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ABSTRACT

Gauge-based gridded precipitation estimates are emerged as a supplementary source of precipitation
data where in-situ precipitation data are not readily available. In this study, four widely used gauge-
based gridded precipitation products, namely Global Precipitation Climatology Centre (GPCC), Cli-
matic Research Unit (CRU), Asian Precipitation Highly Resolved Observational Data Integration
towards Evaluation (APHRODITE), and Center for Climatic Research — University of Delaware (UDel)
are compared with in-situ precipitation at three stations located in semi-arid, arid, and hyper-arid
regions of Balochistan province, Pakistan. The assessment is carried out at monthly scale and at 0.5°
resolutions during 1961-2007. The performance of the data products is evaluated using various statis-
tical approaches including root mean square error (RMSE), bias, non-parametric Kendall rank correla-
tion, and the Mann-Kendall’s trend test. The results reveal that the performance of different products
varies at different stations. However, GPCC is found considerably better than other products showing
high agreement with annual and seasonal precipitation. GPCC also showed lower errors and higher
correlations than other products. Albeit with the lack of spatially dense precipitation data in the study
domain, this study suggests GPCC precipitation estimates as the most suitable product for the climatic
and hydrological studies in a predominantly arid region like Balochistan.

Keywords: Precipitation; Gauge-based precipitation analysis; Arid region; Statistical assessments;
Pakistan

1. Introduction

Precipitation data are essential to identify and under-
stand the variations and changes in regional and global
climate [1]. The major problem often faced in conducting
such studies in most parts of the world is the availability
of long-term data. Despite availability, uneven distribution
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and the quality of available data often make it inadequate
for the hydrological applications [2]. To overcome these
difficulties, numbers of multi-source climate data products
have been developed which allow climatic and hydrologi-
cal studies, particularly in the area where long-term reliable
observation data are not available or gauge data are sparse
[3-5]. These climate data products are mainly classified into
gauge-based precipitation, satellite-based precipitation,
reanalysis precipitation, and mixtures of different products.
Gauge-based gridded precipitation analysis data are often
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used by scientific community because of their spatial and
temporal continuity and availability for longer period [6].
Number of studies revealed that the gauge-based gridded
precipitation analysis data can be used for climate studies
such as, trend analysis [6-9], climate downscaling [10-12],
as well as hydrological studies like drought characteriza-
tion [13-17], flood studies [18-20], etc.

Balochistan, the arid province of Pakistan is consid-
ered as one of the most vulnerable regions of Pakistan to
hydrological hazards, particularly droughts. Therefore,
hydro-climatic studies, particularly seasonal rainfall vari-
ability, droughts, and their trends are very important for
the agriculture and water resources management as well as
development and planning activities in the region. Avail-
ability of long-term quality rainfall data is the major obsta-
cle for hydro-climatic studies in Balochistan. Other major
problems with climatic data in the region are the missing
data, inhomogeneity, and sparse distribution of rain gauges
[14]. It is anticipated that droughts and water scarcity will
continuously increase in the region throughout the 21* cen-
tury due to climate change [21]. Assessment of on-going
and future changes in climate and droughts in the region
is therefore very urgent for adaptation and mitigation plan-
ning. This emphasizes the need for long-term quality rain-
fall data for the region.

The objective of present study is to assess the suitability
of different gauge-based precipitation data for replicating
observed monthly rainfall of Balochistan. The performance
of four gridded precipitation datasets is assessed in the
present study namely, datasets of global precipitation cli-
matology centre (GPCC), version V.6 (GPCC) [22]; data-
sets of climatic research unit (CRU TS 3.22), University of
East Angelia [23]; Asian precipitation — highly-resolved
observational data integration towards evaluation (APH-
RODITE) [24] and; the data produced by the Center for
climatic research, University of Delaware (UDel) [25]. The
above mentioned datasets were selected because of their
availability and popularity in climatic and hydrological
applications [1-8]. Various statistical approaches including
root mean square error (RMSE), bias, non-parametric Ken-
dall rank correlation, and the trend test were used to eval-
uate the performance of those datasets. It is expected that
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identification of reliable gauge-based gridded precipitation
data will help to conduct hydrological and climatic studies
in Balochistan, which in turn will help in impact assess-
ment and mitigation planning in this vulnerable region of
the country.

2. Study area and datasets
2.1. Study area

Balochistan is a mountainous, desert and an arid prov-
ince, located between 25° to 32°N and 61° to 70.5°E. The
location of Balochistan on the map of Pakistan is shown
in Fig. 1. Physiographically, it is plateau of rough terrain
divided into basins by ranges of various heights and rug-
gedness. The topography of the study area extracted from
the Advanced Space borne Thermal Emission and Reflec-
tion Radiometer (ASTER) Global Digital Elevation Model
Version 2 (GDEM V2) data, shown in Fig. 1, reveals a large
variation of topography over a short distance. The high
variability in topography strongly influences the climate in
the region [26].

