reviewed studies looked at the performance of at most one reanalysis dataset in simulating streamflow and only over one
catchment; but none looked at such a country-scale performance. To our knowledge, this is the very first evaluation of the different
reanalysis products over Kenya for simulating streamflow coupled with sensitivity analysis.
2. Study area and catchment characteristics
The study is undertaken in 19 Kenyan catchments (Fig. 1) with varying characteristics (Table 1). These were selected due to the
frequency and magnitude of the impacts of floods, as well as the availability of river flow observations (Table 1). Kenya mainly ex
periences a bimodal rainfall pattern, occurring in the seasons of March - April - May (MAM) and October -November - December (OND)
(Ayugi et al., 2016; Yang et al., 2015), which are commonly known as the ‘long’ and ‘short’ rains respectively. The rainfall seasonality
and the migration of the precipitation zone is mainly influenced by the north-south movement of the inter-tropical convergence zone
(ITCZ) (Black et al., 2003; Ongoma et al., 2015). The rainfall season migrates northward at a slower rate than it migrates southward,
hence the two different names – ‘long rains’ and ‘short rains’ respectively (Nyenzi, 1988). The rainfall exhibits high spatiotemporal and
interannual variability (Ongoma and Chen, 2017) and is strongly influenced by perturbations in global Sea Surface Temperature (SSTs)
especially in the Pacific and Indian Oceans with the El-Niño Southern Oscillation (ENSO) (Black et al., 2003; Ogallo, 1993) and the

Fig. 1. Study catchments across Kenya, with locations of the outlet river gauges (show by cirloured circled dots) used in this study and the main
irrigation schemes (black trianges) and major dams (blue circles) provided by Kenya Water Authrority (WRA).
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River
Name

Catchment Outlet
point

Station
ID

Lon

Lat

Drainage
Area (km2)

Tana
Tana

Tana Garsen
Tana Garissa

4G02
4G01

40.11
39.7

-2.28
-0.45

80 760
32,695

720
870

Nzioa

RuambwaBridge

1EF01

34.09

0.12

12,643

Galana

Galana Tsavo

3G02

38.47

-2.99

Gucha

Gucha Migori

1KB05

34.21

Athi

Athi Munyu

3DA02

Nzioa
Sondu

Large Nzioa
Sondu Miriu

Mara

Catchment
Characteristics

Human Influence
Dams

Irrigation

672
868

135.8
169.3

9
8

1740

1488

151.2

6560

930

628

3.3

-0.95

6 310

1650

1435

45.0

37.19

-1.09

5689

1730

822

18.8

1BD02
1JG04

35.06
34.80

0.76
-0.33

3878
3444

1720
2017

1267
1614

15.3
53.9

Mara

1LA04

35.04

-1.23

2977

2100

1262

11.8

Yala
Ewaso

Yala
Ewaso Narok

1FG02
5AC10

34.27
36.73

0.04
0.43

2700
2597

1600

1696
880

40.8
5.3

Tana

Mutonga

4EA07

37.89

-0.38

1867

1830

1427

35.5

Ewaso

Ewaso Ngiro

5BC04

36.91

0.09

1837

1700

972

20.6

Sio

Sio

2EE07A

34.14

0.39

1011

1650

1822

15.5

Turkwel

Ndo

2C07

35.65

0.45

897

1133

1371

9.1

Mara

Amala

1LB02

35.44

-0.89

695

2100

1377

6.8

Mara

Nyangores

1LA03

35.35

-0.79

692

2008

1262

11.8

Turkwel

Perkerra

2EE07A

35.97

0.46

371

1023

832

5.7

Semi-arid plains
Highlands on the
upstream & semi-arid
plains in the lowland
Dense forest cover
(highlands) & low
trees & bushes (lower
reaches)
Semi-arid savannah
plains
Eastern lowlands with
dense vegetation
cover
Highlands and forest
cover
Dense forest cover
Low lying plains
(western) & highland
(Eastern)
Low lying shrubs,
semi-arid
Swampy
Low lying shrubs &
mainly semi-arid
Highlands and forest
cover
Low lying shrubs &
mainly semi-arid
Low trees & bushes &
swampy in lower
reaches
Extensive palaeofloodplain & arid
conditions
Low lying shrubs,
semi-arid
Semi-arid savannah
plains, low lying
shrubs, semi-arid
Extensive palaeofloodplain and arid
conditions

Mean
Annual
Rainfall
(mm)
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First & Last
year of
record

Record
length
(years)

Amount
missing
(%)

11
7

1981–2016
1981–2018

36
38

58.2
14.2

2

4

1981–2018

38

13.6

3

1

1981–2015

35

59.6

0

2

1981–2015

35

47.8

3

1

1981–2017

37

21.6

1
2

1
2

1981–2011
1981–2018

31
38

28.8
64.4

0

1

1981–2015

35

77.7

0
0

0
2

1981–2019
1981–2018

39
38

59.6
26.5

0

1

1981–2016

36

44.2

0

0

1981–2019

39

35.0

0

1

1981–2018

38

18.1

0

1

1981–1993

13

47.2

0

0

1981–2017

37

25.6

0

0

1981–2017

37

15.5

1

1

1985–2005

21

50.1

schemes
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Annual
Discharge
(m3s-1)

Mean
Elevation
(m.a.s.l)
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Table 1
Summary of the catchments considered, their characteristics, and the main human influences, including number of dams and water abstraction activities (Source: WRA-K).
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Table 2
Overview of the global reanalysis and the blended (Satellite and observation) Chirps precipitation dataset(s) used in the study.
Short Name

Full Name and details

Data
sources
(*)

Spatial
resolution

Spatial
coverage

Temporal
coverage

Temporal
resolution

Reference

CHIRPS V2.0

Climate Hazards group Infrared Precipitation
(CHIRP) V2.0 (http://chg.ucsb.edu/data/chirps/)
European Centre for Medium-Range Weather
Forecasts Reanalysis (https://www.ecmwf.int/
en/research/climate-reanalysis/era-5)
European Centre for Medium-Range Weather
Forecasts ReAnalysis Interim (https://www.
ecmwf.int/en/research/climate-reanalysis/erainterim)
Japanese 55-year Reanalysis (JRA-55) (https://
jra.kishou.go.jp/JRA-55; https://data.diasjp.net/
dl/storages/filelist/dataset:204)
National Centers for Environmental Prediction
(NCEP) Climate Forecast System Reanalysis
(CFSR; http://cfs.ncep.noaa.gov/cfsr/)

