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Abstract: Advances in remote sensing have led to the use of satellite-derived rainfall products to
complement the sparse rain gauge data. Although these products are globally and some regional bias
corrected, they often show substantial differences relative to ground measurements attributed to local
and external factors that require systematic consideration. A decreasing rain gauge network inhibits the
continuous validation of these products. Our proposal to deal with this problem was to use a Bayesian
approach to merge the existing historical rain gauge information to create consistent satellite rainfall data
for long-term applications. Monthly bias correction was applied to Climate Hazards Group Infrared
Precipitation with Stations (CHIRPS v2) using a corresponding gridded (0.05◦) rain gauge data over
East Africa for 33 years (1981–2013). The first 22 years were utilized to derive error fields which were then
applied to independent CHIRPS data for 11 years for validation. Assessments of the approach’s influence
on the rainfall estimates spatially and temporally were explored. Results showed a significant spatial
reduction of the underestimation and overestimation of systematic errors at both monthly and yearly
scales. The reduced errors increased with increased rainfall amounts, hence was less so in the relatively
drier months. The overall monthly reduction of Root Mean Square Difference (RMSD) was between
4% and 60%, and the Mean Absolute Error (MAE) was between 1% and 63%, while the correlations
improved by up to 21%. Yearly, the RMSD was reduced between 17% and 49%, and the MAE between 13%
and 48%, while the increase in correlations was between 9% and 17%. Decreased yearly bias correction
corresponded with years of high rainfall associated with El Niño. Results for the assessments of the
effectiveness of the Bayesian approach showed that it was more effective in reducing systematic errors
related to rainfall magnitudes, but its performance decreased in areas of sparse rain gauge network that
insufficiently represented rainfall variabilities. This affected areas of deep convection, leading to minimal
overestimation reductions associated with the cirrus effect. Conversely, significant corrections were during
years of low rainfall from shallow convections. The approach is suitable for long-term applications where
consistencies of mean errors can be assumed.
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1. Introduction

Rainfall data is vital for many applications such as climate studies, water resource management,
and agriculture. As its accurate spatial and temporal representations can improve socio-economic planning.
Rain gauges provide the most direct representations of rainfall, but their distribution over land are sparse,
especially in mountainous areas [1], and being point observations, they lack spatial representativeness [2].
However, they offer useful information in modelling regarding local rainfall processes that are not accurately
parameterized by the Global Circulation Models (GCM) [3]. Alternative uses of satellite rainfall products
are increasing because of their high spatiotemporal coverage. However, these products often exhibit large
discrepancies with ground measurements [4,5], and the errors need to be reduced to make the products more
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representative of the local rainfall variability. Although some of these products are globally validated [6–8]
and some at regional scales [9,10], relatively few efforts have been made to reduce the often-large errors that
occur at local scales. Studies [11–13] have found that satellite rainfall products have systematic errors that
cause overestimations/underestimations, especially in high elevated areas [13]. Although rain gauge data have
low spatial distributions, their direct way of measuring rainfall are still vital as a reference to the local rainfall
variability. For better representations of local rainfall processes, the inclusion of all available quality controlled
rain gauge data merged with satellite products can enhance the products’ future applications. Different methods
have been proposed to reduce satellite rainfall estimates errors. A study by [12] applied bias correction using
empirical cumulative distribution (CDF) maps on a seasonal basis for hydrological applications in the upper
Blue Nile in Ethiopia. To reduce temporal rainfall variability, a seasonal timescale was utilized. However, in high
elevated areas, areas near inland water bodies, and those with maritime influences, high rainfall variabilities are
experienced. As such, the choice of temporal scale may differ from place to place. It is worth noting that the
effectiveness of bias correction on rainfall products may also differ from location to location and consideration
of spatial scale is of great importance. Quantile mapping approach was applied by [14] to bias correct rainfall
products and they observed that the approach improved estimates in some locations, while it degraded in
others. However, it is crucial that the applied method does not necessarily change the product’s original
rainfall estimates. Therefore, the consistencies of the systematic errors corrected are worthy of consideration.
Mateus et al. [15] assessed the performance of two bias correction methods—successive correction method
(SCM) and optimal interpolation and qualitative analysis—and visual inspections showed better results by
SCM. However, the study noted the limitation of this approach in defining the optimal weight of the error
distributions. Elsewhere, ref. [16] evaluated satellite rainfall estimates combined with high-resolution rain gauge
data using different bias correction methods based on an additive, multiplicative, and merged scheme approach.
The evaluation was carried out on a monthly basis in different rainfall seasons and with different rain gauge
networks. The results revealed that the choice of both the temporal and spatial scale of the rain gauge data was
vital for adequate bias correction. In their study, the merged scheme showed the best results. Nevertheless,
this approach is more suitable for real-time applications and in many areas of the world, the degradation of the
rain gauge network is a common problem due to the lack of maintenance. Furthermore, for climate studies and
other long-term applications, real-time data is not applicable.

A probabilistic Bayesian approach was applied by [17] on high temporal resolution rain gauge data.
Historical rain gauge and satellite data were used to create a satellite estimates–rain gauge data relationship,
which is applicable in the absence of real-time rain gauge data. The approach worked well even in
areas of low rain gauge distributions, but over corrections were observed in some areas. However, it is
understandable that rainfall variability differs from place to place and the impact of rain gauge distribution
needs to be determined. It is a fact that over the world, rain gauge distributions are decreasing [18], especially
in African countries due to their cost of maintenance. Their availabilities to validate the increasing satellite
rainfall products may be affected by inconsistencies caused by the low network. Despite this, they offer
useful information on the local rainfall variabilities. Over equatorial East Africa, few studies like [19] have
used high-resolution ground data to bias-correct satellite rainfall estimates for hydrological applications.
It is crucial to have long-term bias correction because of the accumulation of errors in time and for externally
induced errors, particularly in areas that experience high rainfall variability [13].