The climatic map of province for the period 1961-2004
[26] is shown in Fig. 2(a). The map shows that the climate of
the province lies in the region of hyper-arid, arid and semi-
arid based on UNESCO (1979) aridity model. The rainfall in
the area is scanty and unevenly distributed. Spatial distri-
bution of the annual rainfall in the area during 1961-2004
[26] is shown in Fig. 2(b). The figure shows that the rainfall
in the area varies from <100 mm in the southwest desert to
>300 mm in the northeast.

Monsoon winds and the western depressions are the
main sources of rainfall during summer (June to September)
and winter (December to March), respectively in the study
area. Monsoon is a seasonal prevailing wind in the region
of South and Southeast Asia that bring moist air from Bay
of Bengal during summer. The winds enter the area from
southeast corner of the province and therefore, southeastern
part of the province receives more rainfall during summer.
As the monsoon progresses through the land, air moisture
content reduces, and the amount of monsoon rainfall grad-
ually decreases from the east to the west. On the other side,
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Fig. 1. Geographical location, topography and location of meteorological stations of Balochistan province, Pakistan.
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Fig. 2. Map of (a) aridity; and (b) mean annual rainfall of the study area.
western depressions that originate in the Mediterranean Sea S s
travel eastward in higher latitudes (within 30° to 60° N) and C)] Semi-arid
the regions of Pakistan lie in 34°N to 36°N receives maximum 'E‘ 100 f
rainfall due to the topography of Himalayan Mountains. < 80
These disturbances induce secondary rainfall in the lower £ ¢ |
latitudes of 25° to 30°N, where most parts of Balochistan are % pr
located [27]. The secondary disturbances extract moisture é
from the Arabian Sea and bring a small amount of rainfall to 20 F
most parts of the province. The area receives 58% of annual 0
rainfall during winter, while 31% during monsoon. dan; Riehi Marsfnr May, Jux-, (Jul o Axg. iSe i0ct NoviiDec
Seasonal distribution of rainfall at three stations in the 20 - -
study area is shown in Fig. 3. It can be seen that there are L Arid
high variations in seasonal rainfall at different stations Eis
located in different climatic zones in the study area. The pu.
highest rainfall at semi-arid and arid station is obtained in 210 |
the month of July due monsoon winds while at hyper-arid z
station highest rainfall is recorded in the month of February E 5
due to western depressions.
Majority of the Balochistan’s population (85%) live in 0
the rural areas and rely on agriculture as their main source dax Bl B e g ex el e S 10 St
of income [28]. Agriculture and livestock industries employ 10 e
about 67% of the labor force and account for 50% of the e = Hyper-ard
gross domestic product (GDP) of the province [29]. Range- E
lands provide about 90% of livestock feed requirements E 6
[30]. Any variation in climate severely affects the agricul- g
ture and people’s livelihood in the region. £
£ 2
2.2. Datasets 0

The accuracy of hydro-climatological studies often
requires long-term reliable and continuous precipitation
data. It is also expected that the data should be homogeneous
[31]. Several methods have been developed and applied for
the assessment of homogeneity in time series data [32]. These
methods are mainly divided into groups namely, relative
methods and absolute methods. Relative methods are more
reliable and recommended as the test is conducted by cor-
relating the test series with the homogeneous data series of a

Dec

Jan Feb Mar Apr May Jun
m Month

Jul Aug Sep Oct Nov

Fig. 3. Seasonal distribution of rainfall in different climatic
zones in Balochistan: (a) semi-arid, (b) arid, and (c) hyper-arid.

neighboring station. On the other hand, when homogeneous
data series is not available or if the correlation between test
series and reference series does not have a good association,
absolute methods are preferred [33].
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Rainfall in arid regions is very erratic and sparse, and
therefore, varies widely over a short distance. Furthermore,
rainfall stations are usually sparsely located in most of the
arid regions in the world due to less human settlements.
Therefore, it is often hard to find homogeneous rainfall time
series in the neighboring area. In the present study, absolute
methods are used to assess homogeneity of rainfall time
series.

There are fifteen meteorological stations in Balochistan
operated by Pakistan Meteorological Department (PMD).
The homogeneity of rainfall data was assessed using abso-
lute homogeneity tests i.e. Pettitt’s test, standard normal
homogeneity test (SNHT) and von Neumann ratio test. The
tests were selected based on their wide and recent applica-
tion in rainfall homogeneity assessments [33]. These tests
were conducted over rainfall data (1961-2007) of each
month at each station to detect the inhomogeneity at a
confidence level of 95% with null hypothesis (H,): rainfall
data are homogeneous; and alternative hypothesis (H ):
rainfall data are not homogeneous. The results revealed
that the null hypothesis could not be rejected for rainfall
at five stations. Monthly rainfall data recorded at three
stations out of those five stations were used in the study.
The three meteorological stations were chosen based on
their location in semi-arid, arid, and hyper-arid regions.
The normality of data was assessed at a confidence level
of 95% with null hypothesis (H), rainfall data follows a
normal distribution; and alternative hypothesis (H,), rain-
fall data does not follow a normal distribution.The results
based on Kolmogorov-Smirnov and chi-square goodness-
of-fit test showed that null hypothesis is rejected at all
stations. The location of the stations is shown in Fig. 2(a).
The basic statistics of rainfall at each station are provided
in Table 1. Table 1 shows a big difference in precipitation
between semi-arid and hyper-arid regions. Semi-arid sta-
tion receives most rainfall during monsoon while arid and
hyper-arid regions receive major part of annual rainfall
during winter.

