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ABSTRACT ARTICLE HISTORY
Satellite rainfall estimates (SRE) offer spatial-temporal rainfall repre- Received 31 October 2023
sentations in regions with limited ground-based gauge rainfall mea- Accepted 25 February 2024

surements. However, differences exist between SRE and gauge KEYWORDS

measured rainfall, which needs assessment and reduction. This Bias correction; chirps; crop
study presents a method to correct errors in SRE to make their use water requirement

in agro-hydrological applications and models meaningful. The main satisfaction index; satellite
scientific objective is the determination of effective window sizes for rainfall; bias correction
SRE bias correction. To conclude on effective window sizes, the crop windows

water requirement satisfaction index (WRSI) for gauged rainfall,

uncorrected SRE and bias corrected SRE were estimated and propa-

gation effects of SRE errors on respective WRSI estimates were

assessed. WRSI indicates how much of the crop water needs are

satisfied by rainfall. The Climate Hazards Group InfraRed

Precipitation with Station data (CHIRPS) SRE was bias corrected

using gauged rainfall data from 20 stations in the Lake Victoria

basin of Kenya from 2012 to 2018. The results show that the error

in WRSI can serve to determine effective window sizes for SRE bias

correction rather than using SRE bias error itself. This proposed

correction method resulted in improved estimates of WRSI.

1. Introduction

In estimating water required by crops, it is essential to accurately estimate the soil water
balance affected by rainfall and actual evapotranspiration. Rainfall, the main source of
water in rainfed agriculture, affects soil water storage (Geneti 2019). Any error in rainfall
data can affect crop water estimates and consequently crop growth (Vergopolan et al.
2021). Therefore, accurate rainfall data that represent key characteristics relevant for crop
growth are necessary.

Rain gauges are used to record rainfall. However, Tapiador et al. (2017) highlighted
challenges in obtaining data from these gauge networks to represent spatial-temporal
rainfall. These challenges include complex terrain, inaccessible locations, geopolitical
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instabilities and uneven distribution of gauges. Infrared and microwave satellite sensors
provide an opportunity to estimate rainfall from space. When reliable, these estimates can
supplement or replace ground-based rainfall data in agro-hydrological studies (Mokhtari,
Sharafati, and Raziei 2022; Pellarin et al. 2020).

Satellite rainfall estimates (SRE) provide rainfall data at fair spatial grid resolution (e.g. 5
km x 5 km) and daily or sub-daily temporal resolution (e.g. 15 min). However, these
estimates are derived indirectly from sensed cloud properties such as brightness tem-
perature. SRE are affected by systematic and random errors (Chen et al. 2021), causing
misrepresentation of rainfall characteristics. The systematic error in SRE is commonly
referred to as bias (Smith et al. 2006; Toté et al. 2015). Such rainfall misrepresentations
can affect simulations of soil water required by crops. For example, Omondi et al. (2021)
assessed the accuracy of four SRE products in representing the onset day, rainfall depth,
dry spells and rainfall occurrence for different crop growth stages. The study used the
crop water model in Instat+ 3.37 software, developed by the Statistical Services Centre
(see https://www.ssc.rdg.ac.uk), to determine the crop water requirement satisfaction
index (WRSI), which indicates how much of the water requirements for crop growth are
satisfied by rainfall. WRSI can be interpreted as an index that shows soil water availability
for crops. The results showed varying onset dates for wet season rains across four SRE
products. These products performed well in periods of high rainfall, but their performance
weakened as the cropping season progressed. SRE represented dry spells more accurately
during early crop growth stages. The study recognized that errors in SRE should be
reduced to improve SRE for agro-hydrological applications and models.

Bias correction is a method to reduce systematic errors of SRE. Studies focusing on soil
water availability for crop growth have emphasized the need to correct for bias
(Luetkemeier et al. 2018; Omondi et al. 2021). Bias correction seeks to improve represen-
tation and reliability of SRE by using statistical methods such as linear regression, Bayesian
approaches (Kimani, Hoedjes, and Su 2018), mean bias correction (Chaudhary and Dhanya
2019), and distribution function matching (Mastrantonas et al. 2019). Gauged rainfall
serves as the reference for assessing errors in SRE and its correction. Bias correction is
common in hydrological modelling, and the time window sizes used are often fixed and
short (less than 10 days) (Faghih, Brissette, and Sabeti 2022; Koshuma et al. 2021), as bias
errors may impact simulation of high peak flows that develop over short periods of time
(e.g. daily). While accumulation of SRE errors increases over short periods, they stabilize
over longer periods as random errors compensate each other whereas systematic errors
remain to reach the largest value over a certain period of time (Bhatti et al. 2016). Short
bias correction windows of fixed size might not be effective to estimate requirements for
crop growth as the effect of SRE bias is unknown and thus bias correction may be
ineffective.

Different studies have tested the effectiveness of various bias correction window
sizes. Shabalova, van Deursen, and Buishand (2003) used an 80-day window for SRE
bias reduction. Leander and Adri Buishand (2007) applied a 65-day window to
correct the standard deviation of SRE through a regression equation. Terink et al.
(2010) highlighted that smaller window sizes could lead to correction of random
errors instead of systematic errors. Habib et al. (2014) used a seven-day window to
correct SRE bias. Following this approach, Bhatti et al. (2016) assessed the error
magnitude between CMORPH and gauged rainfall using different sizes and showed
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that increases in the SRE error reduced when window sizes were increased. The
study shows that errors levelled off for windows longer than 7 days, with minimal
increases for windows larger than 15days. The study distinguished between sys-
tematic errors (i.e. bias) and random errors. For windows larger than 15 days, errors
did not increase much anymore as systematic errors were at its highest and the
effects of random errors minimized as positive and negative errors compensated.
For application in runoff modelling, the study proposed to adapt to 7 days win-
dows with restrictions to apply correction for a minimum of five rainy days and at
least 5mm of rainfall. Gumindoga et al. (2019) adopted this methodology. Bias
correction methods in these studies were meant for streamflow modelling to
simulate quick catchment responses to rainfall causing high flows. The use of
SRE in agricultural applications is underexplored. Similarly, bias correction applica-
tions in estimating WRSI for crop growth are rare, which should follow different
principles as errors may not necessarily propagate to result in inaccurate soil water
requirements, thereby affecting crop growth. A setback to the use of SRE in crop
growth is that the size of a preferred window to effectively bias correct SRE meant
for estimating WRSI remains undefined.