We proposed a Bayesian approach that could be used with the existing historical rain gauge information
to create consistent satellite rainfall data for long-term applications. This approach assumes consistencies
in time for the average errors in both datasets. As such, the error weight derived from their climatology
is considered to be representative of a given area. In our approach, we converted the probability into
independent variables to apply a linear relationship using the least square techniques [20]. This approach is
superior to other methods in that it does not always modify the estimates during corrections, but considers
the mean error consistencies of the input data in time. Therefore, the corrected satellite estimates approach
the uncorrected state in areas of poor rainfall representations arising from sparse rain gauge distribution.
This way, the satellite rainfall estimates remain close to the original state in areas of inconsistent rain gauge
data. A long-term (1981–2013) temporal scale bias correction was applied to the Climate Hazards Group
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Infrared Precipitation with Stations (CHIRPS v2). The product was chosen based on its high spatial resolution
and lengthy climatology suitable for climate studies to help end users in planning [21]. Furthermore, a recent
study by [13] over East Africa showed a close correspondence of CHIRPS v2, Tropical Rainfall Measuring
Mission (TRMM)3B43, and the Climate Prediction Center (CPC) morphing technique (CMORPH) with
ground observations. However, in that study, all the satellite products assessed exhibited large biases in
high elevated areas. Although CHIRPS is globally bias corrected using some of the rain gauge data used in
this study, the data mainly come from the Global Telecommunication System (GTS). The GTS stations are
sparse and may therefore not accurately represent the rainfall variability over the region.

This study assessed the performance of the Bayesian approach in reducing systematic errors on CHIRPS
v2 rainfall estimates relative to regional gridded rain gauge data. The assessments on the effectiveness of the
method were on a monthly and yearly basis. This paper has six sections. Section 1 presents the introduction;
Section 2 gives a brief description of the study area and data used, Section 3 describes the Bayesian approach
and methods of evaluation; Section 4 presents the results, discussions of the results are in Section 5 while
our conclusions are in Section 6.

2. Study Region and Data

The study area in East Africa (Figure 1) extended between 29◦E and 42◦E, and 12◦S and 5◦N and
covered five countries: Kenya, Uganda, Tanzania, Burundi, and Rwanda. The region shows diverse
topography delineated by the embedded elevation map. Two main rainy seasons occur during March,
April, and May (MAM) and October, November, and December (OND). These rainy seasons coincide with
the overlying of a low-pressure belt of the Inter-Tropical Convergence Zone (ITCZ). The ITCZ migrates from
15◦S to 15◦N between January and July with characteristics of convective activities that lead to increased
precipitation. A third rainfall season occurs in the months of June through to August (JJA) and affects
a small part of Western Kenya and Uganda. This season significantly affects water resources within the
region and areas around Lake Victoria.

Two monthly rainfall datasets were used in this study and included CHIRPS v2 rainfall estimates and
rain gauge data. CHIRPS is a quasi-global dataset developed by the United States Geological Survey (USGS)
Earth Resources Observations and Science Centre and the University of California Santa Barbara Climate
Hazards Group. It has a spatial resolution of 0.05◦, and a daily/pentad/monthly temporal resolution. It uses
TRMM multi-satellite precipitation analysis version 7 to calibrate the Cold Cloud Duration (CCD) rainfall
estimates. The product covers the area between 50◦N and 50◦S, and data are available from January 1981 to
the near present. Further details of CHIRPS v2 used in this study can be found in [22], and an evaluation of
its performance relative to other products in [10].

The gridded (0.05◦) rain gauge was from the Intergovernmental Authority on Development
(IGAD) Climate Prediction and Application Centre (ICPAC [23]. Although the data includes global
telecommunication stations, ICPAC includes data from other stations sourced from the five countries
(Kenya, Uganda, Tanzania, Burundi, and Rwanda) (Figure 1). This move was prompted by the
decreasing rain gauge distributions, especially in developing countries, partially due to the cost and
lack of skilled personnel. In East Africa, the decreasing trend is worrying, and the only solution is to
grid the available rain gauge data [24] to preserve their information. It is in this context that the member
states of East African countries brought together their available data from all the operational stations
of the National Meteorological and Hydrological Services (NMHSs). They interpolated and quality
controlled the rain gauge measurements from 284 rainfall stations. They used the GeoCLIM [25] tool
with inverse distance weighting (IDW) [26]. The Tamuka Magadzire of the United States Geological
Survey (USGS) Famine Early Warning Systems Network (FEWSNET) developed GeoCLIM for rainfall,
temperature, and evapotranspiration analysis. The gridded data have been used regionally for hazard
and regional rainfall predictions, and recently for the evaluation of satellite rainfall data [13].

Elevation data was downloaded from the Shuttle Radar Topography Mission (SRTM) 90 m Digital
Elevation Model (DEM) [27]. The 5◦ spatial resolution tiles were then mosaicked over East Africa as
shown in Figure 1 by using the Geographical Information System (GIS) functionality.
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Figure 1. Map of East Africa with the Shuttle Radar Topography Mission (SRTM) 90 m digital elevation
model. Rain gauge station distributions used for gridding are highlighted in black. In red are the selected
pixels for assessments.

3. Methodology

We first describe the Bayesian method and then explain the training and testing procedures.

