
Statistical Analysis 
and Stochastic 
Modelling of 
Hydrological 
Extremes

Hossein Tabari

www.mdpi.com/journal/water

Edited by

Printed Edition of the Special Issue Published in Water

























































































































































































































































































































































































































































































































































































Water 2018, 10, 409

Figure 4. Time series between the ground areal rainfall, raw TRMM, and the SSC-downscale product
from 2009–2011.

Table 2. Spatial autocorrelation of Moran’s I value (transformed into a Z-score) of the interpolated rain
gauge data (reference), raw TRMM, and the downscaled TRMM data.

Monsoon
Season

Rain
Gauge-Interpolated (a)

SSC-Downscale
TRMM (b)

Raw TRMM
(c)

Differences (%)

(�a � b�/a) × 100 (�a � c�/a) × 100

NEM 36.75 35.35 37.22 3.8 1.3
IM1 33.80 33.49 36.14 0.9 6.9

SWM 33.81 33.50 31.44 0.9 7.0
IM2 34.73 33.49 30.74 3.6 11.5
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Figure 5. Seasonal rainfall maps of Peninsular Malaysia, from the interpolated rain gauge, site-specific
coefficient-downscaled TRMM product, and raw TRMM product.

3.2. Coefficient of Variance of Historical Bias Ratio Records and Downscaling Performance

Hypothetically, the COV of the bias ratio records, which were the basis of the downscaling
coefficient, should have a low variance (<35%). This 35% threshold as borrowed from [27], who
used this value to classify the local hydro-climatic zone over the Malaysian peninsula. The regional
average COV between the satellite and ground rainfall data was 37%, slightly higher than the preferred
threshold. Nevertheless, this value was contributed by the large COV in the northwest (54%), while the
other regions had relatively lower COV values (east: 34%; west: 34%; southwest: 31%; highland: 36%).
One significant observation was that the COV was higher during the dry season, which takes place in
February, in all regions (Figure 6). This finding showed that most of the downscaling coefficient was
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derived under a low-variance bias (<35%), except in February. Nevertheless, we found no evidence or
trend that related the low-variance condition of the downscaling coefficient and the effectiveness of
the result. Therefore, the results of the lower bias might be achieved due to the site-specific coefficient,
which minimized the bias in a robust fashion.

Figure 6. Coefficient of variance of the historical bias record, from the satellite and ground areal rainfall.
The red line represents 35%, the threshold value for low variance.
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3.3. Comparison of the Site-Specific Coefficient-Downscale and Other Satellite Precipitation Products

Discrete rain gauge comparison between the other satellite precipitation products were conducted,
in order to determine the relative effectiveness of the SSC-downscaled precipitation. At the peninsular
scale, the SSC-TRMM downscaled precipitation had a lower bias ratio than the other satellite
precipitation products (Table 3). Only in the northwest and southwest did the GsMAP outperform
the SSC-downscaled precipitation. However, the resolution of the GsMAP was relatively coarser
(0.1◦). We also found that the higher resolution of the SSC-TRMM-downscaled precipitation (<0.05◦)
was relatively better for depicting the local spatial rainfall in the western region, where many other
precipitation products had failed to represent it.

Table 3. Comparison between the SSC-downscale product and other satellite precipitation products.
N represents northwest, E is east, W is west, S is southwest, and H is highland.

Satellite Precipitation Products * Grid Size (Deg.)
Ratio

N E W S H

TRMM V7—SSC 0.05 2.2 0.9 0.8 1.5 0.8
GsMAP 0.10 1.5 1.4 19.8 0.9 1.0

PERSIANN 0.25 15.0 1.8 43.5 1.9 1.4
CMORPH 0.25 10.6 1.8 20.5 2.0 1.3

CPC 0.50 21.0 1.9 23.7 1.4 0.8
GPCP 1.00 27.0 25.0 24.0 24.0 23.0
CMAP 2.50 15.0 1.8 43.5 1.9 1.4

* GsMAP: Global Satellite Mapping of Precipitation, PERSIANN: Precipitation Estimation from Remotely Sensed
Information using Artificial Neural Networks, CMORPH: CPC Morphing Technique, CPC: Climate Prediction
Centre Precipitation, GPCP: Global Precipitation Climatology Project, CMAP: CPC Merged Analysis of Precipitation.

3.4. Effects of the Interpolation Process

The cross-validation results showed that the interpolation scheme on both the SSC (Table 4) and
ground areal rainfall were small (<10%) (Table 5). The very densely- and well-distributed samples
could be the reason. A minor variation was found, where a higher error was indicated as rainfall
intensity increased in specific monsoons. This minor effect was identified for interpolated ground
rainfall. Nonetheless, we assumed that the interpolation process did not influence the results.

Table 4. Cross-validation analysis of the interpolated data. This evaluates the effect of interpolation to
the derived site-specific coefficient. Zero percentage means that the interpolation has no effect to the
value of the coefficient.

Monsoon Season
Cross-Validation Metrics

MPE (%)

NEM (November–January) 5
IM1 (March–April) 3

SWM (May–August) 3
IM2 (September–October) 4

Average 4
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Table 5. Ground areal rainfall (2009–2011). This result determines the effects of interpolation process to
the ground areal rainfall, which was used in verifying the downscaled rainfall data from 2009–2011.
Zero percentage of mean percentage error (MPE) means the interpolation process had no effect. RMSE
is used in determining the quantitative effect of the interpolation in a standard unit (millimeters).