This study proposes and evaluates a method to correct bias in SRE by assessing its
effects on WRSI. The proposed method aims to quantify how SRE bias contributes to
WRSI errors and, consequently, crop growth. The WRSI is estimated using gauged
rainfall, uncorrected SRE and corrected SRE. Specific objectives are to: (a) determine
efficient bias correction window sizes based on assessing the effects of SRE bias on
WRSI, (b) apply SRE bias correction and compare differences in WRSI for uncorrected
and corrected SRE to assess the effects of SRE bias on WRSI, and (c) validate the
proposed bias correction procedure. The novelty in this study is that error in WRSI due
to SRE bias is used to determine window sizes for bias correction that can be of
different sizes.

2. Materials and methods
2.1. Study area and rain gauge network

Twenty automated weather stations from the Lake Victoria basin of Kenya were selected
for the study (Figure 1). The basin covers 43,368 km? between 2° 05’ 00” S to 1° 20’ 00”
N and 33° 55’ 00" E to 36° 05’ 00” E. The elevation ranges from 1079 to 4318 m above sea
level. Tropical rain forest characterizes the basin. Long rains occur from March to June and
short rains from October to November, with intermittent dry spells in other months. The
annual rainfall is 700-2000 mm (1987-2016) with a bi-modal distribution (Evans, Mukhovi,
and Nyandega 2020). The region practices rainfed farming of mixed cereals as a staple
food, sown from early February through March due to fluctuating rainfall patterns.

The daily rainfall observations from the 20 automated weather stations were provided
by Agriculture and Climate Risk Enterprise Africa (https://acreafrica.com). The period of
observation covered January 2012 to December 2018 making the time series well suited
to achieve the objectives of this study. Rain gauges had few minor data gaps and were
checked for consistency and completeness by Omondi et al. (2021).
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Figure 1. Distribution of 20 automated weather stations providing rain gauge measurements and
other meteorological data for the study. Elevation is represented by a 30 m shuttle radar topography
mission digital elevation model.

2.2. CHIRPS satellite rainfall

This study builds on the study of Omondi et al. (2021) where four SRE products
were assessed for bias. The study concluded that the Climate Hazards Group
InfraRed Precipitation with Station data (CHIRPS) product had the poorest perfor-
mance because it falsely detected rainfall events, impacting the length of dry
spells. This poor performance had a significant effect on estimated WRSI, making
CHIRPS the focus of this study.

CHIRPS, a quasi-global infrared cold cloud duration-based rainfall product, com-
bines satellite and ground station rainfall data for reliable drought monitoring
(Funk et al. 2014; Gummadi et al. 2022). It has a spatial resolution of 0.05° and
varies in temporal resolution from 6 h to 3 months. Omondi et al. (2021) used the
latest CHIRPS Africa version 2.0 (https://data.chc.ucsb.edu/products) available at
a daily time step and at a 0.05° spatial resolution.
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2.3. Bias correction

2.3.1. WRSI estimation and SRE bias effects

WRSI served as a proxy to indicate soil water availability for crops in the bias correction
method. WRSI compares actual evapotranspiration (AET) to the crop water requirement
(WR) following Equation 1 (Frere and Popov 1986; McNally et al. 2015).

AET

where WRSI is crop water requirement satisfaction index (%); AET is actual evapotranspira-
tion (mm); WR is crop water requirement (mm).

To determine WR, potential evapotranspiration (PET) is required. The PET was esti-
mated using the widely accepted FAO-56 Penman-Monteith method (Allen et al. 1998).
The crop water requirement was then obtained by multiplying PET with crop coefficient
(Kc) values according to Equation 2. Kc values, which adjust for crop water requirement
per growth stage, were calculated for maize using the single Kc approach developed by
Allen et al. (1998).

WR = PET x Kc (2)

The WRSI values for gauged rainfall (P;) and uncorrected SRE (P;) were estimated
using the crop water balance model in Instat+ 3.37 software. The Instat+ software
was selected because of its modest data input requirements and its effective simula-
tion of WRSI influenced by rainfall and AET. The model accounts for soil water-
holding capacity (SWHC), which indicates the ability of a certain soil texture to
physically hold water against the force of gravity. In the WRSI approach, SWHC is
the maximum soil water storage available for crop growth. The SWHC data was
obtained from the International Soil Reference and Information Centre (2004) soil
and terrain database for Kenya version 2.0. The model estimates WRSI as affected by
soil water stress, which can be caused by a water shortage or surplus for crop
growth.

The WRSI value is 100 at the start of the cropping season, indicating that the soil water
requirement for crops is fully satisfied without any drought stress (Senay and Verdin
2002). Any value lower than 80 signifies drought stress as shown in Table 1. As the
cropping season progresses, drought may intensify due to changes in daily soil water
storage resulting from rainfall and AET, that is estimated for gauged rainfall and SRE
(Equation 3). AET represents soil water loss through crop evapotranspiration and is

Table 1. WRSI classification indicating the impact of drought stress on crop performance
and how accumulated error in WRSI caused by the effects of accumulated SRE bias relate to
a change of rainfall deficit classes.

WRSI Wy Rainfall deficit classes Crop performance description
100-80 0-20 No water stress Good

79-70 21-30 Mild Satisfactory

69-60 31-40 Moderate Average

59-50 41-50 Severe Poor

<50 >50 Extreme Total crop failure
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estimated considering the crop available water derived from daily rainfall, soil water
storage and PET that is its upper limit.

SW{ - SWt7‘| + P - AET (3)

where SW is soil water storage (mm), P is rainfall from respective rainfall data sources
(mm) and t is time step. In case SW; potentially could become larger than SWHC by high
rainfall, then excess rainfall will be discarded to cause runoff.

2.3.2. Determining bias correction windows

To minimize the effects of SRE bias on WRSI estimates, an effective bias correction
procedure and a properly defined correction window size is needed. The proposed bias
correction method in this study uses window sizes based on a predefined threshold value
in WRSI error due to SRE bias. This threshold signifies a misrepresentation of water
available for crops due to SRE bias. The following outlines the steps of the proposed
bias correction method, as shown in Figure 2.