G, S, R *

0.05o

Daily

1981–NRT*

Hourly

1979 – NRT*

(Funk et al.,
2015)
(Hersbach,
2018)

ERA5
ERA-Interim

JRA-55
NCEP-CFSR

R*

~ 0.31

Land,
< 50
Global

R*

~ 0.75o

Global

3-Hourly

1979–2019

(Dee et al.,
2011)

R*

~ 0.56o

Global

3-Hourly

1951-NRT*

(Kobayashi
et al., 2015)

R*

~ 0.38o

Global

Hourly

1979– 2010

(Saha et al.,
2010)

o

( )

* NRT= Near Real Time with a delay of several days, G = Gauge, S = Satellite, R = Reanalysis

Indian Ocean Dipole (IOD) (Blau et al., 2020; Owiti et al., 2008) being the most important modes. Other systems that influence rainfall
variability include the high pressure systems (e.g. the Mascarene and the Arabian) (Ogwang et al., 2015), the Quasi-Biennial Oscil
lation (QBO) (Collier et al., 2016; Indeje and Semazzi, 2000), the Madden-Julian Oscillation (MJO) (Kilavi et al., 2018), Tropical
cyclones (Finney et al., 2020; Wainwright et al., 2021) and jet streams, eg., the Turkana jet (Hartman, 2018; Kinuthia, 1992). The
country has complex topography with the lowest altitudes along the coastline and Lake Victoria basin which are particularly prone to
floods, while in the highlands, frequent thunderstorms and lightning threaten life.
3. Data and methodology
3.1. Datasets
3.1.1. Reanalysis and observational data
Four reanalysis products, namely ERA5, ERA-Interim (hereafter ERAI), Climate Forecast System Reanalysis (CFSR), and the Jap
anese 55-year Reanalysis (JRA55), and a gridded observational dataset, the Climate Hazards group Infrared Precipitation with Station
(CHIRPS), were used in this study (see Table 2). We used the daily precipitation, maximum and minimum temperature variables from
the reanalysis products for the study.
ERA5 is the latest global atmospheric reanalysis product from European Centre for Medium-Range Weather Forecasts (ECMWF)
which spans the modern observing period from 1950 onward (Hersbach, 2018). In this study, 3-hourly ERA5 was obtained from
ECMWF on a fixed grid of 0.31◦ × 0.31◦ . ERAI is the previous global reanalysis product created by ECMWF (Dee et al., 2011). Daily
ERAI was obtained from ECMWF on a fixed grid of 0.75◦ × 0.75◦ . JRA55 is a global reanalysis dataset constructed by the Japan
Meteorological Agency (JMA) (Kobayashi et al., 2015). Daily JRA55 was obtained from National Center for Atmospheric Research
(NCAR) climate data guide at a fixed gird of 0.56◦ × 0.56◦ . CFSR is a global reanalysis dataset of atmosphere fields produced by the
National Centers for Environmental Prediction and for Atmospheric Research (NCEP/NCAR) (Saha et al., 2010). The CHIRPS dataset
was used as a benchmark observation dataset since it has been used in several studies showing good results compared to observations
over eastern Africa (Dinku et al., 2018). CHIRPS is a quasi-global, high resolution, daily, pentad, and monthly precipitation dataset
(Funk et al., 2015). Based on infrared Cold Cloud Duration (CCD) data, CHIRPS has a long enough history of precipitation data. The
algorithm is based on (i) a 5 km climatology that uses satellite data to represent sparsely gauged locations, ii) includes daily, pentadal,
and monthly 5 km CCD-based precipitation estimates from 1981 to the present, iii) combines station data to generate tentative in
formation product with a latency of about 2 days and a final product with an average latency of about 3 weeks, and iv) interpolation
weights are assigned based on a novel blending method which uses the spatial correlation structure of CCD estimates. This makes it
comparatively an alternative in data scarce regions. We opted for the gridded observations as the daily observed gauge datasets were
not available for the catchments of study and are known to be very sparse and present large data gaps (Dinku et. al, 2019; 2018; Le et.
al, 2017).
3.1.2. Observed river discharge and potential evapotranspiration
River discharge datasets at daily time step for the period 1981–2016 were provided by the Kenya Water Resource Authority (WRA)
for the selected catchments across the country, summarized in (Table 2). The potential evapotranspiration (PET) required for the
catchment modelling was estimated from the average daily temperature of the four reanalysis products and CHIRTS_daily data from
the Climate Hazard Centre (CHC). As temperature readings were the readily available meteorological data that relates to PET, for this
study, temperature-based methods were used to estimate the PET (Hargreaves and Samani, 1985). For this study, the Hamon method
5
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(Hamon, 1960) was used to estimate PET daily averages for different datasets.
3.2. Modelling experiment methodology
To obtain the monthly and annual totals for observations and reanalysis datasets, the daily values were accumulated. The seasonal
total precipitation was calculated by summing monthly precipitation for three seasons: (i) the March-April-May, hereafter referred to
as MAM, (ii) the June-July-August, hereafter JJA, and (iii) the October-November-December, hereafter OND. All datasets were
converted to the same units for consistency (e.g., JRA55 and CFSR were converted from kg/m2/s to mm/d). ERA5, ERAI, JRA-55 and
CFSR were regridded by first-order conservative interpolations to a horizontal grid of 0.5o x 0.5o (Schulzweida, 2019).
We first qualitatively evaluate the performance statistics of the reanalysis datasets in terms of temporal dynamics and biases with
respect to precipitation observations (CHIRPS), considering the following metrics: Pearson Linear Correlation Coefficient (CC), Mean
Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Error (ME), long-term relative bias (BIAS) and annual number of dry
days calculated on monthly, annual, and seasonal scales. We produce spatial maps for the standardized precipitation anomalies, bias
and annual number of dry days, to assess their consistency compared to observations, and tabulate the other statistics to show the
aggregate performance across the different datasets.
Second, we calibrate the GR4J (Perrin et al., 2003) rainfall runoff model. In the study, we used five different inputs sources (for both
precipitation and PET) into GR4J model from CHIRPS, ERA5, ERAI, CFSR and JRA55. We calibrate the model with each of the input
source at a time and compute the KGE score and compare how this varies across the four different datasets relative to observations. The
GR4J model is a simple daily lumped rainfall-runoff model belonging to the family of soil moisture accounting models. There are four
main parameters (Fig. 2) to be calibrated in GR4J model, namely: (1) the maximum capacity of the production store (X1, mm), (2) the
groundwater exchange coefficient (X2, mm), (3) the maximum capacity of the non-linear routing store (X3, mm), and (4) the time base
of the unit hydrograph (X4, days). There are also a few fixed parameters, whose values were set by Perrin et al. (2003). All four free
parameters are real numbers, X1 and X3 are positive, X4 is greater than 0.5 and X2 can be either positive, zero or negative. The typical
inputs of GR4J are the areal precipitation depth (P, mm) and the potential evapotranspiration (PE, mm) estimate over the catchment.
Most optimization algorithms used to calibrate the model parameters require knowledge of an initial parameter set. Given the small
number of model parameters, simple optimization algorithms are generally capable of identifying parameter values yielding satis
factory results. The choice of an objective function depends on the objectives of model user. The choice and use of the GR4J model is
mainly due to its simple and relatively quick to calibrate structure, ensuring high-levels of performance and robustness (Ficchì et al.,