Gauge-based gridded precipitation data with a spa-
tial resolution of 0.5° latitude x 0.5° longitude for the
time period 1961-2007 were extracted from the websites
of the data products. GPCC data were downloaded from
the website: http://gpcc.dwd.de/; UDel from: http://
climate.geog.udel.edu/~climate/; APHRODITE from:
http:/ /www.chikyu.acjp/precip/; and CRU from the
website: https://crudata.uea.ac.uk/cru/data/. The time
period 1961-2007 was selected for the assessment of the
performance of gauge-based gridded data as the observed
precipitation data are available only for that time period.
A brief description of each precipitation product is given
below.

Table 1
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2.2.1.GPCC precipitation

GPCC global gridded precipitation dataset is developed
by combining the precipitation data obtained through tele-
communication system (GTS), synoptic weather reports
(SYNOP) and monthly climate reports (CLIMAT). Proper
quality control and harmonization of the station meta-in-
formation are carefully done during merging of precipi-
tation datasets from different sources. GPCC uses smart
interpolation technique for gridding, which has the ability
to consider the systematic relationship between elevation
and station observations and consequently, the ability to
enhance the estimation accuracies [34]. The data coverage of
GPCC monthly precipitation database varies from ~10,000
stations at the beginning of the 20" century to more than
45,000 stations in 1986-1987. At present, GPCC uses rain-
fall data from more than 85,000 rain gauges for generating
global gridded precipitation, which is the highest among all
gridded precipitation databases in the world [35].

2.2.2.CRU precipitation

CRU of East Anglia (UK) University developed num-
ber of 0.5° resolution gridded datasets for monthly mean
precipitation. In the present analysis, CRU TS 3.22 data cov-
ering the period 1901-2013 is used. The CRU database is
developed from rain gauge measurements at about 4,000
weather stations distributed around the world. All the col-
lected data are passed through two-stage extensive manual
and semi-automatic quality control measures. In the first
stage, the data are checked for the consistency and in the
second stage, the stations or months are removed which
gives large errors during interpolation process. CRU uses
angular distance-weighted (ADW) interpolation method to
develop the gridded monthly precipitation anomalies [23].

2.2.3.APHRODITE precipitation

The APHRODITE project was established in 2006 to
develop high resolution daily precipitation datasets for the
whole Asia [24]. The APHRODITE database is developed
using rainfall data collected from 5000 to 12000 rain gauges
distributed over Asia. A brief screening based on geographic
location of the station is conducted before inclusion of data
in APHRODITE database. APHRODITE has different grid-
ded rainfall products with spatial resolutions ranging from
0.05° to 0.25°. The spatial resolution and available time span
of APHRODITE dataset differ in different domains of Asia.
In this study, daily gridded precipitation data of APHRO-
DITE project version V1101R2/APHRODITEO_MA /050
deg are used. Daily precipitation was converted to monthly

Statistical summary of rainfall data at three stations used in the study

Station Climatic Altitude  Annualrainfall Monsoon  Winter = Missing data Homogeneity =~ Normality
name Zone (m) (mm) (mm) (mm) (%)

Barkhan Semi-arid 1097 397.10 259.21 67.17 1.22 H, H,
Panjgur Arid 968 104.93 33.86 57.38 0.20 H, H,
Nokkunddi Hyper-arid 682 36.10 3.71 2913 0.81 H, H,
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totals for comparison with other gridded precipitation
products used in the study.

2.2.4. UDel precipitation

University of Delaware developed several precipitation
datasets with support from NASA'’s Innovation in Climate
Education (NICE) Program. The UDel precipitation data-
base is compiled from a number of updated sources e.g.
Global Historical Climatology Network (GHCN2). The
UDel uses precipitation data from 4,100 to 22,000 stations.
DEM-assisted and climatologically aided interpolation
(CALI) [36] is used to generate the gridded monthly precip-
itation. Precipitation dataset version V 3.02 of UDel is used
in the present study.