3.1. Bayesian Method

A Bayesian method is a probabilistic approach that merges data from different sources [28] to obtain
the optimal representative values from the input datasets. It is based on spatial transformation and uses
the variances of the input datasets. In this study, it was used to adjust monthly CHIRPS satellite rainfall
estimates using the gridded rain gauge data for 33 years (1981–2013) in two steps. First, training data from
22 years (1981–2002) were used to derive bias fields for the multi-annual monthly averages of each month.
The monthly averaged bias fields were then used to correct independent satellite rainfall estimates during
an 11-year (2003–2013) validation period. The hypothesis of the approach was the temporal consistency
of average errors. It was carried out at a 0.05◦ × 0.05◦ spatial scale for both datasets, but for compatibility,
the CHIRPS data were resampled using the nearest neighbor interpolation [29] to match the georeference of
the rain gauge data. The resampling approach is robust in reprocessing algorithms according to this study
and has been applied successfully in other areas [30].

3.1.1. Training Period

The Bayes theorem [28] aims to obtain the maximum likelihood of P(s|g), which is the conditional
probability of the satellite estimates (s) given the gridded rain gauge data (g).

P(s|g) = P(s)P(g|s))
P(g)

(1)
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where P(s), P(g|s) denotes the probability of satellite data and likelihood function of rain gauge data
given by the satellite estimates, respectively. Since the gridded rainfall data distribution is known,
P(g) = 1, then Equation (1) reduces to Equation (2):

P(s|g) = P(g|s)P(s) (2)

Following [31], the least squares estimation can be used to simplify the data assimilation problems to
linear relationships and Equation (2) is changed from the probabilistic form into independent variables.

Assuming the monthly averaged errors (ε) of the satellite rainfall estimates and the gridded rain
gauge data to be unbiased and consistent in time, E is the expected value as in Equation (3).

E(εg) = E(εs) = 0 (3)

The variances (σ2) of each dataset can be related to the errors (ε), assuming the errors are
uncorrelated (Equations (4) and (5)). σ is the standard deviation described in Section 3.2.

E(ε2
g) = σ2

g (4)

E(ε2
s) = σ2

s (5)

Bias-corrected satellite estimates are linearly combined with the gridded rainfall data and the
uncorrected satellite rainfall estimates (Equation (6)). The weighing factors, αg and αs, are dependent
on the respective variances. The higher the variance value, the lower the corresponding weighting
factor. Implying that in areas where variance of rain gauge data is high, the bias correction is minimal.

sc = αgg + αss (6)

With the overbars denoting the averaged values for each month in the 22 years training dataset,
Equation (6) assumes the bias-corrected satellite estimates (in this case CHIRPS) denoted as ‘s’ with a subscript
‘c’ to be unbiased as their errors are consistent during the training period. The sum of the CHIRPS estimates’
weighing factor, αs, and the gridded rain gauge weighting factor, αg, equals one (Equation (7)).

αg + αs = 1 (7)

Sc will be the best estimate of g if the weighing factors αg and αs are chosen to minimize the mean
squared error of the corrected satellite estimates Sc following Equations (8)–(11).

σ2
c = (sc − g) =

⌈
αg(sc − g) +

(
1− αg

)
(sc − g)e2 (8)

∂σ2
c

∂αg
→ 0 (9)

σ2
c = (sc − g)2 (10)

σ2
c = α2

gσ2
g +

(
1− αg

)2
σ2

s (11)

αg =
σ2

s
σ2

g + σ2
s

(12)

This leads to

αs =
σ2

g

σ2
g + σ2

s
(13)

Equations (12) and (13) imply that the weights of the satellite estimates and the corresponding
rain gauge data are related to the inverse of their variances. The weighting factors correct the average
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satellite estimates for each month during the 22 years training period using the linear relationship
shown in Equation (6) which can be rewritten as Equation (14)

sc = s +
σ2

s
σ2

s + σ2
g
(g− s) = s + αg(g− s) (14)

Equation (14) implies that when the variance of the reference (rain gauge) data is very large,
that is, σg � σs, then σg→0 and sc approaches s, and that when σg � σs σg→1 and sc approaches g.

3.1.2. Testing Period

In this section, the Bayesian approach is described using the error fields derived during training with
the monthly data. The CHIRPS and bias-corrected CHIRPS estimates comparison with corresponding rain
gauge data was conducted on a monthly and yearly basis. The bias fields were derived from the satellite
estimates for each month using Equation (15). The subscript ‘i’ stands for the time step.

Bias =
1
n

N

∑
i
(sci − gi) (15)

The bias is then subtracted from the satellite data of each corresponding month (subscript ‘i’)
using Equation (16).

sci = si − bias (16)

3.2. Evaluation of Bias Corrected CHIRPS Rainfall

Validation of bias correction of CHIRPS rainfall estimates was carried out for 11 years (2003–2013)
between the raw and bias-corrected CHIRPS (bc) relating to the gridded rain gauge data on a monthly
and yearly basis. Continuous statistics of the correlation coefficient (cc), RMSD, standard deviations
(σ) (Equations (17)–(19)), MAE (Equation (20)), and mean bias (Equation (21)) were used to quantify
their relationships. For visualization, Taylor diagrams [32] and spatial maps were utilized.

cc =
1
N ∑N

i=1(si − s)(gi − g)
σsσg

(17)

RMSD =

√√√√ 1
N

N

∑
i=1

(si − gi)
2 (18)

σg(s) =

√√√√ 1
N

N

∑
i=1

(
g(s)− g(s)

)2
(19)

where the overbar stands for the respective mean satellite estimates (s), the gridded rain gauge datasets
(g), g(s) is either the gridded rain gauge or satellite dataset, and N is the number of samples considered.