Fig. 2. The GR4J rainfall-runoff model (Source (Perrin et al., 2003)). P is the rainfall depth and E is the potential evapotranspiration (PE) averaged
over the basin at a daily time step. X1, X2, X3 and X4 are the model parameters.
6
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2019; Mostafaie et al., 2018; Oudin et al., 2004; Van Esse et al., 2013; Pushpalatha et al., 2011).
The four free parameters of the GR4J model were calibrated using the default optimisation algorithm provided in the airGR
package (Coron et al., 2019; Delaigue et al., 2019). This simple optimization algorithm, mainly based on a local optimisation, proved to
be equally efficient to locate a robust optimum compared to more complex global search algorithms (Coron et al., 2019) and proved
effective in terms of the number of model runs required for convergence (Mathevet et al., 2006). The Michel method (Michel, 1983) is
based on two steps:
I. A systematic inspection of the global parameter space is performed to determine the most likely zone of convergence. In our study,
this is done by direct grid-screening.
II. A steepest descent local search procedure is carried out to find an estimate of the optimum parameter set starting from the best
parameter set from step 1.
The four free model parameters were calibrated by applying the Kling-Gupta Efficiency (KGE) (Gupta et al., 2009) as the objective
function and the daily observed river discharge data of the selected catchments as reference. We use different inputs (precipitation
datasets) from CHIRPS, ERA5, ERAI, CFSR and JRA55 to calibrate the GR4J model. The KGE was used also for evaluating the per
formance of the GR4J model when forced with different reanalysis data. The KGE objective function represents a weighting of three
components that correspond to bias, correlation, and variability, ensuring that KGE is sensitive to errors in the overall distribution of
streamflow (Adeyeri et al., 2020; Kling et al., 2012). We therefore calculated the hydrological model performance statistics for the
calibration and validation periods and compared across the different reanalysis datasets to investigate the overall suitability of the
different reanalysis as input data to simulate river flows. We adopted a threshold of model performance in the range − 0.41 <KGE≤ 1
as reasonable, following Knoben et al., (2019) being − 0.41 the KGE value corresponding to a mean flow benchmark.
A split-sample validation technique (Klemeš, 1986) was used to test model performance beyond the calibration period. For this
study, 36 years (1981–2016) of streamflow data for each catchment were available, so we split into two equal 18-year Split-Sample
Testing (SST) periods hereafter referred to as SST1 and SST2.
Third, we perform Sensitivity Analysis by applying the global Sobol sensitivity method for the GR4J model parameters using the
KGE as our target function and the daily observed data of the 19 catchments as reference. We adopt the Sobol method because it
estimates the relative contribution of individual model parameters and their interactions through the decomposition of model output
variance (Nossent et al., 2011). A sensitivity analysis allows a reduction of the number of parameters incorporated in the optimization
by determining the most influential parameters of a model and their identifiability (Saltelli et al., 2000). As no prior information is
available on the parameters, the input parameter values for the Sensitivity Analysis are sampled from a uniform distribution (Nossent
et al., 2011). The different parameter ranges are scaled between 0 and 1 with a linear transformation. Then, we obtain one value of the
Sensitivity Indices (SI) per parameter, and we investigate the relative role of each parameter in explaining the output variance and
assess possible over-parameterization issues by counting the number of sensitive parameters. The value of the objective function for the
calibration of parameters can be used as the model performance statistics for sensitivity analysis, as such we adopted the KGE.
Last, we assess the overall suitability of the rainfall–runoff model when forced with different meteorological inputs by calculating
the Model Suitability Index (MSI). We compare the performance of the four reanalysis datasets across the 19 catchments and inves
tigate which of the input dataset is suitable and which require caution, because of low model performance and possible parameter
identifiability or over-parameterization problems. The well-known problem of over-parameterisation due to insensitive parameters in
models with large number of parameters (van Griensven et al., 2006) makes sensitivity and performance statistics important. This may
result in uncertain model simulations arising from equifinality in model calibration but yielding unequifinal model simulations in