(1) A threshold value in WRSI error due to SRE bias, 8 (see Equation (4)), is pre-defined.

WRSI,, WRSI,,

A
AW RSI,,

‘ > .  AWRSI,, = o]

{

[——>[ ==L AWRSI,,
v

No
\\‘ Zt =d+= 1AWRSIs,t > ﬁ ]» Yes,2- ->‘ Zt k= 1AWRSIs,t _ﬁ ’
I

Yes, 1

¥
t=d
/Establzshed window size (W)H’ BFY = ’—Z w Faan
PS(I[)

-dw

/ K. / / PET;, / / SWHC/ / Pscin) = B"Ef‘i X Pty /
C [ J

A\

| WRSI., |

X} AWRSL,, |

Figure 2. Flowchart showing the bias correction procedure.
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n

B=" (WRSls — WRSlg) @)
1

where §is a pre-defined threshold in WRSI error attributed to SRE bias, n marks a period of
unknown size in days over which § is reached, subscripts g and s represent gauged and
uncorrected SRE rainfall inputs, respectively.

(2) Throughout the cropping season, daily WRSI is estimated using Py and P as
described in section 2.3.1.

(3) Each day, the WRSI difference between WRSI estimated using gauged rainfall
(WRSlg) and uncorrected SRE (WRSI;) is updated over a time window of undefined
size and denoted as AWRS; ;.

(4) With the progression of the cropping season, the daily AWRSI;; estimated in (3) is
aggregated and denoted as ¢ , in Equation 5, to signify WRSI error due to SRE bias.

t=w
Wse= > (WRSl; — WRSly,) (5)
t=d

where t is the time step (in days) over a time window of unknown size w; and d is the
onset day number for the time window.

(5) When the ¢, exceeds B, a bias correction window of variable size (w) is estab-
lished. The B denotes threshold for ., at which SRE needs to be corrected as
AWRSIs ; becomes too large due to SRE bias to affect simulated crop growth.

(6) A rainfall bias correction factor (BF), that applies to all days of the correction
window established in (5), is then calculated from the start to the end of the
window based on Equation 6.

BFiWr _ i;g—w Pg(i=f) (6)

t=d
t=d-w PS("J)

where j represents rain gauge/pixel location and w is the bias correction window size (in
days).
(7) The calculated rainfall bias correction factor is then multiplied with the correspond-
ing P; using Equation (7) to obtain the bias corrected SRE (P;) for the day number
of the correction window.

Psc(i,t) = BFIM; X P5<i=t) @)

where P, represents bias corrected SRE (mm d™") at rain gauge/pixel location i.
(8) The y, , is tracked over consecutive time steps until 8 is reached to mark the start of
a preceding correction window.

Whereas a threshold value for ¢, can be pre-defined, the period to reach it is
undefined due to the unknown daily SRE bias. Consequently, AWRSI; values influence
the size of the bias correction window. In the bias correction method, the size of the
first correction window is determined by initiating ¢, to zero at the onset of the
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window. For all subsequent window sizes, ¢, . at the start of a window is adjusted to
the difference between $ and ¢, of the preceding window to ensure consistency
throughout the rainfall bias correction windows.

2.4. Evaluation indices

Since S is subject to SRE bias, its effectiveness in determining bias correction window sizes
was tested. Values of 8 were varied from 0.5 to 50% in 0.5% increments. The selection of 3
was based on the principle that rainfall misrepresentation beyond a certain percentage
has an effect on WRSI that could lead to (incorrect) loss of crop performance and
eventually to (incorrect) failure if not timely corrected (see Table 1).

The relative bias was used to evaluate the effectiveness of 3 values. Relative bias in
WRSI, denoted as RB;,,; for uncorrected SRE and RB;,; for corrected SRE, was determined
using estimated WRSI from gauged rainfall as reference (Equation 8 and Equation 9).
Relative bias was selected because it is a normalized measure where effects of systematic
differences (WRSIS,t - WRSlg,r) are indicated with reference to WRSI, ;. The relative bias
ranges from -co to oo with an optimal value of zero indicating no systematic differences
(Smith et al. 2006).

B SN, (WRSIs — WRSlg,)

RBS o, = - x 100% ®)
> o1 WRSlg
N
WRSlsc: — WRSI
RBlirsi = L (WSl o) x 100% )

S WRSly,

where N is the duration of the cropping season (days) and WRSI,. is WRSI estimated
using Ps..

In addition, the effect of P, on the estimated crop water requirement was assessed
using the relative bias, RMSE and the Pearson linear correlation coefficient (R). RMSE
indicates differences in rainfall estimates between P; and P, and Ps., and WRSI values
between WRSI; and WRSI; and WRSI corresponding to Py (denoted as WRSIs). Smaller
RMSE values indicate better performance. The correlation coefficient R was used to assess
the agreement between rainfall estimates as well as WRSI values.

2.5. Cross validation

To validate the proposed bias correction method, cross-validation assessment was imple-
mented. The commonly used ‘leave-one-out’ cross-validation technique recommended
by the World Meteorological Organization standardized verification system was selected
(Acharya et al. 2013). This method involves withholding one gauge station from the
network of available stations and designating it as a validation station. The location is
assumed to be ungauged i.e. without observation time series of gauged rainfall. By spatial
interpolation of bias factors from the remaining stations, the bias factor at the withheld
station is estimated. For validation analysis, this procedure was repeated for all gauge
stations and all-time steps. Interpolated bias factors at respective stations were
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subsequently compared to the original ones. This study resorted to the use of the most
widely used inverse distance weighting interpolation (IDW) method that uses the concept
of distance weighting. The spatially interpolated bias factors follow Equation 10 and
Equation 11. The method assumes that observation points at short distances from the
ungauged grid cell are more similar as compared to more distant points (Maleika 2020).