3. Methodology

The reliability of gauge-based gridded precipitation
datasets is assessed by comparing them with observed
precipitation. In literature, the gridded data are often
validated with observed data either by interpolating or
correlating with nearby stations. Several studies, such as
[5,37,38,39] suggest validation of gridded-data by cor-
relating with nearby station data. In the present study,
observed data was correlated with the gridded data
at four grid points around the observed station. For
example, observed rainfall data at the station located in
semi-arid region (29.88°N, 69.72°E) was correlated with
the gridded precipitation data at four grid points sur-
rounding the station. The obtained correlation coefficient
for GPCC gridded precipitation data at points (29.5°E,
69.5°N), (30°E, 69.5°N), (29.5°E, 70°N), and (30°E, 70°N)
were 0.95, 0.96, 0.94, and 0.97, respectively. As the higher
correlation was found with the data at grid point (30°E,
70°N), it was selected for validation for GPCC data. Sim-
ilar correlation coefficients were found for other grid-
ded precipitation data and therefore, those datasets at
grid point (30°E and 70°N) were used for validation at
semi-arid region. The best grid at different stations was
assessed for replicating the threshold rainfall. Since,
there is no definition of extreme rainfall in Pakistan; 50-,
90- and 95-percentile rainfalls were considered as moder-
ate, severe and extreme rainfall, respectively. Therefore,
the threshold assessment was carried out by comparing
the 50-, 90- and 95™ percentiles of observed against the
percentiles of gauge-based precipitation. The temporal
variability in annual and seasonal precipitation was also
assessed by comparing observed data with gauge-based
data. Further, different statistical methods were used for
the validation of gridded precipitation data. Details of the
methods used in the present study are discussed below.

3.1. Root mean square error (RMSE)

RMSE summaries the mean difference between
observed and predicted values to provide overall measures
of model performance [40,41]. Therefore, RMSE is used in
this study to assess the performance of different gauge-
based precipitation datasets. RMSE can be calculated using
following equation:

1/2
1Y 2
RMSE = [NZ(xgridded,i - xubs,i) :| (1)
i=1
where X idied is the precipitation at 7, grid, x, is observed

data, and n is the number of the observations. A dataset is
considered more accurate if RMSE is closer to zero [42,43].

3.2. Bias

Bias provides long-term information of the model and,
therefore, recommended to use along with RMSE in order
to provide adequate indication of model performance [44].
Bias can be calculated as,

. [N
Bias = |:ﬁz(xgridded,i - xobs,i):| @

i=1

where x__ . is the precipitation at 7, grid, x, is observed

gridded th & obs . R
data, and 7 is the number of observations. A positive bias
means overestimation, while a negative bias means under-
estimation by the model. Smaller bias value indicates a bet-
ter performance of precipitation product.

3.3. Correlation tests

Correlation analysis estimates the degree of associa-
tion between two variables and, therefore, it can be used
as a measure to show how gauge-based precipitation
data is allied to observed data. A number of correlation
tests are available in literature which can be broadly clas-
sified as parametric and non-parametric. Parametric cor-
relation tests are suitable when the distribution of data
is normal, while non-parametric are used when the data
does not follow normal distribution. The distribution of
rainfall data in Table 1 showed that data is non-normal
therefore non-parametric Kendall rank correlation was
estimated to assess the reliability of gauge-based precip-
itation data.

Kendall’s rank correlation (or T test) is commonly used
to assess the relationships between two variables when
their distributions are not known. It is a rank-based proce-
dure and therefore resilient to extreme values. The Kendall
rank correlation coefficient (1) between two variables X and
Y can be estimated as,

40
n(n-1)

®)

where Q denotes the number of inversions among the val-
ues of Y that are required to obtain the same order as the
values of X. If all the pairs are in increasing order, then:

.40 _
=1 n(n-1) 0 )

If all the pairs are in reverse order, then:

B Zn(n—l)_
T_l_—n(n—l) =1 )
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3.4. Trend Test

Mann-Kendall test (MK) is a simple linear nonparamet-
ric test widely used to assess changes in climatic variables
[45]. Mann-Kendall test has been recommended by the
World Meteorological Organization (WMO) for analyzing
hydrological and meteorological trends [46]. One of the
main advantages of this method is its capability of coping
with missing values or outliers. Furthermore, the perfor-
mance of this method does not depend on the distribution
of the data [47]. Therefore, the Mann-Kendall test was used
to assess the annual trends in observed as well as in gauge-
based gridded precipitation dataset in order to reveal the
similarity in trends. Similarity in trends was considered in
terms of sign i.e. positive or negative. Mann-Kendall test
statistics (S) for precipitation series {x,...x, } is calculated as,

n i-1
Szz ZSign(xi—xi) (6)
=2 j=1
where 7 is the length of data series; x, and X, are sequential
data in time series; and
-1 for (xi —x].) <0
sign(xi—xj)= 0 for (xi—xj)=0 @)
1 for (x,. —xj)> 0
The variance of the statistic is calculated using the fol-
lowing equation
q
s(n=1)(2n+5)- " tp(t,~1)(2t,+5) ®

Var(S) = i

where t is the number of ties of the p, value, and g is
the number of tied values. Standardized test statistics for
Mann-Kendall test, which is approximately normally dis-
tributed, can then be calculated as,

S-1

Var(S)
Z =50

S+1

Var(S)

if $>0

if =0 ©)
if $<0

Positive or negative value of Z indicates the direction of
the trend in time series.

