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Abstract: Satellite-based precipitation products have been widely used to estimate precipitation, especially over regions with sparse rain 

gauge networks. However, the low spatial resolution of these products has limited their application in localized regions and watersheds. 

This study investigated a spatial downscaling approach, Geographically Weighted Regression Kriging (GWRK), to downscale the 

Tropical Rainfall Measuring Mission (TRMM) 3B43 Version 7 over the Lancang River Basin (LRB) for 2001–2015. Downscaling was 

performed based on the relationships between the TRMM precipitation and the Normalized Difference Vegetation Index (NDVI), the 

Land Surface Temperature (LST), and the Digital Elevation Model (DEM). Geographical ratio analysis (GRA) was used to calibrate the 

annual downscaled precipitation data, and the monthly fractions derived from the original TRMM data were used to disaggregate annual 

downscaled and calibrated precipitation to monthly precipitation at 1 km resolution. The final downscaled precipitation datasets were 

validated against station-based observed precipitation in 2001–2015. Results showed that: 1) The TRMM 3B43 precipitation was highly 

accurate with slight overestimation at the basin scale (i.e., CC (correlation coefficient) = 0.91, Bias = 13.3%). Spatially, the accuracies of 

the upstream and downstream regions were higher than that of the midstream region. 2) The annual downscaled TRMM precipitation 

data at 1 km spatial resolution obtained by GWRK effectively captured the high spatial variability of precipitation over the LRB. 3) The 

annual downscaled TRMM precipitation with GRA calibration gave better accuracy compared with the original TRMM dataset. 4) The 

final downscaled and calibrated precipitation had significantly improved spatial resolution, and agreed well with data from the validated 

rain gauge stations, i.e., CC = 0.75, RMSE (root mean square error) = 182 mm, MAE (mean absolute error) = 142 mm, and Bias = 0.78% 

for annual precipitation and CC = 0.95, RMSE = 25 mm, MAE = 16 mm, and Bias = 0.67% for monthly precipitation. 
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1  Introduction 

Precipitation plays a vital role in the global water cycle, 
affecting energy transfer and maintaining biosphere 

functions (He et al., 2017; Ma et al., 2017a). As a com-
plex natural phenomenon, precipitation is characterized 
by significant variability both in time and space 
(Bohnenstengel et al., 2011). Accurate estimates of pre-
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cipitation are crucial for a wide range of applications, 
from hydrology to climate studies (Prakash et al., 2018). 
However, obtaining accurate precipitation data in 
mountainous areas remains challenging due to the spar-
sity of gauge networks and a remarkable spatio-temporal 
variability in precipitation (Zhou et al., 2017). Conven-
tional gauge observations could provide a relatively ac-
curate point-based measurement of precipitation, but 
measurements are susceptible to uncertainties, such as 
evaporative loss, wind effects, and gauge placement 
(Derin et al., 2016). Moreover, the sparseness of gauge 
networks is inadequate for capturing the high variability 
of precipitation over remote mountainous regions (Miao 
et al., 2015). Therefore, gridded precipitation data ob-
tained using interpolation methods based on gauge ob-
servations may not be reliable, especially in those re-
gions with few gauges and complex topography (Ma et 
al., 2017a; Zhao et al., 2018). 

Satellite remote sensing provides global gridded pre-
cipitation estimates, which offer new opportunities for 
more accurate gridded precipitation estimates in regions 
with limited accessibility and sparse ground-based ob-
servations (Michaelides et al., 2009). A series of satel-
lite-based precipitation products with continuous tem-
poral availability and global coverage have been re-
leased, such as the Global Precipitation Climatology 
Project (GPCP) (Huffman et al., 1997), Precipitation 
Estimation from Remotely Sensed Information using 
Artificial Neural Networks (PERSIANN) (Sorooshian et 
al., 2000), Climate Prediction Center (CPC) morphing 
algorithm (CMORPH) (Joyce et al., 2004), Tropical 
Rainfall Measuring Mission (TRMM), Multisatellite 
Precipitation Analysis (TMPA) (Huffman et al., 2007), 
and Global Precipitation Measurement (GPM) (Hou et 
al., 2014). Most of these satellite precipitation products 
have been widely used in various applications (He et al., 
2017; Liu et al., 2017; Yuan et al., 2017; Zhang et al., 
2018c). However, current satellite-based precipitation 
products are available only at a spatial resolution of 0.1º 
or lower, which is still too coarse for hydrological 
simulation and environmental modeling for specific lo-
cal basins and regions. Deriving precipitation datasets 
with fine spatial resolution (e.g., 1 km) from a satellite 
source remains an important issue. 

It is widely acknowledged that there are correlative 
relationships between precipitation and environmental 
variables, such as the Normalized Difference Vegetation 