This study adopted a radius of influence of 40 km by considering the density and
spatial distribution of stations in the northeast and central regions. Barrios et al. (2018)
described the radius of influence in IDW interpolation as the spatial extent around the
unknown station within which nearby known stations are used for interpolation. Given
the 40 km radius, a minimum of 8 stations contributed to the interpolated bias correction
values. To weigh the effect of the distance of a station to the grid point to be interpolated,
this study adopted a distance weighting factor of 2 that is commonly applied in daily
rainfall interpolation studies (e.g. Dirks et al. 1998; Ly, Charles, and Degré 2011). Such
weighting factor ensures that the estimated values are influenced not only by a few
nearby stations with respective bias correction values but also proportionally by stations
at larger distances.

M
BFic = Y zBFiy (10)
i=1
a
=W an
Zi:l di

where BFy ¢ represents the interpolated bias factor for a grid cell (k) at a daily time step;
BF;; is the bias factor of the irain gauge station, M is the number of rain gauge stations
used in the interpolation, z; is the weight of each rain gauge station and  is the distance
weighting factor.

3. Results and discussion
3.1. Propagation effects of SRE bias on WRSI

The relation between B and the relative bias for corrected SRE (RBy ) is illustrated in
Figure 3. As § starts at the smallest value of 0.5%, RBj rapidly decreases. However, this
rapid decrease in RB) stabilizes after a certain B. This suggests the insensitivity and
ineffectiveness of increasing the size of bias correction windows. Comparative analyses
show that RB;' is consistently lower than RB;,. This decrease in rainfall bias after correction
means that the proposed SRE bias correction method reduces systematic differences
between P, and P;.

Figure 3 also illustrates the relationship between 8 and RBZ,...

bias for uncorrected SRE (RB;) and the associated relative bias in WRSI (RBS

It also shows the relative

wrsi) to
indicate contribution of SRE bias on WRSI. The consistently lower values of RB;,; com-
pared to RB;,  highlights the effectiveness of bias correction. The SRE bias is corrected

such that when corrected SRE is used for estimating WRSI, the calculated crop water
needs can more closely correspond with those determined using gauged rainfall.
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Figure 3. The relationship between § and relative bias values across the 20 rain gauge stations (2012-
2018). RBy in red and RB;; in blue. The sub-set tables indicate RB, and RBj,,; calculated over all days

wrsi wrsi
of the cropping season.

Additionally, it suggests that the effectiveness of the bias correction window size can be
assessed across different 8 values.

The graphs for both RB;S and RBj/; start from large negative values and gradually
decrease to small values as 8 increases. This implies that SRE bias consistently impact
simulated WRSI. For 8 values where the bias correction resulted in P smaller than P, it
caused a negative difference in rainfall, denoted as — APy ;. This leads to smaller soil water
availability for crops, causing a negative difference in simulated WRSI since WRSI. is less
than WRSIy (i.e. —AWRSI;c ;).

Graphs show a few cases where RB; and RB}; at a succeeding B become larger
than those at a preceding B. This means that the succeeding f results in —AP;
that leads to a smaller WRSI,, compared to those obtained using a preceding 8
value. This can happen because f is subject to SRE bias and thus the window size.

So, when B increases, the size of the respective ¢;, windows also increase.
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Figure 4. Box whisker plots representing the relationship between 8 and RB,;. A single box-whisker

represents a series of seven cropping seasons (2012-2018) from 20 rain gauge stations in the Lake
Victoria basin. The red horizontal line inside the box represents the median (50™ percentile), the top
and bottom boundary of the box represents the 25™ and 75" percentiles, while the whiskers indicate

the extreme values (5% and 95%) excluding outliers. The black crosses show the outliers. RBS . lower

than zero indicate that the f value results in smaller Py than P, to cause a negative difference in
rainfall that propagates to cause a negative difference in simulated WRSI.

Consequently, the daily variations of differences in rainfall inputs (i.e. P; and P;),
whether positive or negative, might not immediately affect WRSI estimates to
trigger bias correction. Instead, these effects are sustained until the pre-defined
is reached.

3.2. Bias correction window sizes

Figure 4 shows box-whisker plots for each § for daily RB;;,; for seven cropping seasons
(2012-2018) from 20 rain gauge stations.

The graph shows that the spread of RB;;,; narrows as 8 increases. Large spread of RBS,.;
is shown for 8 values lower than 6%. This pattern is consistent during cropping seasons
with low and high rainfall in 2014 and 2012 (Figure 5). The spread decreases notably
beyond a 8 of 11% for cropping season with low rainfall and 5% for cropping season with
high rainfall. At the lowest 8 of 0.5%, the median of RB',.; starts from the largest negative
value and gradually reduces when f8 increases (see also Figure 6 shows the effectiveness
of the bias correction method for 8 values at various rain gauge stations). This suggests
that bias correction becomes more effective at larger 8 values. When 8 exceeds 20%, RB;;,.;
shows minor, steady decrease, resulting in less fluctuation of AWRSI;. ;. This indicates that
as B progressively becomes larger, the effects of SRE bias on WRSI do not substantially

increase. The graphs show that RB,.; was lower for most 8 values. This suggest that bias
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(a) Cropping season with high rainfall amount (2012)
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Figure 5. Representation of the relationship between 8 and RB,; for cropping seasons with (a) high
and (b) low rainfall across 20 rain gauge stations in the Lake Victoria basin. Box-whisker plot
representation is the same as in Figure 4.

correction based on window sizes defined by the respective B values result in —AP; to
cause —AWRSIs ;.

Table 2 indicates that an effective 3, defined in this study as a value where RB, . is close to
zero and stabilizes at an inflection point, depends on the cropping season and rain gauge
location. The effective 8 might also vary subject to different climatic characteristics. Figure 4
reveals that the spread of RB;[,; starts to decrease at 8 values beyond 23.5%. Therefore, a 8 of
23.5% is selected as effective for determining the bias correction window sizes. A 8 value
exceeding 23.5% signals incorrect representation of water required by crops due to SRE bias,
and that bias correction is desirable. A larger 8 would require larger ., to initiate SRE bias
correction. This could occur from large daily SRE bias over a short period or from accumulation
of small daily SRE bias over extended periods. Omondi et al. (2021) demonstrated that it is

more likely to encounter large SRE bias at later crop growth stages when rainfall events are
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Figure 6. Relationship between 8 and mean daily RB’,; for individual rain gauge stations (L1-L20) for

wrsi
seven cropping seasons (2012-2018) with gauged rainfall as reference.