Fig. 3. Line graph of correlation coefficients (CC) between monthly observations and ERA5, ERAI, JRA55 and CFSR precipitation for the period
1981 – 2016 on average across the 19 study catchments.
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validation (Beven, 2012). This mostly arises due to application of calibrated multiple optimal parameters sets with significantly
variable parameter values (Shin et al., 2015; Shin and Kim, 2017). Therefore, in most cases the problem arising from prediction
uncertainty may pose problems to modellers when it comes to decision making. By applying the quantitative method of Sobol’s SA, this
enabled us to couple the results with the performance statistics. The MSI aggregates both sensitivity indices & performance statistics
(Shin and Kim, 2017), providing a clear index to judge the relative global performance of the reanalysis products with respect to
observations. The computed MSI can be used in comparison studies with any catchment data. If all the model parameters are sensitive,
this would yield a MSI of 1 and a perfectly matched hydrograph between the simulations and observations.
We adapt Shin’ and Kim (2017) Model Suitability Index (MSI), which is a combined measure of performance statistics and
Sensitivity Analysis results. The MSI can be expressed as:
(
)
(
)
n
m
1∑
1 ∑
MSI = 0.5 ×
(1)
SRi + 0.5 ×
PSj
n i=1
m j=1
Where the SR is the sensitivity ratio (i.e., the ratio of the number of sensitive parameters out of the total number of model parameters)
ranging from [0, 1] and PS is the performance statistics, n is the number of years over which the sensitivity analysis is run, and m is the
number of split sample periods in model calibration. It is necessary to set a sensitivity threshold to ascertain the sensitive parameters,
hence we adopted a minimum value of 0.2 for the TSI of a sensitive parameter. This value has been suggested and used in some past
studies (e.g (van Werkhoven, 2009; Van Werkhoven et al., 2009 & Shin et al., 2013). It is worth noting that this is an arbitrary value,
thus we acknowledge the need to practice caution when the parameters’ TSI values are nearing the threshold. PS is computed by
obtaining the average value of all the periods considered (i.e., two split sample periods). To calculate the average PS, we considered the
calibration and validation performance statistics (KGE). As both measures are equally important, we gave the same averaged weight to
PS and SR in calculating the MSI.
4. Results and discussion
4.1. Results
4.1.1. Overall performance evaluation using observations
The performance of ERA5, ERAI, JRA55 and CFSR on monthly, seasonal, and annual scales is presented in this section. We used the
monthly scale as a base time scale and calculated CC, RMSE, MAE and ME for all the four reanalysis products.
4.1.1.1. Performance on monthly scale. ERA5, ERAI, JRA55 and CFSR were first evaluated on a monthly timescale with respect to
observations at the country level. All the datasets passed the significance test of the correlation coefficient at the 99% confidence level
and to eliminate the influence of the seasonal cycle on the values, each Correlation Coefficient was calculated per month as shown in
Fig. 3. ERA5 shows the highest average correlation coefficient value of 0.71 on monthly timescale compared to observations and is
consistently higher across all months (Fig. 3, and Table 3) than the other reanalysis products. ERAI and CFSR have good average
correlation but show larger drops in some months (especially in the drier month of August). JRA55 obtained a poor correlation co
efficient of 0.46 on average. In general, ERA5, ERAI and CFSR show higher correlations to observations in rainy months (March-AprilMay and October- November-December) and lower in the dry months (June-July- August), whereas JRA55 shows worst correlations
during both rainy seasons.
The average twelve months evaluation indices for each of the reanalysis product is shown in Table 3. Overall, ERA5, ERAI and CFSR
show a similar good ability to simulate the precipitation for all the indices under consideration. ERA5 has a better CC, BIAS and RMSE
whereas JRA55 has the lowest CC and the largest BIAS and RMSE suggesting that JRA55 is worst performing reanalysis dataset over the
Kenyan catchments.
4.1.1.2. Performance on seasonal and annual timescales. The overall performance of the four reanalyses (ERA5, ERAI, CFSR and JRA55)
were evaluated on seasonal and annual timescales to explain the propagation of errors at these timescales. The results of the different
performance indices are shown in Table 4.
The overall correlation coefficients on seasonal and annual timescale are shown in Fig. 4. Higher CC across all the datasets were
obtained in the wet seasons of MAM and OND, whereas lower CC were obtained in the dry season of JJA, with the performance index
Table 3
Average CC, BIAS, RMSE, MAE and ME between the four reanalysis precipitation datasets and observations on monthly timescale for the period 1981
– 2016 over all the study catchments.
Index

ERA5

ERA-Interim

JRA55

CFSR

CC
BIAS (%)
RMSE (mm)
MAE (mm)
ME (mm)

0.71
49.72
31.59
25.11
1.64

0.63
-26.97
43.73
37.02
-30.00

0.46
146.66
115.12
79.92
71.52

0.68
-76.68
67.36
59.95
-59.91
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Table 4
CC, BIAS, RMSE, MAE and ME between the reanalyses and observation precipitation data at a seasonal and annual timescale averaged over the 19
study catchments in Kenya.
Season

Dataset

CC

BIAS (%)

RMSE (mm)

MAE (mm)

ME (mm)

MAM

JRA55
ERAI
ERA5
CFSR
JRA55
ERAI
ERA5
CFSR
JRA55
ERAI
ERA5
CFSR
JRA55
ERAI
ERA5
CFSR

0.34
0.59
0.88
0.78
0.52
0.24
0.25
0.22
0.44
0.81
0.52
0.84
0.25
0.46
0.52
0.60

155
-28.1
47.6
-84.6
67.4
-39.5
-1.4
-84.6
271.7
-27.9
96.6
-84.3
171
-26.3
44.7
-85.2

965.10
193.87
322.44
481.03
361.72
182.05
85.66
332.89
1036.4
123.34
397.00
307.76
2902.21
462.513
801.75
1354.36

898.12
168.09
282.42
475.14
290.77
157.12
70.90
327.95
983.25
111.09
349.70
296.47
2760.63
421.14
728.57
1349.21

898.12
-160.36
275.60
-475.14
267.76
-154.93
-5.446
-327.95
983.25
-100.56
349.70
-296.47
2760.63
-421.14
720.70
-1349.21

JJA

OND

ANNUAL

Fig. 4. Boxplots of the seasonal (MAM, JJA and OND) and annual Correlation Coefficients (CC) for four reanalysis CFSR (pink), ERA5(green), ERAI
(blue) and JRA55 (purple) across the 19 catchments. The bold line represents the 50th percentile; boxes and whiskers show the 25th and 75th
percentiles, and the 10th and 90th percentiles.