Index (NDVI), the Digital Elevation Model (DEM), and 
the Land Surface Temperature (LST) (Li et al., 2002; 
Jing et al., 2016; Meersmans et al., 2016). Based on the 
relationships between precipitation and environmental 
variables, many studies have derived precipitation esti-
mates from satellite precipitation at finer spatial scales 
using various downscaling models. The most commonly 
used regression models include the exponential function 
(Immerzeel et al., 2009), multiple linear regression (Jia 
et al., 2011; Fang et al., 2013), random forests (Jing et 
al., 2017), and regression kriging (Teng et al., 2014). 
However, most previous studies have been conducted 
based on a global regression model, which assumes that 
the relationship between the independent variable and 
the explanatory variables is constant in space. However, 
the relationship between precipitation and environ-
mental variables is spatially varying and scale-dependent 
(Foody, 2003). To overcome this limitation, Chen et al. 
(2014) and Xu et al. (2015) proposed a geographically 
weighted regression (GWR) model to obtain higher 
resolution precipitation datasets based on the assumption 
that the relationship between rainfall-environmental vari-
ables varies spatially. Ma et al.(2017b) introduced a spa-
tial data mining algorithm for downscaling TMPA data 
over China considering non-stationary relationships 
between precipitation and land surface characteristics at 
various scales. In addition, satellite precipitation prod-
ucts are subject to regionally and seasonally varying 
uncertainties associated with systematic and random 
errors; these errors would be inevitably introduced into 
downscaled precipitation data (Prakash et al., 2015). 
Duan and Bastiaanssen (2013) introduced geographical 
differential analysis (GDA) and geographical ratio 
analysis (GRA) calibration methods based on the gauge 
stations data to reduce errors in downscaled precipita-
tion datasets. 

Geographically Weighted Regression Kriging (GWRK) 
is a hybrid technique, and extension of the GWR ap-
proach (Kumar et al., 2012). GWR has the advantage of 
investigating non-stationary and scale- dependent char-
acteristics of the relationship between dependent and 
explanatory variables (Foody, 2003). Therefore, GWR 
technique is suitable for exploring and describing com-
plex relationships between precipitation and other envi-
ronmental variables (Chen et al., 2014). In addition, 
kriging allows one to capitalize on the spatial correlation 
between neighboring observations to predict attribute 
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values at un-sampled locations (Goovaerts, 2000; Lloyd, 
2005). Therefore, GWRK composed of GWR and 
kriging residuals can be used more efficiently for esti-
mating residuals to predict trends (Harris et al., 2010). 
The GWRK technique has proven to be an effective 
method for spatial estimation in various applications 
(Harris et al., 2010; Kumar et al., 2012; Imran et al., 
2015; Zhang et al., 2018b).  

Previous studies have reported that the TRMM pre-
cipitation is able to provide reliable estimations of pre-
cipitation in the Lancang-Mekong River Basin, with the 
potential for drought monitoring and hydrological 
simulations (Zeng et al., 2012, 2013; Lauri et al., 2014; 
Wang et al., 2016; He et al., 2017). Therefore, the aim of 
this study was to investigate the application of the 
GWRK method in downscaling the TRMM 3B43 V7 
data over the Lancang River Basin (LRB). The main 
objectives were to: 1) evaluate the accuracy of the 
TRMM 3B43 precipitation data; 2) map annual precipi-
tation at 1 km resolution based on the GWRK down-
scaling algorithm and the GRA calibration method; and 
3) disaggregate the annual downscaled and calibrated 
precipitation into monthly precipitation using a simple 
fraction disaggregation method. This study provides 
precipitation estimates with high spatial resolution for 
hydrology research and water resources management 
purpose, and contributes to the knowledge regarding the 
spatial downscaling methodology of satellite-based pre-
cipitation products in mountainous areas without suffi-
cient rainfall measurement. 

2  Materials and Methods  

2.1  Study area 
The LRB is located in Southwest China, between 
94° E–102° E and 21° N–34° N (Fig. 1). The river is 
2160 km in length and the basin area is approximately 
16.48 × 104 km2 (He et al., 2007c). The elevation of the 
catchment ranges from 499 to 6334 m above mean sea 
level, decreasing from north to south. The geomorphol-
ogy of the basin varies from high mountains and deep 
valleys, which run in a north-south direction, to me-
dium/low mountains and wide valleys (He et al., 2005). 
The terrain variability, coupled with the influences of 
the Indian and East Asian monsoons, results in complex 
spatio-temporal variations in precipitation. The annual 
average precipitation is approximately 970 mm, ranging 

 

Fig. 1  Location and elevation of the meteorological stations of 
the Lancang River Basin in southwestern China; DEM, Digital 
Elevation Model 

 
from 850 mm to 1100 mm, with 80% of the annual 
rainfall occurring during the rainy season (May to Oc-
tober) (Shi et al., 2013). Spatially, the annual precipita-
tion is more than 2000 mm in the southeast region while 
less than 500 mm in the northwest region. The complex 
climate conditions and terrain features have resulted in a 
rich biodiversity across the LRB (He et al., 2007a). 
Vegetation in the upstream region consists of temperate 
alpine meadow, temperate coniferous forest, and tem-
perate deciduous broad-leaved forest. The midstream 
region is temperate, consisting of subtropical high de-
ciduous shrub, sparse grassland, semi-evergreen sea-
sonal forest, and wet evergreen broad-leaved forest. 
Tropical, subtropical evergreen broad-leaved forest, 
tropical rain forest, and scattered deciduous forest are 
found in the downstream region (Zhang et al., 2015). 

2.2  Data 
Monthly precipitation data from 42 rain gauge stations 
(RGS) for 2001–2015 were obtained from the China 
Meteorological Data Service Center (CMDC) (http:// 
data.cma.cn) and the Meteorological Agency of Yunnan 
Province (MAYP). The quality of the dataset has been 
checked by the CMDC and MAYP. We also performed 
routine quality assessment including statistical tests, 
visual data plots and histograms, to ensure there were no 
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missing or erroneous records. The locations of the 42 rain 
gauges are shown in Fig. 1; stations are densely distrib-
uted in downstream and midstream regions and relatively 
sparse in upstream. The altitudes of the stations ranged 
from 556 m to 4172 m with 88% above 1000 m. 