Table 2. Effective B values (in %) for determining bias correction window sizes across the 20 rain
gauge stations and corresponding relative bias in WRSI for corrected SRE (in %) for the 2012-2018
cropping seasons.

SID B RByc SID B RBcp SID B RB SID B RBsc
LO1 24 -0,8 L06 21 -0,1 L1 18 -1 L16 20,5 -1,1

L02 22,5 -0,1 L07 24,5 =15 L12 21 -0.55 L17 15,5 -0,75
L03 25 -1 LO8 215 0,65 L13 15 -0,1 L18 21 -0,95
L04 18 -038 L09 18 -2,25 L14 20,5 -0,7 L19 22 -1,75
LO5 235 1,15 L10 215 -1,25 L15 22 -0,9 L20 20 -0,6

more frequent to satisfy water requirements for growth. While a large 3 can be effective in
accounting for systematic errors, it might not be suitable to timely correct for incorrect
representation of soil water for crops due to SRE bias. Conversely, a small 8 suggests
a smaller ¢, implying that a much shorter bias correction window size is required.
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Figure 7. Comparison between daily uncorrected SRE and bias corrected SRE at various rain gauge
stations using root mean squared error (RMSE), Pearson correlation coefficient and relative bias. The
indicators are calculated using gauged rainfall as reference. Each rain gauge station has seven
cropping seasons (2012-2018). Box-whisker plot representation is the same as in Figure 4. The
x-axis denotes the rain gauge station. The green dotted line indicates the optimal value of the relative
bias.

However, very small 8 values might be overly sensitive to random errors in SRE, as shown in
Terink et al. (2010). When corrected SRE obtained using a small 3 are used to estimate WRSI,,
effects of random errors in SRE could potentially contribute to a poor representation of water
required for crop growth, leading to a large spread and rapid decreases of RB;;,; as shown in
Figures 4 and 5.

3.3. Effects of bias corrected SRE on WRSI

Figure 7 shows how well P; and Py align with Py, when using bias correction with a 8 of
23.5%. The box-whisker plots represent data from seven cropping seasons across various
rain gauge stations. These plots show the distributions of RMSE, relative bias and R for P
and P calculated using Py as reference.
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Figure 8. Box whisker plots of root mean squared error (RMSE) and relative bias illustrating how well
WRSI; and WRSI. align with WRSI,. Each rain gauge station has seven cropping seasons (2012-2018).
Box-whisker plot representation is the same as in Figure 4. The x-axis denotes the rain gauge station.
The green dotted lines indicate the optimal value of RMSE and relative bias.

Generally, P, has a higher median value of R than P;, indicating better agreement with
P4 when bias correction is applied with a 8 of 23.5%. The largest increase in correlation is
shown for L13, where R is 0.3 and 0.6 for P; and Py, respectively. Extreme 5% values for Py,
are consistently higher than for P; across all stations, except L04 and L13. The spread of
relative bias values is consistently smaller for Py than for P;. The figure shows that RB;C is
generally positive but below 25%, unlike the large negative biases in P reaching —60%.
The median value of the relative bias for P, is closer to zero than for P across all stations
except for LO7, L16 and L18. Additionally, P, showed consistently lower RMSE median
values than for P; across all stations except for LO1, L04, LO6 and L08. Although P, had
a larger spread of RMSE than for P, the spread is associated with smaller RMSE values.

Effects of correcting SRE on WRSI are shown in Figure 8. Comparing WRSI; and WRSI,
with WRSI; as reference, WRSI;. generally has a smaller spread in RMSE than WRSI; for all
except stations L04 and L08. This spread of RMSE values for WRSI,. is skewed towards zero.



2284 (&) C.K.OMONDIET AL.

Similarly, the median values of RMSE for WRSI,. are consistently lower than for WRSI;, with
the largest reduction in RMSE for WRSI,. being 3.5% at station L10 after correction.
These findings suggest that, after applying SRE bias correction using a 8 of 23.5%, P,
agrees better with P, than P; does. However, some differences still remain between Py
and Py, as shown by Luetkemeier et al. (2018) as well. Analysis of RB;,; and RB’ . reveals
a high variability in WRSI values estimated using both P; and Py rainfall data. However,
WRSI,. consistently shows a smaller spread than WRSI;. The majority of box-whisker plots
show RBS’ ; values between —3% and 6.5%, indicating that while Psc might overestimate
WRSI, bias correction reduces rainfall misrepresentation by SRE, as evident from the
negative values in WRSI;. The smaller spread in RMSE and consistently lower median
RMSE values for WRSI,. suggest that the bias correction was effective to simulate WRS/s.

closer to WRSI, than WRSI;.

3.4. Cross-validation results

Figure 9 presents box-whisker plots of both IDW interpolated and original bias factors for
each withheld rain gauge station across seven cropping seasons. The comparison serves
to validate the proposed bias correction method in this study. The graph indicates a large
spread of whiskers in both lower and upper quantiles for all stations except for the
original bias factors at L06 and L12. This spread in the IDW interpolated bias factors can
be due to spatial variability in rainfall at stations used for interpolation.

For most rain gauge stations (except LO1 through LO4, L06, L12 and L18), the
median values of interpolated bias factors are slightly higher than the original
ones. The boxplots show comparable interquartile ranges between interpolated
and original bias factors across most stations, indicating similar performance of
the proposed bias correction method. As such, these validation results indicate that
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Figure 9. Box-whisker plots showing the distribution of interpolated and original bias factors at
withheld cross-validation stations across 19 rain gauge stations. A single box-whisker represents
a series of seven cropping seasons (2012-2018) for a specific rain gauge station. Box-whisker plot
representation is the same as in Figure 4. The x-axis denotes the rain gauge station. L08 has been
omitted because no station was nearby to be used for interpolation.
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the proposed method can be applied at locations where rain gauge data is
missing. The cross-validation results also depend on the applied IDW interpolation
technique and the spatial distribution of available stations used for interpolation.
This study did not further evaluate how changes in the specified radius of influ-
ence within the IDW method affect the number of stations used for interpolation,
nor did it assess the impact of different distance weighting factors in the IDW
method. As such, it is uncertain whether changing settings for the IDW interpola-
tion algorithm or selecting a different interpolation method could improve cross-
validation results. Aspects of interpolation need careful consideration before appli-
cation in cross-validation approaches but assessing these aspects is not within the
scope of this study.