Fig. 5. Areal average annual precipitation from the observations and the reanalysis datasets, averaged across the 19 study catchments.
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Fig. 6. Mean monthly and seasonal standardized precipitation anomalies in the four reanalysis products for 1981–2016 period: (a) Monthly anomalies, (b) MAM season, (c) JJA and (d) OND anomaly
index in seasonal precipitation, for ERA5 (2nd column), ERA-I (3rd column), CFSR (4th column) and JRA-55 (5th column). Column 1 shows the observations (CHIRPS).
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Fig. 7. Seasonal observed precipitation (mm) and mean bias (%) of the extreme rainy days at 95th percentile in the four reanalysis products for 1981–2016 period: (a) Long-term observed (OBS)
seasonal average precipitation (mm) from CHIRPS, (b– e) mean relative bias (%), in seasonal precipitation in ERA5 (b), ERA-Interim (c), CFSR (d), JRA-55 (e), with respect to CHIRPS. MAM season
(top), JJA (middle) and OND (bottom panel).
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Fig. 8. GR4J model performance (KGE) in calibration (top panel) and validation (bottom panel) across the 19 catchments for different input datasets, Pan.1 (CFSR), Pan.2 (ERA5), Pan.3 (ERAI), Pan. 4
(JRA55), Pan.6 (CHIRPS).
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higher in OND than in MAM. ERA5 obtained the highest CC (0.88) in MAM, whereas CFSR the highest (0.84) in OND. JRA55 showed
lower CC of 0.34 and 0.44 in the two seasons respectively and a CC of 0.52 in the dry season, depicting a tendency of a wet bias over the
dry months. On average, the variability in the CC index across the four datasets was relatively lower in the OND season and higher in
the MAM season. The BIAS across the four datasets was lower in the dry season (JJA) and higher in the wet seasons (MAM &OND) with
JRA55 showing a higher positive BIAS across all the seasons. There are large values in the RMSE and the MAE across the four datasets
in the two wet seasons and this may be linked to the high precipitation concentrations during those seasons across most of the
catchments. Generally, it can be noted that JRA55 shows the worst performance in comparison to observation especially in the wet
seasons of MAM and OND but obtained relatively better scores in the dry season of JJA. ERA5 shows better agreement with obser
vations across the three seasons thus may be an appropriate option for simulating precipitation over the Kenyan catchments.
On annual timescale, the average annual precipitation of CFSR, ERA5, ERAI and JRA55 was computed and compared with the
observation (CHIRPS) (Fig. 5). ERA5, ERAI and CFSR show similar trend compared to observations across all the years, with CFSR and
ERAI underestimating the precipitation. JRA55 shows a higher tendency of overestimating the annual precipitation over the study
catchments. In terms of the performance indices, CFSR, ERAI and ERA5 showed better CC indices of 0.60, 0.46, 0.52 respectively
whereas JRA obtained lower CC of 0.25 (Fig. 4). The variability in the CC was higher in JRA55 (Fig. 4). ERA5 and JRA55 show a
positive bias of 45% and 171% respectively, whereas ERAI and CFSR show negative bias of − 26 and − 85%. ERA5 has a lower RMSE
and ME whereas JRA55 has the highest. These results show that ERA5 is the best performing reanalysis dataset compared to obser
vations on annual timescales whereas JRA55 is the worst performing.
The mean monthly and seasonal standardized precipitation anomalies in the four-reanalysis precipitation for a base climatological
period 1981–2016 is shown in Fig. 6. On monthly timescale, the observations show a positive anomaly over the central highland and
the western parts of Kenya (Fig. 6, pan1). The arid and semi-arid parts in the eastern and coastal lowlands show a negative anomaly
(dry bias). This pattern is also captured in ERA5, ERAI and JRA55 although JRA55 has too high and widespread negative anomalies
compared to the former two. On seasonal timescales, ERA5, ERAI and CFSR show positive anomalies in Western and central highland
in the three seasons except for JRA55 which has a stronger negative and positive anomaly in MAM and OND seasons respectively.
An evaluation of the extreme precipitation in the four reanalysis was also performed (Fig. 7). For this case, we focused on the 95th
percentile of rainy days for MAM, JJA and OND season during the period 1981–2016. A rainy day represents a day for which the
recorded precipitation amount is greater than or equal to 1 mm (Gudoshava et al., 2020). The observed extreme precipitation varied
between 60 mm to more than 240 mm across western, central highlands and coastal catchments for the rainy seasons (MAM and OND).
The observed extreme precipitation during the dry season JJA varied between 100 mm and 160 mm across the western catchments

Fig. 9. Boxplots of the overall GR4J model performance (KGE [-]) in (a) calibration and (b) validation mode over the 19 catchments.
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Fig. 10. GR4J model performance (Percentage KGE- Bias) in calibration (top panel) and validation (bottom panel) across the 19 catchments.
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Fig. 11. Scatter plot of Sobol Total Sensitivity indices (TSI) for the different reanalysis datasets and the GR4J model parameters for the nineteen catchments. Minimum and maximum TSI were
calculated for the whole data period. (a) Chirps, (b) ERA5, (c) ERAI, (d) JRA55 and (e) CFSR. Diagonal line is one-to-one line.
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only whereas in the rest of the other regions the observed precipitation was less than 60 mm. Our results show that CFSR and ERAI
show a positive bias for the extreme precipitation across most parts of the country in all the three seasons, like results in (Garibay et al.,
2021). JRA55 has an enhanced negative bias of the extreme precipitation in most parts of the country except for isolated positive bias
in the central highlands’ region in JJA and OND season. ERA5 has a positive bias in MAM and OND in most parts of the country with
some patches of negative bias in the western and central highlands catchments. It has an enhanced negative bias in JJA season with a
positive bias in the western and coastal strip. We conclude that ERA5 outperforms other reanalysis products as it captures the wet
extremes over the regions in which observations show enhanced precipitation in the respective seasons. The results are consistent with
the findings in Gleixner et al. (2020) which showed both ERA5 and ERAI to have the capability to capture wet extremes in the dry
seasons with ERA5 matching more closely to observations than the too wet ERA-interim. A promising performance in the ERA5 to
simulate wet extremes can be attributed to improved bias correction method which incorporates aircraft measurements, satellite
radiances, radiosonde measurements and surface pressure (Probst and Mauser, 2022). In addition, better performance in the central
highlands can be attributed to the improved horizontal resolution in ERA5, which results in better estimates in orographic
precipitation.
4.1.2. Evaluation of the reanalyses as inputs for hydrological modelling
4.1.2.1. Assessment of the overall model performance using different reanalysis. The performance of the four reanalysis datasets were
evaluated using the GR4J model in the 19 catchments for the period spanning 1981 − 2016. The KGE in calibration (top panel) and
validation (bottom panel) scores obtained using different datasets for each of the catchments are represented in Fig. 8. Overall, wetland
catchments in the western and highlands of Kenya obtained relatively better calibration scores compared to those in the semi-arid
regions, with Yala, Sio, Nzioa and Gucha (wetland catchments) performing best and Perkerra, Ndo, Tsavo, Thiba and Tana (semiarid catchments) performing worst. For each of the catchments, ERA5 showed better calibrated KGE scores compared to observations
while CFSR and JRA55 obtained poorer KGE scores. However, we take caution in the interpretation of our results in terms of per
formance criteria because these catchments have a high influence of human activities such as irrigation schemes and dams. As such the
low performance in some catchments may not be solely due to uncertainty in the input data.
The overall variability in GR4J model KGE scores across the four reanalyses are shown in Figure10. There are overall highperformance scores (KGE>0.5) in calibration mode in about half of the catchments for all datasets except CFSR, which suggests
problems in using CFSR as hydrological model inputs in the region that cannot be solved or compensated by calibration. In Fig. 9a,
ERA5, ERAI and JRA55 show similar overall performance compared to observation. The range for the performance statistic is narrower
in the ERA5, ERAI and JRA55, indicating a more stable model performance in the region, while is wider in the CFSR data (Fig. 9a). In
validation mode, the performance markedly decreases, as expected, for all datasets (Fig. 9b): ERAI, ERA5 and JRA55 have the highest
median KGE value (just above or about 0) whereas CFSR has the lowest median values (KGE<− 0.5). The range of KGE values is
relatively larger compared to observations; thus, a relatively unstable prediction ability is expected for streamflow in reanalysis in the
region. The range of performances is more variable in ERA5 and JRA55 and less variable in ERAI. Overall, the variability in KGE values
is highest in validation than in calibration across all the reanalysis compared to observations, as expected. Fig. 10 shows the percentage