4. Results
4.1. Precipitation threshold assessment

The observed and gauge-based precipitation at dif-
ferent thresholds was first compared to assess the perfor-
mance of different gauge-based precipitation in replicating
the threshold rainfall. The obtained results are presented
in Fig. 4. It can be seen that observed precipitation thresh-
olds are well captured by GPCC in semi-arid station (Fig.
4a). GPCC slightly over-estimated moderate precipitation
and slightly under-predicted severe precipitation, whereas
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Fig. 4. Comparison of observed and gauge-based precipitation
thresholds at (a) semi-arid; (b) arid; and (c) hyper-arid stations
for the period 1961-2007.

all other products are found to under-estimate all rainfall
thresholds. GPCC is also found to replicate all the rainfall
thresholds at arid (Fig. 4b) and hyper-arid (Fig. 4c) stations.
The CRU and UDel are found to well capture the moderate
and severe precipitation thresholds, but under-estimate the
extreme rainfall in arid station (Fig. 4b). In hyper-arid sta-
tion, all datasets are found to over-estimate the moderate
precipitation. The differences among products are found
minor. However, severe and extreme precipitation at this
station is captured well by GPCC compared to other prod-
ucts. The CRU is found to over-estimate all the precipitation
thresholds at hyper-arid station (Fig. 4c).

4.2. Temporal variability of annual precipitation

The annual time series of observed and gauge-based
precipitation were compared to evaluate the ability of dif-
ferent data products in replicating the observed precipita-
tion. Comparisons were performed individually for each
product at each station. The obtained results are shown in
Fig. 5. The results at semi-arid station (Figs. 5a-5d) show
that GPCC and UDel can replicate the annual precipitation.
However, the performance of GPCC (R = 0.83) is found
much better compared to UDel (R = 0.46). APHRODITE
is found to under-predict the rainfall, but able to replicate
the temporal evolution. Similar comparisons at arid station
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(i,j k1) stations.

(Figs. 5e-h) show that GPCC (R = 0.83), CRU (R = 0.71) and
UDel (R = 0.75) can capture the annual precipitation better.
At hyper arid station (Figs. 5i-1), GPCC (R = 0.88) and APH
(R = 0.62) are found better. It can be noted that UDel (R =
0.51) captured the precipitation successfully till the year
1985, after that it over-estimated rainfall.

4.3. Temporal variability of seasonal precipitation

The rainfall time series of two major precipitation sea-
sons namely, monsoon and winter were also compared to
assess the performance of data products. Comparison of
monsoon and winter rainfall at semi-arid station is shown
in Fig. 6. GPCC (R = 0.86, 0.85) was able to reproduce the
rainfall time series in both seasons much better compared
to other products. UDel was able to replicate both the time
series until 1985. On the other hand, both CRU and APH-
RODITE were found to under-estimate rainfall in both the
seasons.

The comparison of observed and gauge-based precip-
itation time series during monsoon and winter at arid sta-
tion is shown in Fig 7. The arid station receives most of its
precipitation during winter season. It can be observed that
almost all datasets are able to reproduce winter precipita-

tion better than monsoon season. However, the monsoon
precipitation is also well captured by GPCC (R = 0.70), CRU
(R=0.69) and UDel (R = 0.69).

The comparison of observed and gauge-based precipi-
tation time series during monsoon and winter at hyper-arid
station is shown in Fig 8. The amount of rainfall at this sta-
tion during monsoon is very low, while it receives substan-
tial amount of rainfall during winter. All data products were
able to replicate the winter precipitation at this station. The
GPCC (R = 0.82) was found to replicate better as compared
with other products. The precipitation at hyper-arid station
during monsoon is nearly zero in most of the year; however
some extreme rainfall values were recorded in some years.
The GPCC (R = 0.52) was found to capture well the extreme
rainfalls compared to other data products.

4.4. Validation of results
4.4.1. Root mean square error (RMSE)

Table 2 shows the RMSE in observed and gauge-based
precipitation data. It can be seen that GPCC data gave
the lowest error in all months at semi-arid station. On the
other hand, different products are found to have the lowest
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Fig. 6. Comparison of observed and gauge-based precipitation time series during monsoon and winter at semi-arid station.

RMSE in different months at arid station. For example, the
GPCC gave the lowest RMSE in the months of February,
April, June, September and December, while CRU showed
the lowest RMSE in the months of January, March and
May, and UDel in the months of July, August, October and
November. The RMSE values at hyper-arid station showed
that GPCC has lowest errors in all months. Overall, aver-
aged RMSE results shows that GPCC has the lowest errors
at all the stations. The CRU showed the highest RMSE in
semi-arid and hyper-arid stations, while the APHRODITE
showed the highest RMSE in the arid station.