The TRMM is a joint project of the National Aero-
nautics and Space Administration (NASA) and the Ja-
pan Aerospace Exploration Agency (JAXA) launched on 
the 27 November 1997, with the goal of monitoring and 
studying rainfall in tropical and subtropical regions. The 
TRMM Multi-satellite Precipitation Analysis (TMPA) 
was designed to combine all available precipitation 
datasets from different satellite sensors and monthly 
surface rain gauge data to provide a ‘best’ estimate of 
precipitation covering the global region between 50° N 
and 50° S at a resolution of 0.25°(Huffman et al., 2007). 
For this study, the latest version 7 of the TRMM 3B43 
precipitation data, spanning 2001 to 2015, was obtained 
from http://mirador.gsfc.nasa.gov. The monthly precipi-
tation data were combined to generate the TRMM an-
nual precipitation. 

The Terra Moderate Resolution Imaging Spectrora-
diometer (MODIS) monthly composite NDVI data at 1 
km resolution (MOD13A3), spanning the period from 
January 2001 to December 2015, were downloaded 
from the NASA Land Processes Distributed Active Ar-

chive Center (https://lpdaac.usgs.gov/dataset_discovery/ 
modis). We aggregated the MOD13A3 monthly data 
into an annual NDVI from 2001 to 2015. The land use 
dataset (MCD12Q1) was used to identify NDVI outliers 
caused by factors other than precipitation. Due to a 
mismatch in spatial resolutions between MOD13A3 and 
MCD12Q1 datasets, the MCD12Q1 dataset was up-
scaled to 1 km resolution. We identified anomalous 
NDVI pixels simply by land use type: pixels categorized 
as water, wetland, urban, cropland, snow/ice, and barren 
were identified as anomalies. The detected anomalous 
pixels were excluded from the original NDVI dataset 
and then replaced with interpolated values using the 
IDW method to generate an optimized NDVI dataset 
(Zhou et al., 2017). The MODIS LST products 
(MOD11A2) at 1 km resolution from January 2001 to 
December 2015 were used in this study. MOD11A2 is 
composed of daytime and nighttime temperature vari-
ables (LSTs) at a time interval of eight days. The annual 
average LSTs were calculated by averaging each 8-day 
LST. The DEM data were obtained from the NASA 
Shuttle Radar Topographic Mission (SRTM) (http:// 
srtm.csi.cgiar.org).The DEM with a resolution of 90 m 
was re-sampled to 1 km using the pixel averaging 
method. The slope, aspect, and geolocation (longitude 
and latitude) were further extracted from the DEM. 

 

Fig. 2  Flow chart of the downscaling-calibration approach used in the study. NDVI, Normalized Difference Vegetation Index; LST, 
Land Surface Temperature; SRTM, Shuttle Radar Topographic Mission; DEM, Digital Elevation Model; TRMM, Tropical Rainfall 
Measuring Mission; GWR, Geographically Weighted Regression; GRA, Geographical ratio analysis 
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2.3  Methods 
A flowchart is provided in Fig. 2 to illustrate the pri-
mary steps in the downscaling and calibration process 
and the monthly fraction disaggregation algorithm. 
2.3.1  Downscaling of TRMM 3B43 precipitation 
The downscaling method is based on two assumptions: 
precipitation has a spatial relationship with environ-
mental variables, and this relationship can be addressed 
using the established model, and that the low resolution 
model can be used to predict the precipitation at fine 
resolution with a higher resolution environmental vari-
ables dataset (Jing et al., 2016). The specific steps used 
for downscaling in this study were as follows: 

(1) The original NDVI, LST, elevation, slope, and 
aspect of 1 km resolution were re-sampled at a resolu-
tion of 0.25° using a pixel averaging method with the 
geographical coordinates of the center of each 0.25° grid 
also being extracted. 

(2) The relationships between the re-sampled inde-
pendent variables and the TRMM 3B43 precipitation 
data were established using GWR model at the 0.25° 
scale. 

(3) Geolocations along with 1 km spatial resolution 
variables were entered into the model established in step 
(2), and downscaled precipitation at 1 km spatial-resolution 
was obtained. 

(4) The difference between the estimated precipita-
tion and the TRMM 3B43 precipitation at the 0.25° 
scale was calculated, followed by ordinary kriging in-
terpolation into the residuals at 1 km resolution. These 
residuals were considered as the amount of precipitation 
that cannot be predicted by the regression model se-
lected in step (3). 

(5) The final downscaled precipitation results were 
obtained by adding the residual correction term to the 
downscaled precipitation at 1 km resolution. 
2.3.2  Geographically Weighted Regression Kriging 
(GWRK) Model 
The GWR model is an extension of traditional standard 
regression techniques such as ordinary least squares but 
it allows local rather than global parameter estimates 
(Fotheringham et al., 2002). The GWR model extends 
the conventional global regression by adding a geo-
graphical location parameter (Gao et al., 2012), and the 
GWR model can be rewritten as follows (Foody, 2003; 
Gao et al., 2012; Xu et al., 2015): 

0
1

( , ) ( , ) 1,2, ,
p

i i i k i i ik i
k

y u v u v x i n  


      (1) 

where yi, xik and i  are, respectively, dependent vari-

able, kth explanatory variable, and the random error at 
location i; (ui,vi) is the x-y coordinate of ith location; 
β0(ui,vi) represents the intercept at location i, βk(ui,vi) 
represents the local parameter estimate for explanatory 
variable xk at location i; n and p are the total number of 
location and explanatory variable, respectively. 