MAE =
1
n

N

∑
i=1

[si − gi] (20)

Mean bias =
1
N

N

∑
i=1

(si − gi) (21)

3.3. Assessments of Bayesian Approach Performance

East Africa has complex terrain, comprising of lakes, mountains, and lowlands. As a result, the high
elevated areas and Lake Victoria influence local rainfall variability. As such, further assessments were
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carried out to determine the performance of the Bayesian approach in eradicating CHIRPS biases on
an annual basis. Pixels within the areas of lowest Bayesian performance were assessed using CHIRPS
and bias-corrected CHIRPS rainfall estimates relative to rain gauge data. These included areas of large
uncorrected overestimations over Mt. Elgon, Southern Tanzania, Lake Victoria, and Mt. Kilimanjaro (Figure 1).
Scatter plots and MAE were used to quantify these relationships.

4. Results

4.1. Assessments of Bias-Corrected CHIRPS Estimates

4.1.1. Monthly Assessments

This section describes the monthly assessments of bias correction of CHIRPS rainfall estimates using
rain gauge data over East Africa during a validation period of 2003 to 2013. Figure 2 presents the Taylor
diagrams displaying the error metrics before (CHIRPS) and after bias corrections (abbreviated with a ‘bc’)
during the wet months of March to May, and October to December. These results showed that the Bayesian
approach significantly improved the accuracy of the CHIRPS estimates as indicated by the reduced RMSD
and increased correlations for all months. The biases showed seasonality and occurred more during OND
when compared to the MAM months. During OND, the orographic processes were more dominant and
more challenging for the infrared-based satellite rainfall products [13]. The bias increased with an increase
in rainfall magnitudes [11] and were largest in April and November. These are the peak rainfall months
of the MAM and OND seasons, respectively. These observations of bias dependence on rainfall amounts
concurred with [10] over other parts of Africa.
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Figure 2. Monthly Taylor diagrams displaying the statistical comparison between the Climate Hazards
Group Infrared Precipitation with Stations (CHIRPS) (red) and bias-corrected CHIRPS (bc) (blue)
estimates with corresponding rain gauge data (green) as the reference. Shown are the wet months
of the rainfall seasons (March–May and October–December) over a period of 11 years (2003–2013).
The azimuthal angle represents the correlation coefficient; radial distance is the standard deviation
(mm/month), and green contours represent RMSD (mm/month).
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Figure 3 presents the results of the relatively dry months of January, February, and June through
September and showed a significant reduction of biases. It was evident that there were increased error
magnitudes than during the wet months, mainly from June–September. These errors are attributable
to orographic processes during the northeast (January through February) and southeast (June through
September) monsoon period. The high grounds inhabit moisture influx inland, thereby limiting the
rainfall occurrence to the high ground areas. In their study [33,34], associated Turkana Jets that run
parallel to the highlands cause rainfall variabilities during the south-east monsoon season.
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Figure 3. Same as for Figure 2, but for the relatively drier months of January, February, June–August
and September.

Figure 4 shows the mean bias (2003–2013) derived from CHIRPS and the bias-corrected CHIRPS
(bc) relative to rain gauge data for April and May, August, and November. The three wet seasons
are representative of March–May, June–August, and October–December, respectively. The spatial
patterns display areas of underestimations and overestimations and indicate the areas of improvement
after Bayesian applications. It is evident that increased bias followed areas of the highest rainfall
amounts. Consequently, the largest underestimations (negative bias) were observed in highly elevated
regions of Mt. Kenya in November, around Mt. Elgon in August, and over the coastal areas bordering
the Indian Ocean in May. This confirmed that the CHIRPS monthly estimates underestimated high
rainfall amounts [29]. These findings were also in line with [11], where observed systematic errors
increased with increased rainfall amounts. Evidently, in April, which is the peak rainfall month of
MAM, the mean biases were well distributed and attributable to mixed rainfall regime characteristics.
Additionally, overestimations (positive bias) were evident in areas around Lake Victoria, eastern parts
of Kenya, and Southern Tanzania in April and May. The overestimations arose from cirrus effects
common to infrared based products using a cold cloud temperature threshold as they consider
the cold cirrus clouds that occur in deep convections as precipitating [11]. It was evident that
the approach adequately reduced overestimations except over Southern Tanzania, which showed
sparse rain gauge stations (Figure 1) and may therefore not have well-represented rainfall variability.
Similarly, a study by [17] used the probability distribution to adjust satellite rainfall estimates and
associated overcorrections for the misrepresentation of rainfall variability in sparse rain gauge areas.
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It is recommended that this approach is sensitive to the inconsistencies of the reference data and does
not necessarily modify the satellite rainfall estimates.
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Figure 4. Monthly mean bias derived from averages (2003–2013) of rain gauge data and satellite rainfall
estimates of CHIRPS (A) and bias corrections (CHIRPS (bc)) (B).

Table 1 shows a summary of the monthly error statistics for all months before and after bias corrections
and the change of errors in percentages. It was evident the bias-corrected CHIRPS (bc) estimates showed
reductions in RMSD and MAE errors and an increase in correlations. One notable observation was the low
percentage change in correlations during the relatively dry months. Further observations showed that these
months corresponded with the southeast and northeast monsoon months of June through September and
December–February, respectively. Therefore, it was evident that the systematic errors locally induced by
topographic effects were also externally influenced by the largescale circulations. The low linearity arose
from abrupt rainfall variability, hence increasing the average error inconsistencies in time assumed in the
Bayesian approach. The overall monthly reduction of RMSD was between 4% and 60%, and the MAE was
between 1% and 63%, while the correlations increased up to 21%.