RMSE is highly sensitive to outliers in the rainfall data.
Therefore, the obtained RMSE values were compared with
normalized room mean square error (NRMSE) to check the
consistency. The results were found consistent with other
statistics.

4.4.2. Bias

Biases in different gauge-based precipitation datasets
are presented in Table 3. It can be seen that biases in differ-
ent gauge-based precipitation vary between different climatic
zones. GPCC data showed better performance at semi-arid
station, where it showed the lowest biases in all months except
May and June. The maximum bias in GPCC is observed in the
month of July (4.43 mm). The biases in other gauge-based
precipitation products are relatively high at this station.

At arid station, GPCC showed the lowest bias in the
months of January, February, March, June, September, and
October; CRU showed the lowest bias in April, and May,
while UDel showed the lowest bias in May, July, August and
December. The biases in APHRODITE are found very high in
all the stations. Similarly, GPCC product showed the lowest
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Fig. 7. Comparison of observed and gauge-based precipitation time series during monsoon and winter at arid station.

biases in hyper-arid station. Since the rainfall in the region is
very low, the biases are also found very low. GPCC showed
the maximum biases of —0.75 mm in the month of February.
On the other hand, other gauge-based precipitation products
showed higher biases at hyper-arid station in different months.

The sign of biases are found to vary for different gauge-
based precipitation data at different months and locations.
Overall, the performance of GPCC is found better at all sta-
tions in term of biases showing lowest negative bias (-0.62
mm) at semi-arid, (0.38 mm) at arid and (-0.19 mm) at
hyper-arid station.

4.5. Correlation analysis

The results of non-parametric correlation analysis are
given in Table 4. Results shows that highest Kendall’s rank

correlations is found between observed and GPCC data in
almost all months of semi-arid. At arid station, GPCC gave
the highest correlation in the months of February, April, and
December. On the other hand, CRU showed the highest cor-
relations in the months of March, May, June, July, October,
and November, and UDel showed the highest correlation
in January, August and September. GPCC was also found
to show highest correlations at hyper-arid station in almost
all months except August, October and December. Overall,
GPCC is found to perform better in semi-arid and hyper-
arid stations, while CRU showed better performance in arid
station in term of Kendall’s correlation.

It can be noted that correlation could not be calculated
for CRU dataset for few months at arid and hyper-arid sta-
tions due to zero precipitation estimated by CRU in those
months. Besides, correlation could also not be calculated at
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Table 2

Root mean square error in gridded precipitation datasets at stations located in semi-arid, arid and hyper-arid regions

Month ~ Semi-arid Arid Hyper-arid

GPCC  CRU APH UDel GPCC  CRU APH UDel GPCC  CRU APH UDel
Jan 2.24 14.97 11.67 13.14 441 2.73 9.06 3.83 1.54 14.47 10.59 8.02
Feb 4.23 20.70 14.74 14.12 3.73 13.01 10.63 12.31 2.39 13.73 6.47 591
Mar 10.72 29.51 26.94 2791 6.21 6.03 10.20 9.30 291 13.71 8.62 12.68
Apr 13.76 29.03 23.61 21.08 4.25 947 8.83 8.79 1.77 419 3.61 9.65
May 6.41 2798 25.46 1792 3.18 0.98 4.09 2.45 0.81 1.05 173 2.20
Jun 12.31 38.84 33.91 2748 3.36 19.60 10.78 1042 0.78 10.92 2.49 8.38
Jul 17.10 60.01 57.61 45.67 794 8.43 22.33 7.66 0.33 11.11 2.55 8.74
Aug 21.04 62.93 58.12 44.51 3.95 3.46 8.72 2.52 0.51 417 2.55 2.75
Sep 10.60 34.08 36.43 19.98 1.21 5.51 3.57 2.53 0.08 115 0.49 2.05
Oct 2.04 17.80 18.70 16.87 1.79 6.25 1.80 0.98 0.42 1.30 1.73 8.02
Nov 0.71 8.16 497 20.23 197 492 2.10 0.86 0.69 0.90 2.05 4.45
Dec 3.85 10.19 9.20 10.66 4.16 10.33 7.25 8.38 1.16 8.25 6.48 8.20
Avg 8.75 29.52 26.78 23.30 3.85 7.56 8.28 5.84 1.12 7.08 411 6.75

Bold numbers indicate the lowest error among the data products.
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Table 3
Biases in gridded precipitation datasets at stations located in semi-arid, arid and hyper-arid regions