The regression parameters can be estimated by solv-
ing the following matrix equation (Foody, 2003; Gao et 
al., 2012; Xu et al., 2015): 

1ˆ( , ) ( ( ( , )) ) ( , )T T
i i i i i iu v x W u v x x W u v y    (2) 

where ˆ( , )i iu v  represents the local coefficients to be 

estimated at location (ui,vi); x and y are the vectors of 
the explanatory and dependent variables, respectively; 
and W(ui,vi) is the weight matrix. In this study, the GWR 
model was conducted using GWR 4.0 software (https:// 
gwrtools.github.io/category/gwr.html). 

The GWRK represents the spatial interpreter that 
combines GWR and kriging residuals (Kumar et al, 
2012; Kumar, 2015). Specifically, residuals from the 
GWR were kriged and added to the regression estima-
tion to improve prediction accuracy. The equation used 
to perform GWRK is shown below (Harris et al., 2010; 
Kumar et al, 2012; Kumar, 2015): 

( , ) ( , ) ( , ) 1,2, ,gwrk i i gwr i i ok i iy u v y u v u v i n     (3) 

where ygwrk(ui,vi) is the estimated value at location 
(ui,vi), ygwr(ui,vi) is the drift fitted using the GWR model 

in Equation (1), and ( , )ok i iu v  are the residual values, 

if these residuals were spatially correlated, Ordinary 
Kriging (OK) (Goovaerts, 2000; Lloyd, 2005) was used 
to model the residual values across the study area. 
Global Moran’s I was calculated for the residuals from 
the GWR model. Moran’s I is a commonly used indica-
tor of spatial autocorrelation, it varies from −1 (high 
negative spatial autocorrelation) to +1 (high positive 
spatial autocorrelation). A zero value indicates a random 
spatial pattern (Ishizawa and Stevens, 2007). 
2.3.3  Calibration of downscaled precipitation 
In this study, the GRA method was employed to cali-
brate the downscaled precipitation (Vilaet al. 2009; 
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Duan and Bastiaanssen, 2013). The GRA method is de-
fined as follows: 

( / )i i
cal down obs downp p p p    (4) 

where pcal is the calibrated precipitation, pdown is the 
downscaled precipitation based on the GWRK method. 
pi

obs/p
i
down represent the ratios between the measurements 

from the RGS and downscaled precipitation values. 
First, the ratios between the measurements from the 

RGSs and the downscaled precipitation values were 
computed. Second, the ratios were interpolated to 1 km 
resolution using the OK interpolation technique. Finally, 
the downscaled precipitation was corrected to obtain the 
final calibrated precipitation by multiplying the ratio 
layer at 1 km resolution. 
2.3.4  Monthly fraction disaggregation from annual 
precipitation 
A simple fraction method derived from the TRMM 3B43 
monthly data developed by Duan and Bastiaanssen 
(2013) was used to disaggregate the downscaled and 
calibrated annual precipitation into monthly precipita-
tion. The process was as follows: 

(1) The monthly fractions were defined as:              

12

1
/i i ii

Fraction TRMMo TRMMo


    (5) 

where the TRMMoi represents the precipitation that oc-
curred during the ith month as estimated from the TRMM 
3B43 product, and the denominator is the annual total 
value. 

(2) The 0.25° fractions were further interpolated to 1 
km resolution, which is consistent with the downscaled 
and calibrated annual precipitation using the OK inter-
polation method. 

(3) The annual downscaled precipitation values at 1 
km resolution were disaggregated into monthly down-
scaled precipitation values by multiplying the fraction 
values layer at 1 km resolution. 
2.3.5  Validation 
Rain gauge data were used to validate the results of down-
scaling based on the correlation coefficient (CC), root 
mean square error (RMSE), mean absolute error (MAE), 
and Bias. These variables were defined as follows: 
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
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
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


  (9) 

where pi were the original or downscaled TRMM pre-
cipitation values extracted at the location of the ith rain 
gauge. oi were the observed precipitation from the ith 
rain gauge and n was the number of RGS. In the GWR 
model comparison, o and p represent the original 
TRMM precipitation and the predicted precipitation for 
the models at 0.25° resolution, respectively. 

3  Results 

3.1  Comparison between TRMM 3B43 product 
and station-based observed precipitation 
The accuracy of the TRMM 3B43 was evaluated using 
rain gauge data before downscaling analysis. Fig. 3 pre-
sents scatter plots of TRMM 3B43 precipitation against 
rain gauge observations at a monthly scale from 2001 to 
2015. It can be seen that the TRMM 3B43 product had a 
high accuracy with only a slight overestimation in this 
region. At the yearly scale, the CC values for the up-
stream (0.94) and downstream (0.94) regions were 
higher than that of the midstream region (0.87). In terms 
of Bias, the upstream, midstream, and downstream re-
gions were 6.7%, 22.6%, and 3.1%, respectively, which 
indicate that more precise estimations were found for 
the upstream and downstream regions than the mid-
stream region. The performance of the TRMM 3B43 
product was also compared for a seasonal basis. March 
to October was selected as the wet season, and Novem-
ber to April was selected as the dry season, based on 
climate in the LRB. From Fig. 3, it can be seen that the 
TRMM 3B43 product over the downstream region can 
achieve quite good estimations during the wet seasons 
and dry seasons. However, the performance over the 
midstream region was poorer, there being a lower CC 
value and larger Bias. Notably, the TRMM product  
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Fig. 3  Scatter plots of Tropical Rainfall Measuring Mission (TRMM) 3B43 precipitation against rainfall gauge station observations at 
the monthly scale: the three panels show the results from the year (upper panel), dry season (mid panel), and wet season (lower panel). 