Fig. 12. Boxplots of the Sobol Total Sensitivity Indices (TSI) for the GR4J parameters for Obs. (pink), CFSR (orange), JRA55(blue), ERAI (green) and
ERA5(forest-green) over the nineteen catchments. Dashed grey line represents the sensitivity threshold. The bold line represents the 50th percentile;
boxes and whiskers show the 25th and 75th percentiles, and the 10th and 90th percentiles.
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bias of the KGE component in each catchment in calibration (top panel) and in validation (bottom panel). The bias in all the four
reanalysis is higher in calibration, whereas in validation most catchments exhibit lower biases except for Perkerra.
4.1.3. Sensitivity analysis results
4.1.3.1. Variability in sensitivity of model parameters. The GR4J’s model maximum and minimum TSIs for the four reanalysis datasets is
illustrated in Fig. 11. The maximum and minimum TSIs represent the variability of parameter sensitivity within the catchment with
respect to KGE over the sampling periods and the variation across the four-reanalysis relative to observations. If the maximum and
minimum TSIs for a parameter are equal (on the one-to-one line), that parameter has the same TSI for the sampling period, implying
that the parameter is more stable across time, and would be expected to vary depending on the catchment characteristics and input
data as well. In all the four datasets, the routing parameter (X4) related to the unit hydrograph is evidently the least sensitive as it is
way below the threshold, followed by the capacity of the routing store (X3), whereas the two parameters governing the water-balance,
i.e. the soil moisture accounting store (X1) and the groundwater exchange coefficient (X2), are the most sensitive across the datasets in
most of the catchments, except for CFSR, where X1 is less sensitive.
Observations show more stability for the parameters for all catchments except six (Munyu, Thiba, Ndo, Ewaso Ngiro, Perkerra and
Tsavo) with respect to reanalysis datasets (Fig. 11). In ERA5, most of the catchments showed stability in parameters except in Thiba,
Tsavo, Large Nzioa and Ewaso Ngiro catchments (Fig. 11b). In ERAI, there is high variability in model parameter stability with less
stability for some catchments such as Thiba, Munyu, Mutonga and Tsavo catchments (Fig. 11c). In JRA55 and CFSR (Figs. 11d and 11e
respectively), the departure in sensitivity of model parameters from the diagonal is pronounced across most of the catchments. Overall,
the variability in sensitivity of model parameters is high in Thiba, Munyu, Pekerra and Ewaso Ngiro across all the datasets, thus we can
conclude that the reanalysis datasets are not suitable for model calibration is these catchments of Kenya characterized by arid and
semi- arid conditions. However, the catchment’s water balance may highly be affected by the dams constructed in the upstream areas
and the massive irrigation schemes, which results in water attenuation.
4.1.3.2. Overall sensitivity of GR4J model parameters. The parameters related to water balance, i.e., the soil moisture accounting store
(X1) and ground water exchange (X2), show higher sensitivity across all the four datasets except for CFSR, in which the production
accounting store is less sensitive and falls below the threshold value of 0.2 from the model TSIs (Fig. 12). The first parameter
responsible for water routing (X3) is less sensitive for most datasets (except CFSR), whereas the unit hydrograph parameter (X4) is the
least sensitive across all the catchments in all datasets. In comparison to observations, ERA5, ERAI and JRA55 show similar parameter
sensitivities of model parameters while CFSR show distinct higher variability and a difference in the parameters’ sensitivity, which
points to high uncertainty in the CFSR dataset. This result shows that the sensitivity of the model parameters can change with the input
datasets, having very different hydrological characteristics.
4.1.4. Comparison of reanalysis datasets using Model Suitability Index
When the sensitivity indices and performance statistics are considered, it is difficult to determine which dataset is more