Month ~ Semi-arid Arid Hyper-arid

GPCC CRU APH UDel GPCC  CRU APH UDel GPCC  CRU APH UDel
Jan 0.40 -8.35 217 -2.06 0.37 -1.48 1.02 2.01 0.31 -5.68 -091 -1.08
Feb 0.14 -8.65 6.90 3.10 -0.02 -1.40 1.71 297 -0.75 -4.05 -1.93 -0.41
Mar -1.70 -8.94 11.38 7.68 1.22 -1.76 3.10 1.63 -0.44 -3.81 -1.69 0.58
Apr 1.90 -2.51 10.70 9.83 1.22 0.17 1.95 0.44 -0.15 -0.59 -1.49 -2.77
May 0.56 0.46 9.03 1.27 -0.45 0.01 -0.70 -0.01 -0.45 0.37 -0.84 -0.79
Jun —2.56 18.67 22.16 1.41 -0.83 3.13 1.02 171 -0.15 0.70 -0.68 0.42
Jul —4.43 32.22 39.45 3.53 2.69 3.49 9.36 1.31 -0.03 -5.48 -0.90 -1.52
Aug -0.18 29.20 3777 14.92 143 -1.16 2.70 -0.03 -0.04 -1.72 -0.26 -0.71
Sep -1.96 19.53 23.26 295 -0.24 1.65 0.25 -0.54 -0.02 -0.49 -0.23 -0.53
Oct 0.24 3.38 2.56 0.17 0.02 -0.24 -0.15 -0.23 -0.19 0.31 -0.54 -2.15
Nov 0.04 -1.57 1.23 -6.01 -0.45 0.54 -0.09 -0.26 -0.14 0.30 -0.93 -0.90
Dec 0.11 -4.78 1.35 -2.03 -0.46 -1.31 1.22 0.06 -0.22 -3.78 -3.35 —2.45
Avg -0.62 5.72 14.00 241 0.38 0.14 1.78 0.26 -0.19 -1.99 -1.15 -1.03

Bold numbers indicate the lowest error among the data products.

Table 4
Mann-Kendall rank correlation coefficients between gridded precipitation datasets and observed rainfall at stations located in
semi-arid, arid and hyper-arid region

Month Semi-arid Arid Hyper-arid
GPCC CRU APH UDel GPCC CRU APH UDel GPCC CRU APH UDel

Jan 0.87 0.57 0.53 0.46 0.80 0.86 0.62 0.87 0.80 0.44 0.52 0.46
Feb 0.88 0.50 0.69 0.56 0.85 0.82 0.67 0.75 0.89 0.65 0.77 0.69
Mar 0.80 0.38 043 041 0.82 0.89 0.62 0.76 0.84 0.45 0.64 0.64
Apr 0.85 0.50 0.51 0.60 0.86 0.79 0.62 0.72 0.80 0.33 0.42 0.42
May 0.86 0.40 0.59 0.40 0.64 0.83 0.45 0.61 0.48 - 0.39 0.46
Jun 0.82 0.25 0.47 0.56 0.65 0.66 0.46 0.72 0.50 0.04 0.23 0.12
Jul 0.84 0.35 046 044 0.85 0.87 0.65 0.79 0.79 043 0.46 0.79
Aug 0.82 0.19 0.47 0.46 0.79 0.79 0.65 0.80 0.51 0.48 0.41 0.71
Sep 0.85 0.40 0.57 0.57 0.39 - 042 0.60 - - - -
Oct 0.85 0.64 047 0.52 0.61 0.74 0.55 0.52 0.33 - 0.52 0.68
Nov 0.83 0.57 0.52 0.36 0.56 0.77 0.56 0.67 0.71 - 0.51 0.61
Dec 0.81 0.64 0.52 0.53 0.85 0.81 0.73 0.79 0.78 0.42 0.49 0.39
Avg 0.84 0.45 0.52 0.49 0.72 0.80 0.58 0.72 0.68 0.41 0.49 0.54

Bold numbers indicate the highest correlation among the data products.

hyper arid region in the month of September due to no pre-
cipitation during 1961-2007.

4.6. Trend detection results

Precipitation datasets were converted from monthly
to annual and seasonal time series for detecting trends in
the annual and seasonal rainfall. Mann-Kendall test was
applied at each station and season separately. The Z val-
ues for annual, monsoon and winter seasons obtained for
different datasets at each station are presented in Table 5. It
can be noticed that most of the data products have similar
z values (same sign + ve or —ve) as observed at all stations.

For example, at semi-arid station GPCC, CRU and APH
have positive trend in annual and monsoon season while in
winter season only GPCC and CRU have positive trend. On
the other hand, UDel have negative trend in all seasons that
is opposite to observed trends.