This study was a first attempt to demonstrate the performance of the proposed
SRE bias correction method using CHIRPS data for Lake Victoria basin. The method
improves on existing SRE bias correction methods by estimating variable window
sizes for bias correction, determined based on SRE error propagation analysis to
affect water requirement estimates as a proxy for soil water availability for crops.
This contrasts with the common approaches in SRE bias correction that use windows
of fixed and short length (less than 10 days). This study shows that short windows
are not meaningful to effectively estimate water requirements for crop growth as the
effect of SRE bias on WRSI is very small. The proposed method improves rainfall
representation by SRE and their applicability in agro-hydrological studies. The pro-
posed bias correction method is straightforward and easy to implement, but high-
quality gauge data is essential to assess SRE bias contribution. The study emphasizes
the importance of SRE bias analysis for timely identification and correction, so that
SRE products can serve to supplement or replace ground-based rainfall data in agro-
hydrological studies. While this study focuses on CHIRPS, further testing with other
SRE products across geographical areas and climates is necessary. The crop water
model in Instat+ software proved to be effective in simulating WRSI and demon-
strated the impact of SRE bias on soil water availability. This study recommends
further investigations using more advanced physics-based crop growth models like
AquaCrop (Steduto et al. 2009). The primary application of the proposed method is
to reduce errors in SRE estimates, thereby improving their suitability for agro-
hydrological applications and models.

4. Conclusions

This study proposed and evaluated a bias correction method to correct bias in satellite
rainfall estimates (SRE) by assessing its effects on the crop water requirement satisfaction
index (WRSI). WRSI served as a proxy to indicate soil water availability that drives crop
growth. WRSI values for gauged rainfall, uncorrected SRE and bias corrected SRE were
estimated using the crop water balance model in Instat+ software. The error in WRSI due to
SRE bias was used to determine window sizes for bias correction that vary in size subject to
attribution of SRE bias to affect WRSI. This study shows that: (a) SRE bias attributes to WRSI
errors, (b) the spread of remaining errors in corrected SRE and related WRSI gradually
reduces when pre-defined threshold in WRSI error attributed to SRE biases () increases, (c)
increase in 3 causes a change in size of the bias correction window, and indicates that 3 is
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influenced by the daily SRE bias. A 3 of 23.5% was found to be effective in defining SRE bias
correction windows, (d) rainfall representation by SRE improved after bias correction,
leading to improved WRSI estimates using a 3 of 23.5%, and (e) the cross-validation results
on IDW interpolated bias factors fairly compared to original ones, both in terms of median
values and interquartile ranges. Results of cross validation suggest the applicability of the
proposed bias correction method to correct for SRE bias at ungauged locations in the study.

Acknowledgements

We are grateful for the financial support provided by Nuffic (Netherlands organization for interna-
tional cooperation in higher education) through the Netherlands Fellowship Programme (NFP) and
the ITC Foundation Scholarship Program.

Disclosure statement

No potential conflict of interest was reported by the author(s).

Funding

The work was supported by the Netherlands Organization for International Cooperation in Higher
Education [Netherlands Fellowship Programme]; Faculty of Geo-information Science and Earth
Observation (ITC) - University of Twente [ITC Foundation Scholarship Program].

ORCID

Calisto Kennedy Omondi (») http://orcid.org/0000-0002-1557-7326
Tom H. M. Rientjes (i) http://orcid.org/0000-0002-5185-8969
Martijn J. Booij (1) http://orcid.org/0000-0001-6208-9045

Andrew D. Nelson (i) http://orcid.org/0000-0002-7249-3778

References

Acharya, N., S. Chattopadhyay, U. C. Mohanty, S. K. Dash, and L. N. Sahoo. 2013. “On the Bias
Correction of General Circulation Model Output for Indian Summer Monsoon.” Meteorological
Applications 20 (3): 349-356. https://doi.org/10.1002/met.1294.

Allen, R. G., L. S. Pereira, D. Raes, and M. Smith. 1998. Crop Evapotranspiration (Guidelines for
Computing Crop Water Requirements). FAO Irrigation and Drainage Paper 56. Rome, Italy: Food
and Agriculture Organization of the United Nations.

Barrios, A., G. Trincado, and R. Garreaud. 2018. “Alternative Approaches for Estimating Missing
Climate Data: Application to Monthly Precipitation Records in South-Central Chile.” Forest
Ecosystems 5 (1): 28. https://doi.org/10.1186/5s40663-018-0147-x.

Bhatti, H., T. Rientjes, A. Haile, E. Habib, and W. Verhoef. 2016. “Evaluation of Bias Correction Method
for Satellite-Based Rainfall Data.” Sensors 16 (6): 884. https://doi.org/10.3390/5s16060884.

Chaudhary, S., and C. T. Dhanya. 2019. “Investigating the Performance of Bias Correction Algorithms
on Satellite-Based Precipitation Estimates.” In Remote Sensing for Agriculture, Ecosystems, and
Hydrology XXI, edited by C. M. Neale and A. Maltese, Vol. 11149, 39. SPIE. https://doi.org/10.1117/
12.2533214.


https://doi.org/10.1002/met.1294
https://doi.org/10.1186/s40663-018-0147-x
https://doi.org/10.3390/s16060884
https://doi.org/10.1117/12.2533214
https://doi.org/10.1117/12.2533214

INTERNATIONAL JOURNAL OF REMOTE SENSING . 2287

Chen, H., B. Yong, P.-E. Kirstetter, L. Wang, and Y. Hong. 2021. “Global Component Analysis of Errors
in Three Satellite-Only Global Precipitation Estimates.” Hydrology and Earth System Sciences 25 (6):
3087-3104. https://doi.org/10.5194/hess-25-3087-2021.

Dirks, K. N., J. E. Hay, C. D. Stow, and D. Harris. 1998. “High-Resolution Studies of Rainfall on Norfolk
Island.” Journal of Hydrology 208 (3-4): 187-193. https://doi.org/10.1016/50022-1694(98)00155-3.