The red line indicates a 1︰1 correspondence. CC, correlation coefficient; RGS, rain gauge stations 

 
significantly overestimated the upstream region in the 
dry season, giving a larger Bias (38.6%). Generally, the 
TRMM 3B43 product was in good agreement with 
ground observations over this region at the year scale. 
Spatially, the accuracies for the upstream and down-
stream region were higher than that of the midstream 
region. 

3.2  Downscaling and calibrating TRMM annual 
precipitation 
The mean annual precipitation data for 2001–2015 were 
used to demonstrate the applicability of TRMM precipi-
tation downscaling. First, the relationships between the 
precipitation and environmental variables at the 0.25° 
scale were analyzed. Fig. 4 presents the spatial distribu-
tions of the model parameters and the local coefficients 
of determination (R2) generated by the GWR model. It 
clearly shows that the relationship established at a loca-
tion may differ greatly from that at other locations. A  

positive correlation between the TRMM precipitation 
and NDVI or LST was found over most area of the LRB 
(Figs. 4c and 4d). However, the correlation between the 
TRMM precipitation and the topographical factors (i.e., 
elevation, slope and aspect) obviously showed spatial 
heterogeneity (Figs. 4b, 4e and 4f), suggesting that the 
effect of the topography on the precipitation is much more 
direct and instantaneous compared to the precipitation- 
NDVI and precipitation-LST relationships (Xu et al., 
2015). The local R2 varies spatially over the study area 
with an average value of 0.63 (Fig. 4g). The overall per-
formance of the GWR model is shown in Fig. 5. It can be 
see that the CC, RMSE, MAE, and Bias for the GWR 
model were 0.99, 63 mm, 39 mm and –0.06%, respecti-
vely, indicating that the GWR model provided good esti-
mates of TRMM precipitation. Therefore, the GWR was 
accepted as the function to describe the relationship betw-
een the TRMM precipitation and environmental variables. 
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Fig. 4  The spatial pattern of the estimated parameters obtained by the GWR model in the Lancang River Basin. (a) Intercept β0 (ui, vi); 
(b) slope β1 (ui, vi) for elevation; (c) slope β2 (ui, vi) for NDVI; (d) slope β3 (ui, vi) for LST; (e) slope β4 (ui, vi) for slope; (f) slope β5 (ui, 
vi) for aspect; and (g) local R2 
 
 

 

Fig. 5  Scatter plots of Tropical Rainfall Measuring Mission 
precipitation against estimated precipitation using the GWR 
model at the 0.25° scale in the Lancang River Basin; The red line 

indicates a 1︰1 correspondence. CC, correlation coefficient; 

RGS, rain gauge stations; RMSE, root mean square error; MAE, 
mean absolute error 

Fig. 6 demonstrates the downscaling and calibration 
process for TRMM 3B43 precipitation data. Figs. 6a and 
6b show similar spatial patterns of estimated TRMM 
precipitation when compared with the TRMM 3B43 
precipitation at a spatial resolution of 0.25°. Fig. 6c 
shows the spatial distribution of the residuals from the 
GWR model with a spatial resolution of 0.25°, which 
were generated by subtracting the predictive values 
from the original TRMM, and represent the amount of 
precipitation not explainable with the regression model. 
Positive values of the residuals indicate that precipita-
tion was underestimated by the GWR method, while 
negative values indicate overestimation of precipitation. 
Fig. 6c shows that the overestimated precipitation vol-
umes were mainly in the midstream region, where there 
was little precipitation due to the fohn effect of the to-
pography. GWR residuals were spatially autocorrelated 
across the study area and showed a spatial dependence 
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based on Moran’s Index values (Moran’s I = 0.06, 
Z-score = 3.36), which supports the OK approach. Thus, 
the OK method was used to spatially interpolate pre-
cipitation residuals from 0.25° to higher spatial resolu-
tion at 1 km (Fig. 6d).  

By putting the environmental variables at 1 km reso-
lution into the GWR model established at 0.25° resolu-
tion, the predictive annual precipitation at 1 km resolu-
tion was obtained. Fig. 6e shows the spatial patterns of 
the estimated annual precipitation at 1 km resolution. 
Fig. 6f shows the spatial distribution for the final down-
scaled TRMM precipitation, which was obtained by 
adding the estimated annual precipitation at 1 km to the 
kriging residuals at 1 km obtained previously. From Fig. 
6f, the downscaled TRMM precipitation adequately 
represented observed precipitation patterns. Specifically, 
high precipitation occurred primarily in the downstream 
region, and less precipitation was found in the upstream 
region. Downscaled TRMM precipitation using envi-
ronmental factors based on the GWRK model better 
described the spatial patterns of precipitation; there are  

more details at 1 km spatial resolution when compared 
with the TRMM 3B43 precipitation. 