Table 1. Statistics for the monthly spatial evaluation.

Months CC CC
(bc)

Change
(%) RMSD RMSD

(bc)
Change

(%) MAE MAE
(bc)

Change
(%)

Rainfall
(mm/month)

Jan 0.95 0.98 2 23.1 13 -45 17.6 9 -49 88.0
Feb 0.96 0.97 2 23.1 15 -37 14.9 10 -31 70.3
Mar 0.87 0.90 3 40.1 31 -22 24.7 23 -9 105.5
Apr 0.47 0.61 14 64.3 48 -25 43.1 28 -35 155.1
May 0.77 0.94 17 49.5 25 -50 36.2 20 -45 103.5
Jun 0.87 0.97 10 22.8 10 -58 15.8 6 -61 38.4
Jul 0.89 0.98 9 20.1 8 -60 12.0 5 -63 31.9

Aug 0.89 0.98 9 24.1 11 -56 14.2 6 -57 38.8
Sep 0.92 0.97 6 19.3 13 -34 13.3 8 -43 39.4
Oct 0.95 0.95 0 21.1 19 -11 16.9 15 -11 87.1
Nov 0.72 0.94 21 41.4 27 -35 29.3 23 -22 129.5
Dec 0.92 0.92 0 27.2 26 -4 20.7 20 -1 127.0
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4.1.2. Yearly Evaluations

This section describes the annual spatial evaluation of the CHIRPS and bias-corrected CHIRPS
(bc) rainfall estimates relating to the rain gauge data during the validation years (2003–2013).
Figures 5 and 6 show the Taylor diagrams displaying the error metrics of the RMSD and correlations
and their respective standard deviations. It was evident that in all of the years, the CHIRPS rainfall
estimates were adjusted towards the rain gauge data as indicated by the reduced RMSD and increased
correlation coefficients. Large differences occurred in the years associated with El Niño (2003 and
2006) and the least during the relatively drier year (2005). Therefore, it was clear that systematic errors
accumulated with increased rainfall, especially during anomalous years and it is worth noting that
the seasonality over East Africa corresponded with the observed bias. This shows the importance
of a long-term correction period that is inclusive of the known external variabilities. A notable
observation of increased bias was in the year following El Niño, for example, the years 2004, 2007,
and 2010. El Niño occurred towards the end of the year in October through December and increased
rainfall in the months following may have arisen from recycled water.
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Figure 5. Taylor diagrams displaying the statistical comparison between the CHIRPS (red) and
bias-corrected (blue) CHIRPS estimates with corresponding rain gauge data (green) as the reference
for years 2003–2008. The azimuthal angle represents the correlation coefficient; the radial distance
represents the standard deviation (mm/year), and the green contours represent RMSD (mm/year).

Figure 7 shows the spatial mean bias distribution during the anomalous wet years of 2003 and 2006,
the relatively dry (2005), and standard (2008) years. Similar to the monthly analysis, underestimations
were evident before bias correction. The Bayesian approach substantially reduced the biases over the
high elevated areas of Mt. Kenya in 2006, which was also an El Niño year. Similarly, overestimations
were evident around Lake Victoria, Southern Tanzania, near Mt. Elgon, and North-eastern Kenya.
Large uncorrected overestimations were observed, particularly in the southern parts of Tanzania and
around Mt. Kilimanjaro, which are areas of poor rain gauge network (Figure 1).
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Figure 7. Yearly spatial bias patterns derived from the averages of the anomalous wet years (2003 and
2006), the dry (2005), and standard (2008) of the CHIRPS and bias-corrected CHIRPS (bc) abbreviated
as (A,B), respectively, relative to the rain gauge data.

Table 2 shows a summary of the yearly error statistics before and after bias corrections, and the
change of errors in percentages. There was a remarkable decrease in the RMSD and MAE as well as
an increase in correlations after bias corrections. Similar to the monthly analysis, the errors corrected
showed a dependence on rainfall magnitude, but also on rainfall regime. As such, the years 2003,
and 2009, which were also El Niño years, did not correspond to the highest mean rainfall as El Niño
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occurred during the short rainfall period of OND. However, the years after (2004 and 2010), had
higher rainfall that spread to the MAM rainfall season. Similarly, in 2007 and 2010, the years following
El Niño, there was increased rainfall and a correspondingly high percentage of errors corrected. It is
worth noting that during the relatively dry year (2005), the percentage of RMSD and MAE corrected
was high (46%). This can be attributable to the fact that CHIRPS estimates are designed for drought
monitoring, hence there are more consistent mean errors during dry years. In [11], it was observed that
the systematic errors were seasonal, hence the importance of understanding the rainfall distribution
during the year in a given area.

Table 2. Statistics for the yearly spatial evaluation.

Years CC CC
(bc)

Change
(%) RMSD RMSD

(bc)
Change

(%) MAE MAE
(bc)

Change
(%)

Rainfall
(mm/year)

2003 0.71 0.88 17 264 145 −45 197 107 −46 847
2004 0.54 0.68 14 277 183 −34 206 131 −36 962
2005 0.72 0.86 15 241 138 −43 178 96 −46 772
2006 0.58 0.74 16 449 324 −28 312 225 −28 1234
2007 0.68 0.83 15 276 155 −44 199 107 −46 951
2008 0.66 0.78 12 270 168 −38 201 123 −39 917
2009 0.57 0.68 11 256 178 −30 195 131 −33 887
2010 0.77 0.92 15 261 134 −49 187 97 −48 943
2011 0.58 0.74 16 348 290 −17 258 224 −13 911
2012 0.78 0.87 9 258 205 −21 191 155 −19 866
2013 0.62 0.79 17 316 264 −17 239 204 −15 847