Fig. 13. Bar chart showing a comparison of model suitability in terms of performance and parameter sensitivity across different reanalysis using the
Model Suitability Index (MSI).
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appropriate. ERA5 and ERAI datasets, for example, had good and clear parameter sensitivities that captured their purposes, and the
model performance score median values were higher than in CFSR and JRA55. However, the range of the performance statistics across
the catchments was sometimes wider than in the other datasets, resulting in higher simulation uncertainty. When compared to the
other two methods, the MSI, which considers both sensitivity indices and performance statistics, has the advantage of being easier and
clearer to judge the superiority and inferiority of the datasets in terms of both model performance and parameter identifiability. We
determined that a value of 0.5 for the MSI is a good MSI threshold, (Moriasi et al., 2007) We give the same weight to model per
formance and sensitivity, as described in the subsection ‘MSI’; thus, the threshold value for good MSI is 0.5.
Combining the model performance and sensitivity indices discussed in the preceding subsections, Fig. 13 shows the MSIs for all the
reanalysis datasets. The ERA5 has the highest MSI compared to observations across the nineteen catchments, followed by the ERAI
reanalysis. As a result, the ERA5 and ERAI reanalysis are appropriate, at least for the selected sample of Kenyan catchments, whereas
CFSR and JRA55 are least appropriate as they show lower MSI values across most of the catchments. CFSR shows negative MSI values
for Amala, Migori, Mutonga, Narok, Ewaso Ngiro and Sio catchments meaning it is not appropriate for application in these Kenyan
catchments. Overall, the four reanalysis datasets obtained relatively lower MSI values in Mara, Ndo, Ewasi Ngiro and Tana Garsen
catchments. These catchments are mainly in arid and semi-arid areas of Kenya, like results in Section 5.2.
4.2. Discussion
4.2.1. Overall Performance of reanalysis precipitation products
In this study, we assessed four reanalysis precipitation products relative to observations for the period 1981–2016 on monthly,
seasonal, and annual timescales. We also assessed how best they simulate streamflow using the GR4J model and sensitivity analysis for
19 catchments located in distinct geographical and climatic environments. Results show that the ERA5 reanalysis outperforms the
other reanalysis products on monthly and seasonal scales, whereas CFSR outperforms ERA5 on annual and seasonal timescales. In
general, ERA5 data were often closer to observations than other reanalysis data, which corresponds with earlier research on the
datasets in different regions (e.g., Betts et al., 2019; Gleixner et al., 2020; Tarek et al., 2020), even though these studies considered
different evaluation period, spatiotemporal resolution, hydrologic models, climates. However, the performance scores for the rean
alysis products over the Kenyan catchments were lower which contrasts some of the studies carried out in other parts of the world with
varying climates (e.g., Dhanya et al., 2017; Harada et al., 2016; Mahto et al., 2019; Wang et al., 2019), which obtained higher scores for
their study areas. The low performance scores may be due to variations in the initial resolution of the datasets (Chen et al., 2018;
Lemma et al., 2019) and the interpolation approach is likely to have some influence on the evaluation of various reanalysis data
(Rapaić et al., 2015; Zhang et al., 2016). It is also worth noting that while the observed precipitation data are the best estimates
available, they are likely to be subject to errors too (Beck at al., 2017a, Dinku et al., 2019). In addition, the seasonality of rainfall over
Kenya is greatly influenced by weather phenomena such as El Niño -Southern Oscillation (ENSO) and Indian Ocean dipole (IOD)
(Ayugi et al., 2020; Ojara et al., 2021; Onyutha, 2016) and play a major role in extreme rainfall events and inter-annual variability
(Ongoma et al., 2015). For example, the warm phase of ENSO/El Niño results in unusually heavy rainfall, causing rare floods like as the
1997/1998 occurrence (Takaoka, 2005). ERA5, ERAI and JRA55 picked the enhanced annual precipitation totals of the strong El Niño
years such as 1997/98 and 2015. However, relative to observations, ERA5 and ERAI underestimated the rainfall, and this may be
attributed to incorrect configuration in the reanalysis products. For example, ERA5 precipitation is not customized to pick up the
perturbations caused by the changes in the ocean – atmosphere interactions and the mountainous regions and so may miss picking up
the extremes caused by events such as ENSO, thus the low performance scores.
Standardized precipitation anomalies in ERA5, ERAI and CFSR show a positive anomaly over the central highland and the western
parts of Kenya (Fig. 6a, pan1) and a negative anomaly in arid and semi-arid parts in eastern and coastal lowlands in the three seasons
(MAM, OND, JJA) except for JRA55 which has a stronger negative and positive anomaly in MAM and OND seasons respectively. This is
consistent with study by Ongoma et al. (2018), which indicates a rise in the severity of severe precipitation events shown by a positive
standardized rainfall anomaly over East Africa including the mentioned regions in Kenya. With the changing climate, temperatures in
the region are projected to rise by the end of the twenty-first century, leading to an increase in rainfall extreme occurrences (Ongoma
and Chen, 2017), thus, exacerbating flood risk.
Our analysis of the accuracy of precipitation reanalysis with respect to observations, over different timescales from monthly to
annual, showed a positive but relatively small bias in CFSR, ERA5 and ERAI and a larger negative bias in JRA55 in MAM and OND
seasons. Moreover, the first three reanalysis datasets showed a good average correlation at the monthly and seasonal scales. Therefore,
the three reanalysis products have the potential to capture the rainfall seasonality and events in the study area. Recent worldwide
research show that the frequency, severity, geographical range, length, and timing of climatic severe events are changing (Wainwright
at al, 2021). A rise in rainfall severe events such as very wet days (R95p) and very wet days (R99p) anticipated for the future
(2021–2100) (Gudoshava et al., 2020), is likely to cause the loss of life and property devastation owing to an increase in flood intensity
(Finney, 2020). Therefore, further work should assess the capacity of the reanalysis datasets in capturing extreme rainfall event
characteristics, such as timing and daily peaks. Performance of reanalysis as inputs into a hydrological model.
Using a hydrological model as integrator to compare simulated and observed streamflow, which can operate as an independent
validation variable, is one approach to assess the quality of observation and reanalysis precipitation data. Each of the reanalysis
precipitation and estimated potential evapotranspiration was supplied to the GR4J model, which were subsequently calibrated for
each combination (using consistently precipitation and potential evapotranspiration from the same dataset), to independently analyze
the quality of input data for each dataset relative to the observed streamflow gauge data. Streamflow gauges, of course, are subject to a
variety of inaccuracies (Baldassarre and Montanari, 2009), but they represent the best available estimates for this study. Results of KGE
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scores show that ERA5 is better than ERAI, JRA55 and CFSR but on overage, all the reanalyses are less skillful relative to observations
across the catchments in this study and this is entirely due to the precipitation data quality. However, there is a marked improvement
in the KGE scores for the catchments in the central highlands and western wet catchments which agrees with some studies on the
datasets in other regions (e.g., Tarek et al., 2020; Essou et al., 2017; Lakew et al., 2020), pointing to the fact that reanalysis data can be
used as a replacement for observations.
There are overall high-performance scores (KGE>0.5) in calibration mode in about half of the catchments for all datasets except
CFSR, which suggests problems in using CFSR to reproduce the hydrological water balance in the region that cannot be solved or
compensated by calibration (Diro et al., 2009).
4.2.2. Sensitivity analysis of model parameters
Sensitivity analysis is useful in identification of the parameters that have a strong impact on the model outputs, which in turn
influences the effectiveness of the model. The greater the sensitivity of the model response to a parameter, the closer and sooner will
that parameter be optimized so a high sensitivity is good. Such an in-depth analysis of a hydrological model may (i) help to identify any
potential deficiencies in model structure and formulation; (ii) provide guidance for model parameterization; and (iii) provide the
information content of available input data.
Based on provision of information content of the input data, different reanalyses show different sensitivities of model parameters
and one that provides a higher sensitivity of model response means that it has less uncertainty and may be a lot easier to parameterize