The results obtained for arid station showed declining
trend for observed rainfall in annual and other seasons. The
declining trends were only replicated by GPCC and CRU.
APH showed positive trends for annual and monsoon and
negative in winter season. Similar to semi-arid station, UDel
also showed opposite trend of observed rainfall. At hyper-
arid station, decreasing trend was noticed in observed
annual and winter rainfall. The same was replicated by all
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Table 5
Mann-Kendal Z statistics for annual observed and gridded
precipitation datasets at semi-arid, arid and hyper-arid stations

Station Dataset Annual Monsoon  Winter
Semi-arid Observed 2.27 142 1.14
GPCC 1.32 0.53 0.64
CRU 1.27 1.25 0.59
APH 112 1.26 -0.68
UDel -0.02 -0.18 -0.56
Arid Observed  -0.57 -0.55 -0.75
GPCC -0.26 -0.35 -045
CRU -1.50 -0.72 -097
APH 0.28 0.33 -0.68
UDel 0.36 0.29 0.04
Hyper-arid  Observed  -145 0.14 -1.37
GPCC -1.55 0.22 -1.67
CRU -0.78 -0.26 -0.96
APH -0.34 0.75 -1.04
UDel 1.14 2.58 -0.34

Bold letter indicates the significance at p< 0.05.

gauge-based datasets in winter rainfall while UDel showed
contrast to annual observed rainfall trend. The monsoon
season at this station showed increasing trend that is rep-
licated by all gauge-based data except CRU where decreas-
ing trend is observed. Overall, the results show that GPCC
precipitation z values are much closer to observed z values,
while z values of UDel precipitation were found completely
different from observed z values. The performance of CRU
is also found satisfactory as it shows similar to observed
trend.

5. Discussion

Several studies has been conducted in past to assess
the reliability of various gauge-based datasets around the
world [4,6,48-52]. Most the studies showed the superior-
ity of GPCC compared to other gauge-based precipitation
data product in replicating observed rainfall. Negron-
Judrez et al. in 2009 evaluated the performance of six
gridded precipitation products for tropical South America
and concluded that GPCC presented the major agreement
over South America [50]. El Kenawy and McCabe in 2015
assessed the performance of rainfall data from six widely
used gauge-based products over Saudi Arabia, and sug-
gested GPCC along with CRU, APHRODITE and PRINC-
ETON perform well against most metrics [52]. Prakash et
al. in 2015 compared the performance of four gauge-based
land-only rainfall products with the Indian meteorological
department (IMD) gridded rainfall dataset and reported
that APHRODITE and GPCC datasets perform better rel-
ative to the others in terms of a variety of skill metrics [4].
Kishore et al. in 2016 investigates the characteristics of
Indian rainfall using observations and reanalysis datasets
and reported that GPCC data shows similar features as
that of IMD with high degree of comparison [6]. Present

study also collaborates with the finding of those studies.
In the present study, GPCC data was found better com-
pared to other three data products used in terms of all sta-
tistical measures used.

Various factors define the performance of gauge-based
gridded precipitation data in a particular area which
include number of observed stations used, distribution
of available meteorological stations, data quality of the
observed stations, method of interpolation, and topogra-
phy of the area [53,54]. One of the major causes of the
better accuracy of GPCC data is relatively more observed
stations used for constructing the GPCC dataset com-
pared to other data products. Furthermore, the quality of
observed time series data in GPCC is controlled through
successive automatic and visual checks. Additional statis-
tical and visual evaluations are also performed in GPCC
to confirm the reality of any outlier or extreme data [34].
Besides, GPCC uses Smart interpolation, which has the
ability to consider the systematic relationship between
elevation and station observations and consequently, the
ability to enhance estimation accuracies [34]. Schneider et
al. in 2014 reported that GPCC products better represent
the rainfall amount and pattern over rough topography
across the World [35]. The rigorous quality control sys-
tem, use of more observations, and robust interpolation
method probably has made the GPCC more reliable com-
pared to other data products.

6. Conclusion

The performance of four gauge-based gridded precip-
itation analysis data products, namely, GPCC, CRU, APH-
RODITE, and UDel, are evaluated using various statistical
approaches to assess their efficacy in replicating monthly
rainfall in Balochistan province of Pakistan. The results
revealed clear superiority of GPCC data over other gauge-
based precipitation data in the region by capturing different
threshold values and following annual and seasonal precipi-
tation. The RMSE and biases values indicate the consistency
of GPCC data in giving lowest errors in most of the months
of a year at all the stations. Correlation analysis indicates a
good association between observed and GPCC precipitation
in all the months. In addition to this, GPCC data is found to
reveal very similar to observed annual precipitation trends
in all the stations. The major factors that contribute to better
performance of GPCC data in the study area may be due to
(i) the use of comparatively more data points from the region
to generate the gridded precipitation; and (ii) the use of smart
interpolation approach which has the ability to consider the
large topographic variations in interpolating rainfall.

Due to the limitation in availability of observed data, it
was not possible to compare the spatial pattern of observed
and gridded precipitation in the study area. Gridded pre-
cipitation data can be further validated by comparing the
spatial structure of precipitation in similar climatic region
where more observed data are available. Furthermore,
studies can be conducted in future to validate other gauge-
based or satellite based gridded precipitation datasets. It is
expected that the finding of this study will help to identify
the appropriate gauge-based precipitation data product for
hydrological or other applications in Balochistan.
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