Calibration with rain gauge data is an essential step to 
evaluate bias in the downscaled precipitation, which was 
introduced by the inherent error in the original TRMM 
precipitation during downscaling (Immerzeel et al., 
2009). Duan and Bastiaanssen (2013) reported that both 
GDA and GRA can improve the accuracy of downscaled 
precipitation datasets. According to Vila et al. (2009), 
the GDA method showed large differences for large dis-
tinctions between satellite-based and ground-based pre-
cipitation data. From the comparison between the origi-
nal TRMM precipitation and the RGS data (Fig. 3), the 
TRMM precipitation had a high accuracy with a slight 
overestimation at the basin scale, i.e., CC = 0.91 and 
Bias = 13.3%; however, spatially, the Bias of the mid-
stream region reached 22.6%, suggesting a large distinc-
tion occurred between the TRMM 3B43 precipitation 
and the ground-based precipitation. Therefore, the GRA 
method was used to correct the bias in the downscaled 
precipitation data using rainfall data from the RGS.  

 

Fig. 6  Downscaled results at 1 km resolution in the Lancang River Basin: (a) Tropical Rainfall Measuring Mission (TRMM) 3B43 
precipitation at 0.25° resolution; (b) estimated TRMM precipitation at 0.25° resolution using GWR; (c) GWR residuals at 0.25° resolu-
tion; (d) GWR residuals at 1 km resolution; (e) estimated TRMM precipitation at 1 km resolution; (f) downscaled precipitation at 1 km 
resolution; and (g) calibrated precipitation at 1 km resolution 
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For the RGS data, a half set was used for calibration 
and the remaining half set was used for validation. The 
RGS was separated for calibration and validation as 
follows: all available 15-year period (2001–2015) aver-
age annual precipitation data from all 42 RGS were first 
calculated and sorted in lowest-highest sequence 1–42; 
then 20 RGS with odd numbers from 1 to 39 plus num-
ber 42 were considered as calibration RGS; the others 
were validation RGS. This separation forces the calibra-
tion to cover the whole range of precipitation, including 
the lowest and highest values (Duan and Bastiaanssen, 
2013). Fig. 6g presents the calibrated precipitation using 
the GRA method based on calibration RGS. The statis-
tical results for validation are listed in Table 1. The 
validation results indicated that, compared with the 
original TRMM 3B43 precipitation, the downscaled 
precipitation had improved accuracy with reduced 
RMSE and Bias values. Moreover, the GRA calibration 
method can further improve accuracy with increased CC 
and reduced RMSE, MAE, and Bias values. Notably, the 
LRB is a poorly gauged area with 21 rain gauges for 
calibration over a 164 800 km2 area, and hence one 
gauge represents approximately 7847 km2. The scarcity 
of rain gauge stations inevitably limits the skills of the 
GRA calibration method. 

3.3  Monthly results of disaggregating annual pre-
cipitation 
The previous section demonstrated that the annual pre-
cipitation data were obtained at a spatial resolution of 1 
km based on the GWRK approach and the GRA calibra-
tion method. Zhang et al. (2015) reported that the NDVI 
response to precipitation has a time lag over the LRB, 
which differs across the basin, ranging from 1 to 4 
months. This implies that it is unfeasible to use NDVI 
downscaling method directly for the monthly time scale. 
Therefore, the accumulated 1 km resolution mean an-
nual precipitation for 2001–2015 was disaggregated into 
monthly time steps using the fraction specified in Equa-
tion (5). The calibration of downscaled monthly pre- 

cipitation was not conducted in this study because du-
plicated calibration processes on a monthly scale are 
unnecessary after calibration on an annual scale given 
the scarcity of available RGS (Duan and Bastiaanssen, 
2013). Fig. 7 shows the downscaled monthly precipita-
tion with 1 km resolution. The spatial distribution 
changes in downscaled monthly precipitation clearly 
reflect the influence of monsoon activities (both onset 
and retreat) on precipitation.  

The downscaled average monthly precipitation was 
validated against station-based observed precipitation. 
Figs. 8a and 8b compare monthly precipitation from 21 
validation RGS with the corresponding values from the 
original TRMM 3B43 data and downscaled monthly 
data. The TRMM 3B43 data give an estimate of the 
monthly precipitation with CC = 0.95, RMSE = 30 mm, 
MAE = 19 mm, and Bias = 14.94%. The CC for the 
downscaled monthly data was 0.95, while the RMSE, 
MAE, and Bias decreased to 25 mm, 16 mm, and 0.67%, 
respectively, indicating the disaggregated 1 km monthly 
precipitation both improved the spatial resolution, and 
produced better agreement with the rain gauge data. 
Considering the strong seasonality of precipitation in 
this region, the seasonal bias in the TRMM 3B43 data 
may be introduced into the downscaled monthly pre-
cipitation using the monthly fraction disaggregation 
method. To explore the effect of seasonal bias on the 
downscaled monthly precipitation, we compared 
monthly precipitation from the RGS with the 
TRMM3B43 data and downscaled monthly precipitation 
data for the dry and wet seasons, respectively. Figs. 8c 
and 8e show an overestimation of the original TRMM 
data in both the dry and wet seasons, where Bias values 
were 16.36% and 14.69%, respectively. The Bias values 
for downscaled monthly precipitation were –1.01% in 
the dry season and 0.97% in the wet season (Figs. 8d 
and 8f), which indicate that the downscaled monthly 
precipitation data reduce Bias for TRMM 3B43 precipi-
tation in both the dry and wet seasons. 