the values, but then this in practical sense does not reach the real value and the dataset with low sensitivity has got high uncertainty
and model parameterization may be a lot difficult (Zeng et al., 2019). In comparison to observations, ERA5, ERAI and JRA55 show
similar parameter sensitivities of model parameters while CFSR show distinct higher variability and a difference in the sensitive
parameters, which points to high uncertainty in the CFSR dataset. This result shows that the sensitivity of the model parameters can
change with the input datasets, having very different hydrological characteristics. Overall, the variability in sensitivity of model
parameters is high in Thiba, Munyu, Pekerra and Ewaso Ngiro across all the datasets, thus we can conclude that the reanalysis datasets
are not suitable for model calibration is these catchments of Kenya characterized by arid and semi- arid conditions. MSI considers both
model performance and uncertainty quantitatively, therefore it can be used to compare any catchment. The ERA5 has the highest MSI
compared to observations across the nineteen catchments, followed by the ERAI and JRA55, whereas CFSR has least MSI values. MSI’s
dependability may be increased by including more sensitivity indices and performance scores as well as assigning weights to the scores.
5. Summary and conclusion
This study addresses a notable gap that was found in the literature for evaluating the accuracy of multiple precipitation reanalysis
datasets across data-scarce regions like Kenya, and for assessing their potential to supplement scarce rain gauge observations for
hydrological modelling. Four different state-of-the-art reanalysis datasets were assessed. Precipitation data from ERA5 shows the
highest average correlation coefficient value (0.71) on monthly timescale compared to observations and is consistently higher across
all months than the other reanalysis. ERAI and CFSR have good average correlation but show larger drops in some months (especially
in the drier month of August). JRA55 obtained a poor correlation coefficient of 0.46 on average. ERA5, ERAI and CFSR show higher
correlations to observations in rainy months (March-April-May and October- November-December) and lower in the dry months (JuneJuly- August), whereas JRA55 shows worst correlations during both rainy seasons. On annual timescales, CFSR, ERAI and ERA5
showed better CC indices of 0.60, 0.46, 0.52 respectively whereas JRA obtained lower CC of 0.25. ERA5 and JRA55 show a positive
bias of 45% and 171% respectively, whereas ERAI and CFSR show negative bias of − 26 and − 85%.
Spatial rainfall patterns directly affect temporal distribution key in driving runoff and soil erosion processes, which is useful in
management of hydrological risks and generation of sediments from rainwater. Monthly standardised anomaly maps in ERA5, ERAI
and JRA55 showed a positive anomaly over the central highland and western parts. In the arid and semi-arid parts in the eastern and
coastal lowlands parts of Kenya the three datasets showed enhanced negative anomaly. On seasonal timescales, ERA5, ERAI and CFSR
show positive anomalies in Western and central highland in the three seasons except for JRA55 which has a stronger negative and
positive anomaly in MAM and OND seasons respectively. Extreme precipitation showed a positive bias in CFSR, ERA5 and ERAI in
MAM and OND seasons whereas JRA55 has enhanced negative bias in most parts of the country except for isolated positive bias in the
central highlands’ region in JJA and OND seasons.
The performance of GR4J model when forced with different reanalysis in the 19 catchments reveals a bigger role of localized
catchment characteristics and process in model calibration. Wetland catchments in the western and highlands of Kenya obtained
relatively better calibration scores compared to those in the semi-arid regions, with Yala, Sio, Nzioa and Gucha (wetland catchments)
performing best and Perkerra, Ndo, Tsavo, Thiba and Tana (semi-arid catchments) performing worst. For each of the catchments, ERA5
showed better calibrated KGE scores compared to observations while CFSR and JRA55 obtained poorer KGE scores. The range of KGE
values was relatively larger compared to observations; thus, a relatively unstable prediction ability is expected for streamflow in
reanalysis for Kenyan catchments. The range of performances is more variable in ERA5 and JRA55 and less variable in ERAI. Overall,
the variability in KGE values is highest in validation than in calibration across all the reanalysis compared to observations, as expected.
Sensitivity analysis allows the reduction of parameters incorporated in optimization by determining the convergence most influ
ential model parameters. Sensitivity analysis revealed that in all the four datasets, the routing parameter (X4) related to the unit
hydrograph was evidently the least sensitive, followed by the capacity of the routing store (X3), whereas the two parameters governing
the water-balance, i.e. the soil moisture accounting store (X1) and the groundwater exchange coefficient (X2), are the most sensitive
across the datasets in most of the catchments, except for CFSR, where X1 was less sensitive, with ERA5 showing a highest sensitivity in
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the model parameters. However, the variability in sensitivity of model parameters was high in Thiba, Munyu, Pekerra and Ewaso Ngiro
across all the datasets, thus we conclude that model calibration in arid and semi- arid catchments of Kenya does not yield skillful results
using the reanalysis data. The MSI aggregates both sensitivity indices & performance statistics, providing a clear index to judge the
superiority (or inferiority) of a reanalysis with respect to observations. On average ERA5, ERAI (& JRA55) have better MSI scores
across most of the Kenyan catchments: ERAI & ERA5 perform better than JRA55 & CFSR, and lead to more robust model parameters.
Using a catchment model and combined sensitivity - model performance analysis, allows an evaluation of the impact of the variability
in the rainfall products throughout the catchment modelling process.
In conclusion, in this study we have demonstrated the usefulness of reanalysis rainfall products as potential alternatives for hy
drological applications in Kenya. We assessed the suitability of reanalysis precipitation datasets for hydrological modelling across
Kenyan catchments, but first assessed the propagation of errors when reanalysis is compared to observations. We performed the
assessment on monthly, seasonal, and annual timescales. Then, using a lumped bucket-style hydrological model, we assessed the model
performance via the KGE criterion and parameter uncertainty via Sobol’s Sensitivity Analysis for four different reanalyses: - ERA5,
ERAI, JRA55 and CFSR across 19 catchments. The parametric and model input uncertainty is investigated using the sensitivity indices
and the comprehensive model performance analysis is used to examine the model’s input strength, i.e., the amount to which the model
captures the dynamics of rainfall–runoff processes with respect to different forcing. We also coupled the results of the performance
scores and sensitivity indices to compute MSI for the 19 catchments.
We acknowledge the value and need of additional work, if reliable data at higher temporal frequency becomes available and can be
used, as it contains more information. However, this is a big limitation for the current study due to high data gaps in the daily data
(river discharge data used in the current study) and the lack of higher temporal resolution hydrological data. Future work should
concentrate on assessing the sub-daily performance of hydrological modelling with reanalysis, testing its quality on other additional
catchments in countries in the region with quality observed gauge data, but prior investments in data collection in Kenya seem to be
needed. Our approach may be extended to various conceptual rainfall -runoff models as well as physically based distributed rain
fall–runoff models. The MSI analysis is a practical method for weeding out the appropriate model input on a catchment scale basis,
however a more robust analysis where weights are assigned would yield some improvements in the results. To fully ascertain the
potential of alternative model forcing, catchments characteristics and human influence such as dams and reservoirs should be
modeled.
Finally, it is essential to note that this work does not promote the use of products such as reanalysis to replace observed data from
weather stations, nor can it be understood as giving reason to continue the present trend of retiring additional stations. Quality
controlled ground observations still act as the best data for research. The ERA5 results demonstrate that atmospheric reanalysis has
likely reached the stage where they can consistently supplement data from weather stations and offer trustworthy proxies in places
with less dense station networks, at least across Kenya. Overall, reanalysis can be a viable alternative to observations in ungauged
catchments, but the associated uncertainties need to be carefully communicated for informed choice of hydrological modelling tools.
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