4.2. Analysis of Bayesian Performance

In addition, pixels within the areas of lowest Bayesian performance were assessed using the
yearly CHIRPS and bias-corrected (bc) rainfall estimates relative to rain gauge data. Nine pixels
from Mt. Elgon, Southern Tanzania, Lake Victoria, and Mt. Kilimanjaro were considered (Figure 1).
Figure 8 shows the scatter plots of the uncorrected CHIRPS rainfall estimates and MAE change in
percentage after correction. A linear relationship was evident, indicating that as the CHIRPS rainfall
estimates increased, the effectiveness of the approach reduced. Further results also showed that for the
11 years of analysis, overestimations were dominant except over Mt. Elgon, which showed isolated
incidences of underestimation. CHIRPS overestimates in areas of high rainfall, and this is likely to be
attributable to cirrus effects in those areas of deep convection [13].

Table 3 shows a summary of the yearly statistics for the 11-year validation period on Bayesian
performance analysis over Mt. Elgon, Southern Tanzania, Lake Victoria, and Mt. Kilimanjaro.
These were the areas of largest uncorrected overestimations. The results showed that over the four
regions, the lowest MAE in the uncorrected CHIRPS corresponded to the highest percentage of error
corrected. This suggests that the retrieval capability of CHIRPS determines the magnitude of errors
corrected due to the average error consistencies. Consequently, the MAE errors corresponded to rainfall
magnitude, suggesting overestimations increase in years of high rainfall. As such, the relatively dry
year of 2005 had substantial MAE errors corrected. Furthermore, observations showed that although
each region received different amounts of rainfall in different years, the percentage change in the MAE
showed a similar pattern. An example was in the year 2009 over the Mt. Elgon and Lake Victoria
areas, where the lowest MAE in CHIRPS rainfall were 49.4 mm/year and 273.5 mm/year, respectively.
Consequently, the corrected MAE were the highest (38% and 44%). Similarly, over Southern Tanzania,
in 2007, the lowest MAE in CHIRPS was 175.6 mm/year, and corresponded to the highest percentage
(50%) of corrected errors. In Mt. Kilimanjaro in 2005, the lowest MAE error in CHIRPS was
1140.4 mm/year and also coincided with the highest percentage error corrected of 23%. These errors of
overestimations were attributable to the cold cirrus effect, which infrared based algorithms including
CHIRPS consider as precipitating. The Bayesian approach showed little skill in eradicating these errors,
partly due to the low misrepresentation of rainfall variability in areas of poor rain gauge distribution
in these areas. As such, the rain gauge data were inconsistent in time.
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Table 3. Statistics for the yearly Bayesian performance analysis.

Mt Elgon Southern Tanzania

Years MAE MAE (bc) Change (%) MAE MAE (bc) Change (%)

2003 105.2 85.2 −19 270.9 182.6 −33
2004 167.3 160.3 −4 423.0 334.7 −21
2005 56.2 37.4 −33 254.3 166.0 −35
2006 771.7 764.8 −1 601.4 513.0 −15
2007 143.9 137.0 −5 175.6 87.3 −50
2008 113.1 103.9 −8 498.3 410.0 −18
2009 49.4 30.5 −38 383.2 294.8 −3
2010 182.9 176.0 −4 322.6 234.3 −27
2011 347.9 341.0 −2 844.4 756.1 −10
2012 728.5 721.6 −1 329.6 241.3 −27
2013 188.8 181.9 −4 602.8 514.5 −15

Lake Victoria Mt Kilimanjaro

MAE MAE (bc) Change (%) MAE MAE (bc) Change (%)
2003 504.6 384.8 −24 1167.7 907.7 −22
2004 492.6 372.8 −24 1254.7 994.7 −21
2005 459.2 339.4 −26 1140.4 880.5 −23
2006 720.4 600.5 −17 1692.8 1432.8 −15
2007 577.6 457.8 −21 1238.9 978.9 −21
2008 446.3 326.5 −27 1685.8 1425.9 −15
2009 273.5 153.7 −44 1548.5 1288.5 −17
2010 481.2 361.4 −25 1239.0 979.1 −21
2011 851.9 732.0 −14 1399.5 1139.5 −19
2012 572.6 452.8 −21 1272.8 1012.8 −20
2013 427.1 307.3 −28 1178.0 918.0 −22
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5. Discussion

This study assessed the Bayesian bias correction on CHIRPS v2 using the regionally gridded rain
gauge data provided by the ICPAC over East Africa. Although CHIRPS includes some of the rain
gauge data used in this study, they were a small percentage derived mainly from the GTS. The ICPAC
gridded dataset incorporates all of the available quality controlled meteorological and hydrological
rain gauge data from East African member states. Furthermore, a recent study by [13] on the commonly
used satellite products including CHIRPS over the region, showed large discrepancies with ground
data, especially in high elevated areas. This study aimed to reduce these errors mainly caused by
local effects by using Bayesian methods. The correction was on a monthly scale, which is relevant
for long-term applications of 33 years (1981–2013). The usage of the approach assumes the mean
errors of the input data are consistent in time. The results from the monthly analysis showed that the
approach significantly reduced the systematic errors in all months from January to December with
varying magnitudes. The corrected biases were mainly of underestimations affecting the high elevated
areas attributable to orographic processes. Overestimations affected the areas around Lake Victoria
and low-lying areas to the eastern parts of East Africa and Southern Tanzania. This is attributable
to the cirrus effects caused by the assignment by infrared sensors in satellite products of all cold
clouds as precipitating. It is suggested the cirrus effect affects areas of poor rain gauge networks areas
as they misrepresent rainfall variability. As such, the rain gauge data were inconsistent with time,
which is an assumption in this approach, hence the low effectiveness of bias correction over those areas.
This observation concurred with that in [35] where at monthly time scales, CHIRPS overestimated low
rainfall amounts and underestimated high rainfall amounts. However, the underestimations were
associated with local processes, while overestimations were more likely to arise from cirrus effects
occurring in deep convection [36]. Consequently, cirrus effects are observed mainly in months of
increased rainfall in April and May. The study further revealed that during the southeast and northeast
monsoon months of June to September and December to February, low linearity improvements were
observed as indicated by corrections change. The inhibition of rainfall further inland from the low-level
diffluence of the monsoon winds leads to the dominance of orographic processes [13]. Consequently,
the rainfall variability in Eastern Kenya and Southern Tanzania coincided with Turkana low-level
jets [33,37], which link the local rainfall variabilities to external influences. These abrupt changes lead
to increased rainfall variabilities, hence the reduced linearity assumed in the Bayesian approach.