 
Table 1  Statistics for the validation results using 21 validation rain gauge stations (RGS) in the Lancang River Basin 

Datasets Resolutions Mean (mm) CC RMSE (mm) MAE (mm) Bias (%) 

RGS — 1012 — — — — 

TRMM 3B43 0.25° 1163 0.58 269 181 14.94 

Downscaled precipitation 1 km 1120 0.57 253 192 10.66 

Calibrated precipitation 1 km 1020 0.75 182 142 0.78 

Notes: CC, correlation coefficient; RMSE, root mean square error; MAE, mean absolute error 
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Fig. 7  Downscaled average monthly precipitation for 2001–2015 at 1 km resolution in the Lancang River Basin 
 

4  Discussion 

4.1  The relationships between precipitation and 
environmental variables  
Topography can influence regional atmospheric circula-
tion and spatial patterns of precipitation through thermal 
and dynamic forcing mechanisms (Yin et al., 2008; 
Guan et al., 2009). In theory, an increase in elevation 
could increase the relative humidity of air masses by 
expansion and cooling as the air masses rise, resulting in 
precipitation (Sokol and Bližňák, 2009). Meanwhile, the 
spatial pattern of precipitation is also largely dependent 
on terrain fluctuations, i.e. aspect and slope (Jing et al., 
2016). In addition, the responses of vegetation to pre-
cipitation are widely acknowledged (Wang et al., 2001; 
Zhang et al., 2015; Barbosa and Lakshmi Kumar, 2016). 
Therefore, extensive studies have been devoted to 
downscaling satellite-based precipitation datasets based 

on the relationships between precipitation and environ-
mental variables such as DEM and NDVI (Table 2). 
Moreover, the spatial distribution of precipitation is in-
fluenced by other land surface characteristics. For ex-
ample, co-variability of surface temperature and pre-
cipitation is observed globally (Trenberth and Shea, 
2005). Schultz and Halpert (1995) found that coupling 
LST with the NDVI improved the precision and accu-
racy compared with using NDVI alone in simulating 
precipitation at a global scale. Thus, considering the 
LST as an environmental variable may be beneficial for 
improving the spatial downscaling accuracy of satellite 
precipitation datasets (Jing et al., 2016; Ma et al., 
2017b). In this study, the usage of DEM, NDVI and LST 
as explanatory variables provided reasonable simulation 
of the TRMM precipitation, and thus it was feasible to 
downscale the TRMM precipitation over the LRB. Be-
cause atmospheric variables, e.g., relative humidity and 
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Fig. 8  Comparison of monthly precipitation measured at 21 validation rain gauge stations (RGS) with (a) monthly Tropical Rainfall 
Measuring Mission (TRMM) 3B43 data; (b) downscaled monthly data; (c) monthly TRMM data in the dry season; (d) downscaled 
monthly data in the dry season; (e) monthly TRMM data in the wet season; and (f) downscaled monthly data in the wet season. The red 

line indicates a 1︰1 correspondence. CC, correlation coefficient; RGS, rain gauge stations; RMSE, root mean square error; MAE, mean 

absolute error 
 
Table 2  Overview of spatial downscaling studies of satellite-based precipitation products 

Reference Environmental variables Spatial resolution
Temporal 

scale 
Regression models 

Regression residual correction 
method 

Immerzeel et al. (2009) NDVI 0.25° to 1 km Yearly Exponential regression Spline interpolator 

Jia et al. (2011) NDVI and DEM 0.25° to 1 km Yearly Multiple linear regression Spline tension interpolator

Duan and Bastiaanssen (2013) NDVI 0.25° to 1 km Yearly Quadratic function Spline tension interpolator

Fang et al. (2013) 
NDVI, DEM and mete-
orological factors 

0.25° to 1 km Hourly Multiple linear regression Spline interpolator 

Park (2013) DEM and NDVI 0.25° to 1 km Monthly Multiple linear regression Kriging 

Teng et al. (2014) DEM 0.25° to 1 km daily Multiple linear regression Kriging 

Zheng and Zhu (2015) NDVI and continentality 0.25° to 1 km Yearly Multiple linear regression Inverse distance weighting

Xu et al. (2015) NDVI and DEM 0.25° to 1 km Monthly Geographically weighted regression Spline tension interpolator

Chen et al. (2014) NDVI and DEM 0.25° to 1 km Yearly Geographically weighted regression Spline tension interpolator

Zhang et al. (2017) NDVI 0.25° to 1 km Yearly Exponential function Spline interpolator 

Ma et al. (2017a) NDVI, DEM and LST 0.25° to 1 km Yearly a divide-and-conquer method (Cubist) Spline tension interpolator

Jing et al. (2017) NDVI, DEM and LST 0.25° to 1 km Monthly
Support vector machine and random 
forests 

None 

Zhang et al. (2018a) NDVI and DEM 0.25° to 1 km Monthly
A quadratic parabolic profile (QPP) 
model 

None 

Notes: NDVI, Normalized Difference Vegetation Index; LST, Land Surface Temperature; DEM, Digital Elevation Model 
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wind speed, are closely related to precipitation in the 
monsoon region, these variables should be considered 
when downscaling satellite precipitation datasets in the 
future. 