Monsoon Season
Cross-Validation Metrics

Average Ground Rainfall (mm)
RMSE (mm) MPE (%)

NEM (November–January) 24 13 200
IM1 (March–April) 13 8 115

SWM (May–August) 11 9 118
IM2 (September–October) 21 10 176

Average 17 10 152

4. Discussion

The use of the SSC-downscaling method was able to produce a high-resolution precipitation map
(0.05◦) with improved quantitative accuracy. In addition, it was effective in spatially downscaling
the future dataset without the input from rain gauges. Most of the present or previous merging,
or other spatial resolution improvement methods, require multi-dataset or the ground in-situ
preferences’ surrogate information [5,6,24,32]. In the context of a tropical region, our results had
a better performance compared to the downscaling based on multivariate regression done by [12]
in mountainous, coastal, and forested environments. On the other hand, although our results’
performance slightly underachieved in using the super ensemble method developed by Yatagai et al.
(2014), we successfully produced higher-resolution precipitation data. Furthermore, our computation
was less complex, and fewer input variables were required. Therefore, we can conclude that
incorporating a dense rain gauge network [39], as well as monsoon rainfall seasonality and variability
proved to be the effective in robustly downscaling satellite precipitation for various environmental
contexts in the humid tropics.

Prior to positive results, this technique can be useful to the humid tropical regions, which have
small land–sea ratio, many islands, and highly-variable seasonal rainfall patterns. Those characteristics
are common and significant, especially for many areas in Southeast Asia [2,40,41]. It is also one of the
regions in the world that receives large rainfall excess with high intensity [42], and is prone to extreme
rainfall events [43]. The availability of high-resolution precipitation information would be significant
for understanding the dynamics of tropical rainfall at a microscale.

In addition, smaller tropical catchment or sub-basin hydrology modelling from space will be
possible. Current satellite precipitation data had limitations to representing the catchment scale
rainfall, due to coarse resolution [2,44]. From a water resources perspective, with the availability of the
global data, many humid tropical catchments for important reservoirs were categorized as smaller
catchments (<10 km2) [45]. They were located in thick, remote, and mountainous tropical forests,
which are difficult to access. Utilizing an operational infrastructure could be expensive and laborious.
Literature had showed that a substantial number of them were inadequately monitored and require
support mechanisms [46,47].

Another positive implication of the downscaling method is the opportunity to develop
higher-resolution historical tropical precipitation data from satellite datasets. This was a critical
parameter that was missing from precise regional climate modelling, which is the primary domain
of future climate and environmental sustainability efforts [25]. There were substantial amounts of
coarse-resolution satellite precipitation data before TRMM, especially from the early METEOSAT
missions [48–50]. Performing our SSC-downscaling technique to those datasets is plausible, under the
condition that the site-specific coefficient should be derived first.

Despite the promising outcomes of this study, there were a few limitations. First was the
requirement of a large rain gauge dataset. Because the downscaling coefficient was eventually derived
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by correcting the bias factors at a smaller grid, it is necessary to have as large a rain gauge network
as possible. This could be a limitation for hydrological data conflict areas (HDCS). An HDCS is an
area which has experienced one or more of these conflicts: sparse rain gauges, missing rain gauge
data, inefficient data sharing policies, or ineffective data management. The second limitation was
whether the downscaling coefficient could be used for other satellite precipitation data besides TRMM.
Hypothetically, it can be used, but a further investigation is needed.

The third limitation is that there was emerging evidence on the change in seasonal monsoon
rainfall patterns, due namely to an external factor: El Nino Southern Oscillation (ENSO) [22,51,52].
This effect, however, was neglected in our study, due to lack of ENSO data at local scale. The final
limitation was the effect of decreasing temporal correlation after the downscaling process. It was
believed to be caused by the high-resolution output grid. Because the original TRMM gridded data
was coarse, it tended to homogenize the local rainfall pattern. Therefore, as the grid was transformed
to be smaller, the high heterogeneity of local rainfall patterns appeared. This effect, however, was
minimal, and did not affect the output performance.

Anticipating the second and third limitations by testing the usability of the coefficient on other
satellite precipitation data, and excluding samples that affected by ENSO, could be future work in to
improve this study. In an effort to further localize the satellite precipitation data, utilizing the role of
topographic control as a proxy variable is promising. This is especially true for high-altitude regions in
the tropics. In addition, experimenting with the similar downscaling procedures at a higher temporal
scale (i.e., weekly) could be worthwhile, because the rainfall in humid tropics is highly dynamic.

5. Conclusions

We tested the hypothesis that higher-resolution data on historical bias records for low-variance
seasonal monsoon rainfall can be used to spatially downscale TRMM satellite precipitation data.
The use of the site-specific coefficient successfully transformed the initial TRMM satellite precipitation
data resolution from 0.25◦ to 0.05◦, with smaller errors and increased similarity with the ground rainfall
pattern. With the availability of the SSC, the downscaling of the future satellite precipitation data can
be done without any ground reference or rain gauge data. However, it caused a small decline in the
temporal correlation. The simplistic and effective procedure described in this study can be applied to
spatially downscale satellite precipitation data in regions with low variability in seasonal rainfall in
the humid tropics.
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