The yearly analysis showed an increase of the corrected biases attributable to the reduced
rainfall variability. Similar to monthly assessments, the underestimations in corrected data were
more dominant over the high elevated areas. Similarly, overestimations were observed in areas around
Lake Victoria, Mt. Elgon, Eastern Kenya, and Southern Tanzania. These are areas of poor rain gauge
distribution, and the misrepresentation of rainfall variabilities led to a reduction in the minimal errors.
Consequently, the CHIRPS rainfall estimates approached its uncorrected state. One advantage of the
method the incorporation of the error variance in the correction, and the correction only applies when
the reference dataset is reliable, and errors are systematic, not random. Although 2006, which was
also an El Niño, received the highest rainfall, the percentage of errors corrected was not equivalently
high. This suggests that the errors are not only dependent on rainfall magnitude, but on distribution in
time. El Niño years occur during the October–December rainfall months, which also have fewer rain
days when compared to the March–May rainfall months [38]. Consequently, the years following the
El Niño years were observed to have high rainfall and a large percentage of bias were also corrected.
This high rainfall after El Niño is suggested to arise during the MAM rainfall months. However, it is
worth noting that East Africa has high rainfall variability and the yearly analysis presented here is
for the whole region. This observation is essential as the systematic errors occur more with increased
rainfall amounts, and also depend on the distribution of rainfall in time and space.

Further annual assessments of the performance of Bayesian approach were conducted on selected
pixels centered in areas of large CHIRPS overestimations. Nine pixels from each region over Mt. Elgon,
Southern Tanzania, Lake Victoria, and Mt. Kilimanjaro were selected. MAE in percentage change of



Remote Sens. 2018, 10, 1074 15 of 18

CHIRPS and bias-corrected CHIRPS relative to rain gauge data were used to quantify the relationships.
Results showed that CHIRPS overestimated in all years (2003–2013) over those areas except for a few
incidences of underestimation over Mt. Elgon. Furthermore, the MAE percentage change showed
a linear relationship with rainfall magnitudes. An increase in rainfall magnitude corresponded with
a decrease in the percentage of MAE change. This showed that there were uncorrected errors during
high rainfall periods. It is understandable that cirrus coexists in deep convective systems [36] that are
also related to high rainfall amounts. Overestimations in the cirrus effect have also been observed in
infrared based products in Eastern Africa [37]. The years 2005, 2007, and 2009 showed the lowest annual
rainfall in these regions, and consequently, the highest MAE percentage change. The designation
of CHIRPS is for dry conditions; hence the mean errors are consistent in time, hence an increased
Bayesian performance. Similar findings in a recent study [38] showed that CHIRPS had low rainfall
detection during the wet season. The Bayesian approach showed low skill in reducing errors attributed
to cirrus effects in areas of poor rain gauge network due to the misrepresentation of rainfall variability.

6. Conclusions

Rain gauge distributions are on the decline, and satellite rainfall estimates are increasingly used
to complement the sparse network. However, rain gauges continue to be used as reference data to
validate the incoming satellite products as they offer the most direct information on local rainfall
variabilities. This is understandable in developing countries where other ground observations like
weather radar are too expensive. However, considering the decreasing trend in rain gauge density,
other measures like gridding the available gauge data are preferred. As such, validation exercises are
enhanced, which may otherwise become increasingly compromised in the future. This impact may
be much more severe for long-term data applications. This study assessed the applicability of the
Bayesian approach with an existing historical rain gauge dataset to create consistent satellite rainfall
data for long-term applications. The gridded rain gauge dataset was developed by ICPAC to safeguard
the decreasing rain gauge information over East Africa.

CHIRPS was chosen based on its close correspondence with rain gauge datasets when compared
to other commonly used products over the region [13]. However, CHIRPS, like other satellite-derived
products, exhibit systematic errors that vary from place to place. In mountainous areas like East Africa,
the retrieval of topographic processes is challenging. These biases need to be reduced to increase
the effectiveness of this product over the region. It is understandable that high elevated areas play
a significant role in water availability and minimizing these errors would improve the representative of
the CHIRPS estimates. Furthermore, as CHIRPS has a high (0.05◦) spatial scale, it can be used for future
reference for the incoming coarser satellite products. The study aimed at temporally and spatially
evaluating how CHIRPS rainfall estimates compared with the gridded rain gauge data in magnitude
and distributions after bias correction. For the Bayesian correction, a historical dataset of 22 years of
data was used as the calibration dataset, and the ensuing 11 years were used for the validation.