Evans, W. O., S. N. Mukhovi, and I. A. Nyandega. 2020. “The Spatial and Temporal Characteristics of
Rainfall Over the Lake Victoria Basin of Kenya in 1987-2016."” Atmospheric and Climate Sciences
10 (2): 240-257. https://doi.org/10.4236/acs.2020.102013.

Faghih, M., F. Brissette, and P. Sabeti. 2022. “Impact of Correcting Sub-Daily Climate Model Biases for
Hydrological Studies.” Hydrology and Earth System Sciences 26 (6): 1545-1563. https://doi.org/10.
5194/hess-26-1545-2022.

Frere, M., and G. F. Popov. 1986. “Early Agrometeorological Crop Yield Assessment.” In FAO Plant
Production and Protection Paper 73, edited by M. Frére and G. F. Popov, 144. Rome, Italy: Food
and Agriculture Organization of the United Nations.

Funk, C. C,, P. J. Peterson, M. F. Landsfeld, D. H. Pedreros, J. P. Verdin, J. D. Rowland, B. E. Romero,
G. J. Husak, J. C. Michaelsen, and A. P. Verdin. 2014. “A Quasi-Global Precipitation Time Series for
Drought Monitoring.” Data Series 12. https://doi.org/10.3133/ds832.

Geneti, T. Z. 2019. “Review on the Effect of Moisture or Rain Fall on Crop Production.” Civil and
Environmental Research 11 (2). https://doi.org/10.7176/CER/11-2-01.

Gumindoga, W., T. H. M. Rientjes, A. T. Haile, H. Makurira, and P. Reggiani. 2019. “Performance of
Bias-Correction Schemes for CMORPH Rainfall Estimates in the Zambezi River Basin.” Hydrology
and Earth System Sciences 23 (7): 2915-2938. https://doi.org/10.5194/hess-23-2915-2019.

Gummadi, S., T. Dinku, P. B. Shirsath, and M. D. M. Kadiyala. 2022. “Evaluation of Multiple Satellite
Precipitation Products for Rainfed Maize Production Systems Over Vietnam.” Scientific Reports
12 (1): 485. https://doi.org/10.1038/s41598-021-04380-8.

Habib, E., A. Haile, N. Sazib, Y. Zhang, and T. Rientjes. 2014. “Effect of Bias Correction of
Satellite-Rainfall Estimates on Runoff Simulations at the Source of the Upper Blue Nile.” Remote
Sensing 6 (7): 6688-6708. https://doi.org/10.3390/rs6076688.

International Soil Reference and Information Centre. 2004. “Soil and Terrain Database for Kenya
(KENSOTER), Version 2.0". https://data.isric.org/geonetwork/srv/api/records/73e27136-9¢efe-
49e4-af35-fd98b841d467.

Kimani, M., J. Hoedjes, and Z. Su. 2018. “Bayesian Bias Correction of Satellite Rainfall Estimates for
Climate Studies.” Remote Sensing 10 (7): 1074. https://doi.org/10.3390/rs10071074.

Koshuma, A. E., Y. Eyesus Debebe, D. Katise Dasho, and T. Kumar Lohani. 2021. “Application of
Different Modelling Methods to Arbitrate Various Hydrological Attributes Using CMORPH and
TRMM Satellite Data in Upper Omo-Gibe Basin of Ethiopia”. In Mathematical Problems in
Engineering, edited by, C. Hu, 1-11. https://doi.org/10.1155/2021/4143958.

Leander, R., and T. Adri Buishand. 2007. “Resampling of Regional Climate Model Output for the
Simulation of Extreme River Flows.” Journal of Hydrology 332 (3-4): 487-496. https://doi.org/10.
1016/j.jhydrol.2006.08.006.

Luetkemeier, R, L. Stein, L. Drees, H. Miiller, and S. Liehr. 2018. “Uncertainty of Rainfall Products:
Impact on Modelling Household Nutrition from Rain-Fed Agriculture in Southern Africa.” Water
10 (4): 499. https://doi.org/10.3390/w10040499.

Ly, S., C. Charles, and A. Degré. 2011. “Geostatistical Interpolation of Daily Rainfall at Catchment
Scale: The Use of Several Variogram Models in the Ourthe and Ambleve Catchments, Belgium.”
Hydrology and Earth System Sciences 15 (7): 2259-2274. https://doi.org/10.5194/hess-15-2259-
2011.

Maleika, W. 2020. “Inverse Distance Weighting Method Optimization in the Process of Digital Terrain
Model Creation Based on Data Collected from a Multibeam Echosounder.” Applied Geomatics
12 (4): 397-407. https://doi.org/10.1007/s12518-020-00307-6.

Mastrantonas, N., B. Bhattacharya, Y. Shibuo, M. Rasmy, G. Espinoza-Davalos, and D. Solomatine.
2019. “Evaluating the Benefits of Merging Near-Real-Time Satellite Precipitation Products: A Case
Study in the Kinu Basin Region, Japan.” Journal of Hydrometeorology 20 (6): 1213-1233. https://
doi.org/10.1175/JHM-D-18-0190.1.


https://doi.org/10.5194/hess-25-3087-2021
https://doi.org/10.1016/S0022-1694(98)00155-3
https://doi.org/10.4236/acs.2020.102013
https://doi.org/10.5194/hess-26-1545-2022
https://doi.org/10.5194/hess-26-1545-2022
https://doi.org/10.3133/ds832
https://doi.org/10.7176/CER/11-2-01
https://doi.org/10.5194/hess-23-2915-2019
https://doi.org/10.1038/s41598-021-04380-8
https://doi.org/10.3390/rs6076688
https://data.isric.org/geonetwork/srv/api/records/73e27136-9efe-49e4-af35-fd98b841d467
https://data.isric.org/geonetwork/srv/api/records/73e27136-9efe-49e4-af35-fd98b841d467
https://doi.org/10.3390/rs10071074
https://doi.org/10.1155/2021/4143958
https://doi.org/10.1016/j.jhydrol.2006.08.006
https://doi.org/10.1016/j.jhydrol.2006.08.006
https://doi.org/10.3390/w10040499
https://doi.org/10.5194/hess-15-2259-2011
https://doi.org/10.5194/hess-15-2259-2011
https://doi.org/10.1007/s12518-020-00307-6
https://doi.org/10.1175/JHM-D-18-0190.1
https://doi.org/10.1175/JHM-D-18-0190.1

2288 (&) C.K.OMONDIET AL.