4.2  The downscaling method 
Many efforts have been made to develop the down-
scaling algorithms for satellite-based precipitation (Ta-
ble 2). As shown in Table 2, the downscaling algorithms 
based on the exponential regression, quadratic regres-
sion and multiple linear regression assume that the rela-
tionship between precipitation and environmental vari-
ables is constant in space. However, the relationship 
between precipitation and land surface characteristics is 
spatially varying (Foody, 2003; Xu et al., 2015). There-
fore, the downscaling algorithms based on a global re-
gression model have limitations in those regions with 
complex topography-atmosphere interactions. Recently, 
some downscaling algorithms (i.e., GWR, Cubist and 
QPP), which consider the non-stationarity relationship 
between precipitation and land surface characteristics, 
were introduced to downscale satellite-based precipita-
tion (Table 2). These downscaling algorithms may pro-
vide better estimates of precipitation than global regres-
sion methods such as exponential regression and the 
multiple linear regression model (Xu et al., 2015; Ma et 
al., 2017b; Zhang et al., 2018b). In addition, most 
downscaling algorithms were established using a re-
gression model with residual correction (Table 2). 
Therefore, residual correction is important for solving 
the unexplained variation in the regression model and 
for improving the accuracy of precipitation estimates 
(Zheng and Zhu, 2015). Park (2013) indicated if rea-
sonable spatial correlation structures are observed in the 
residuals, this correlation information could improve the 
quality of the downscaling. In this study, we applied the 
GWRK model to downscale the TRMM precipitation, 
which combine the individual strengths of the GWR and 
the kriging method. Specifically, the GWRK model 
takes into account the spatial non-stationarity coupled 
with spatial autocorrelation of the residuals. Our results 
showed that the performance of the GWRK both im-
proved the spatial resolution of TRMM precipitation and 
agreed well with observed data from RGS (Fig. 6 and 
Table 1), indicating this approach can generate reliable 
precipitation estimates, especially in those regions 
where precipitation is highly variable spatially. 

4.3  Spatial pattern of precipitation over the Lan-
cang River Basin 
The LRB is located in the Longitudinal Range-gorge 
Region (LRGR) in Southwest China (He et al., 2007a). 
The topography of the LRGR is characterized by longi-
tudinal mountain ranges and deep valleys, which has a 
‘corridor’ effect in the south-north direction and a ‘bar-
rier’ effect in the east-west direction with respect to the 
transportation of the southwest and southeast monsoon 
(He et al., 2005; Wu et al., 2012; Pan et al. 2012). Under 
the “corridor–barrier” effect of the terrain, surface water 
vapor, precipitation and runoff over the LRGR exhibited 
regional differences (Cao et al., 2005; You et al., 2006; 
He et al., 2007b; Li et al., 2008). Many studies have 
investigated the temporal and spatial variability of pre-
cipitation based on the observed precipitation data at 
meteorological stations across the LRB (He and Zhang, 
2004; Shi et al., 2013; Chen et al., 2017). However, it is 
difficult to determine accurate spatial distributions of 
precipitation in such a complex topography and mon-
soon-affected area due to the lack of a sufficient number 
of meteorological stations. In contrast, the downscaled 
TRMM precipitation data at fine spatial resolution in 
this study effectively captured the high spatial variabil-
ity of precipitation, which can be used to better explore 
the ‘corridor-barrier’ phenomenon. As shown in Fig. 6g, 
given that the river valley acts as the transportation pas-
sage way for warm and wet vapor from south to north, 
abundant precipitation is observed in the river valley in 
the southern region. Meanwhile, with the influences of 
the southwest and southeast monsoon weakening gradu-
ally from south to north, the precipitation decreases 
along the same direction. In addition, the longitudinal 
mountains act as a barrier to vapor from the southwest 
and the southeast monsoon, resulting in a spatial pattern 
where there is more precipitation in the windward side 
and less in the leeward side. As shown in Fig.7, the ef-
fect of the ‘corridor-barrier’ on the precipitation pattern is 
more pronounced in the wet season than in the dry sea-
son. Generally, the downscaled satellite-based precipita-
tion datasets with high spatial resolution better depict the 
spatial pattern with more detail, which can provide an 
alternative to other precipitation datasets for poorly- 
gauged and inaccessible transboundary river basins. 

5  Conclusions 

This study investigated a spatial downscaling algorithm 
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for TRMM 3B43 precipitation to consider non-station-
ary relationships between precipitation and environmental 
variables over the LRB. The following conclusions were 
drawn: 

(1) Comparisons between TRMM 3B43 precipitation 
and observations from rain gauge stations indicated that 
the TRMM precipitation had a high accuracy with slight 
overestimation at the basin scale, i.e., CC = 0.91 and 
Bias = 13.3%. Spatially, the accuracies of the upstream 
and downstream regions were higher than that of the 
midstream region. 

(2) The GWRK approach assumes that the relation-
ship between precipitation and environmental variables 
varies spatially, which is in agreement with the actual 
situation. The downscaling results obtained using the 
GWRK approach effectively captured the high spatial 
variability of precipitation over the LRB. Moreover, the 
downscaled precipitation with high spatial resolution 
better depicted the precipitation pattern influenced by 
the interaction of topography and monsoon over this 
region. 

(3) Calibration with rain gauge data is an essential 
step for downscaling precipitation data. The annual 
downscaled TRMM precipitation using GRA calibration 
can further improve the accuracy when compared with 
the original TRMM dataset, i.e., CC = 0.75, RMSE = 
182 mm, MAE = 142 mm, and Bias = 0.78%. 

(4) The simple disaggregation method based on 
monthly fractions was used to disaggregate annual pre-
cipitation to 1 km monthly precipitation. The disaggre-
gated 1 km monthly precipitation improved the spatial 
resolution, and also agreed well with rain gauge data 
when compared with the original TRMM precipitation, 
i.e., CC = 0.95, RMSE = 25 mm, MAE = 16 mm, and 
Bias = 0.67%. 
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