Monthly analysis showed that CHIRPS estimates had systematic errors mainly of underestimations
arising in high elevated areas and their surroundings. The approach adequately reduced them in both
wet and relatively dry months. The study revealed large biases emerged during the wet months and less
so for the relatively drier months. This is understandable as the CHIRPS algorithm has been optimized
for drought monitoring, that is, for better accuracy during drier periods. As such, in April, which is the
peak rainfall month of the March to May rainfall season, the biases were distributed over East Africa.
In May, they were observed near the Lake Victoria region and coastal areas of Kenya where high rainfall
is experienced during this month. During the south-east monsoon month of August, they were situated
on the border between Kenya and Uganda following the highest rainfall amounts in the June through
August rainfall season. However, low linearity improvements of the negative biases were observed during
the southeast and northeast monsoon months in June to September and December to February, respectively.
These were attributable to indirect rainfall variability related to external factors in high elevated areas.
The study revealed that these monsoons influenced orographic processes, reducing further inland impacts.
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Furthermore, the Bayesian approach assumes linear relationships between rainfall variability and the mean
errors. Overestimations were dominant over Lake Victoria, Southern Tanzania, Mt. Elgon, Eastern Kenya,
and the Kilimanjaro region. These biases were attributable to cirrus effects, which in IR based products
(like CHIRPS) often results in an overestimation of precipitation. Adequate bias reduction was observed
except in a few areas over Southern Tanzania and part of Lake Victoria where misrepresentation due to the
sparse rain gauge network affected the correction. It is worth noting that inconsistencies of average errors,
due to sparse rain gauge distributions were attributable to CHIRPS large uncorrected errors in those areas.
A remarkable difference in the approach to other methods is its ability to leave the satellite estimates close to
the uncorrected state when the reference data is inconsistent in time. The overall monthly average reduction
indicates that the RMSD reduced between 4% and 60%, and the MAE between 1% and 63%, while the
correlations improved by up to 21%, as shown in Table 1.

The yearly analysis showed an increase in the corrected biases which is associated to the reduced
rainfall variability at this scale. Similar to monthly findings, the corrected underestimations were
more dominant on high elevated areas and were in areas of high rainfall magnitudes that showed
seasonality. The study observed that the corrected biases were more during years of high rainfall
magnitude. Although large biases were evident during El Niño year of 2006 which also has highest
rainfall amount, not all El Niño years showed similar results. This is understandable as El Niño years
occur during the October–December rainfall months, but its effect spreads to the March–May rainfall
months. As a result, the year that followed was observed to have high rainfall, hence an increased
in the biases corrected. An example is shown in the 2003, 2006, and 2009 El Niño years whereby
an increased rainfall average amount was observed a year after in 2004, 2007, and 2010. Consequently,
a higher percentage of bias were corrected. This observation is vital as the systematic errors are
increased with increased rainfall amounts, but are also dependent on the distribution of the rainfall
in time. The overall yearly average reduction indicated that the RMSD was reduced by between 17%
and 49%, and the MAE was reduced by between 13% and 48%, while the correlations increased by
between 9% and 17%, as shown in Table 2.

Further assessments of the performance of the Bayesian approach were carried out using
selected pixels (Figure 1) in areas of substantial uncorrected bias. These areas included Mt. Elgon,
Southern Tanzania, Lake Victoria, and the Mt. Kilimanjaro areas. Nine pixels from the areas with the
largest overestimations were used for the extraction of average rainfall for CHIRPS, and bias-corrected
CHIRPS (bc) and compared with the corresponding rain gauge dataset. The percentage change in MAE
quantified their relationships. This analysis indicated that CHIRPS considerably overestimated rainfall
in those areas of sparse rain gauge distributions. The highest corrected MAE were observed in the years
of the lowest MAE. Observations showed that the years 2005, 2007, and 2009 had the lowest annual
rainfall in these regions, and consequently, the highest MAE decrease. Although each region received
different amounts of rain over the validation period, the errors in corrected estimates showed a similar
trend. The lowest MAE before correction corresponded with the highest percentage of corrected
errors spatially and temporally. This can be understood as shallow convections in cirrus effects are
minimal. Conversely, in the years and areas of deep convections, cirrus clouds increase. However,
in areas of relatively dense rain gauges, cirrus related errors are minimized. For example, in the
year 2009 over the Mt. Elgon and Lake Victoria areas, the lowest MAEs observed before correction
were 49.5 mm/year and 273.5 mm/year, respectively. Consequently, those were the areas of highest
corrected MAE, at 38% and 44%, respectively. Similarly, over Southern Tanzania, in the year 2007,
the lowest MAE was 175.6 mm/year, and was consistent with the highest corrected MAE of 50%.
In Mt. Kilimanjaro, in 2005, the lowest MAE error was 1140.6 mm/year and coincided with the highest
percentage improvement of 23%. Therefore, overcorrections were adequately addressed spatially and
temporally when rainfall was low in areas of sparse rain gauges, but remain unaddressed in deep
convection attributed to monsoons. This effect was minimal in densely distributed rain gauge areas
due to the increased representation of rainfall variability.
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The Bayesian approach is recommended to adjust rainfall estimates of other algorithms with
long-term historical records that are representative of rainfall variability of the area under consideration.
The method is suitable for the reduction of systematic errors, especially in high elevated regions. It is,
however, sensitive to sparse rain gauge distributions in regions of deep convective systems due to cirrus
effects that cause overestimations. Therefore, with a good quality rain gauge network, the approach
works better in those areas. It is recommended to have the reference data of a higher or equal spatial
scale for higher rainfall spatial representation.
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