McNally, A., G. J. Husak, M. Brown, M. Carroll, C. Funk, S. Yatheendradas, K. Arsenault, C. Peters-
Lidard, and J. P. Verdin. 2015. “Calculating Crop Water Requirement Satisfaction in the West Africa
Sahel with Remotely Sensed Soil Moisture.” Journal of Hydrometeorology 16 (1): 295-305. https://
doi.org/10.1175/JHM-D-14-0049.1.

Mokhtari, S., A. Sharafati, and T. Raziei. 2022. “Satellite-Based Streamflow Simulation Using CHIRPS
Satellite Precipitation Product in Shah Bahram Basin, Iran.” Acta Geophysica 70 (1): 385-398.
https://doi.org/10.1007/s11600-021-00724-0.

Omondi, C. K, T. H. M. Rientjes, M. J. Booij, and A. D. Nelson. 2021. “Satellite Rainfall Bias Assessment
for Crop Growth Simulation - A Case Study of Maize Growth in Kenya.” Agricultural Water
Management 258 (December): 107204. https://doi.org/10.1016/j.agwat.2021.107204.

Pellarin, T., C. Roman-Cascdén, C. Baron, R. Bindlish, L. Brocca, P. Camberlin, D. Fernandez-Prieto, et al.
2020. “The Precipitation Inferred from Soil Moisture (PrISM) Near Real-Time Rainfall Product:
Evaluation and Comparison.” Remote Sensing 12 (3): 481. https://doi.org/10.3390/rs12030481.

Senay, G. B., and J. Verdin. 2002. “Evaluating the Performance of a Crop Water Balance Model in
Estimating Regional Crop Production.” In Proceedings of Pecora Symposium 15/Land Satellite
Information IV/ISPRS Commission I/FIEQOS, 8. Denver: United States of America. https://www.
isprs.org/proceedings/xxxiv/part1/paper/00026.pdf.

Shabalova, M. V., W. P. A. van Deursen, and T. A. Buishand. 2003. “Assessing Future Discharge of the
River Rhine Using Regional Climate Model Integrations and a Hydrological Model.” Climate
Research 23 (3): 233-246. https://doi.org/10.3354/cr023233.

Smith, T. M., P. A. Arkin, J. J. Bates, and G. J. Huffman. 2006. “Estimating Bias of Satellite-Based
Precipitation Estimates.” Journal of Hydrometeorology 7 (5): 841-856. https://doi.org/10.1175/
JHM524.1.

Steduto, P., T. C. Hsiao, D. Raes, and E. Fereres. 2009. “AquaCrop—The FAO Crop Model to Simulate
Yield Response to Water: |. Concepts and Underlying Principles.” Agronomy Journal 101 (3):
426-437. https://doi.org/10.2134/agronj2008.0139s.

Tapiador, F. J., A. Navarro, V. Levizzani, E. Garcia-Ortega, G. J. Huffman, C. Kidd, P. A. Kucera, et al.
2017 November. “Global Precipitation Measurements for Validating Climate Models.” Atmospheric
Research 197:1-20. https://doi.org/10.1016/j.atmosres.2017.06.021.

Terink, W., R. T. W. L. Hurkmans, P. J. J. F. Torfs, and R. Uijlenhoet. 2010. “Evaluation of a Bias
Correction Method Applied to Downscaled Precipitation and Temperature Reanalysis Data for the
Rhine Basin.” Hydrology and Earth System Sciences 14 (4): 687-703. https://doi.org/10.5194/hess-
14-687-2010.

Toté, C., D. Patricio, H. Boogaard, R. van der Wijngaart, E. Tarnavsky, and C. Funk. 2015. “Evaluation of
Satellite Rainfall Estimates for Drought and Flood Monitoring in Mozambique.” Remote Sensing
7 (2): 1758-1776. https://doi.org/10.3390/rs70201758.

Vergopolan, N., S. Xiong, L. Estes, N. Wanders, N. W. Chaney, E. F. Wood, M. Konar, et al. 2021. “Field-
Scale Soil Moisture Bridges the Spatial-Scale Gap Between Drought Monitoring and Agricultural
Yields.” Hydrology and Earth System Sciences 25 (4): Copernicus GmbH: 1827-1847. https://doi.
org/10.5194/hess-25-1827-2021.


https://doi.org/10.1175/JHM-D-14-0049.1
https://doi.org/10.1175/JHM-D-14-0049.1
https://doi.org/10.1007/s11600-021-00724-0
https://doi.org/10.1007/s11600-021-00724-0
https://doi.org/10.1016/j.agwat.2021.107204
https://doi.org/10.3390/rs12030481
https://www.isprs.org/proceedings/xxxiv/part1/paper/00026.pdf
https://www.isprs.org/proceedings/xxxiv/part1/paper/00026.pdf
https://doi.org/10.3354/cr023233
https://doi.org/10.1175/JHM524.1
https://doi.org/10.1175/JHM524.1
https://doi.org/10.2134/agronj2008.0139s
https://doi.org/10.1016/j.atmosres.2017.06.021
https://doi.org/10.5194/hess-14-687-2010
https://doi.org/10.5194/hess-14-687-2010
https://doi.org/10.3390/rs70201758
https://doi.org/10.5194/hess-25-1827-2021
https://doi.org/10.5194/hess-25-1827-2021

	Abstract
	1. Introduction
	2. Materials and methods
	2.1. Study area and rain gauge network
	2.2. CHIRPS satellite rainfall
	2.3. Bias correction
	2.3.1. WRSI estimation and SRE bias effects
	2.3.2. Determining bias correction windows

	2.4. Evaluation indices
	2.5. Cross validation

	3. Results and discussion
	3.1. Propagation effects of SRE bias on WRSI
	3.2. Bias correction window sizes
	3.3. Effects of bias corrected SRE on WRSI
	3.4. Cross-validation results

	4. Conclusions
	Acknowledgements
	Disclosure statement
	Funding
	ORCID
	References

