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Abstract

Stochastic weather generator (SWG) produces synthetic time series of weather data based on the statistical characteristics
of observed weather for a given location. Although SWG models are extensively evaluated and applied in different hydro-
climate related studies, they often ignore the spatial correlation between weather patterns observed at multiple locations.
This can limit the value of some spatial impact assessments such as flood modeling, agricultural crop modeling, water
resources management and urban infrastructure design. To address such limitations, multisitt SWG models are imple-
mented to preserve the spatial characteristics of weather variables. In this study, we compared the performance of three
multisite stochastic precipitation models, which includes modified Wilks model (modWilks), RainSim V3 (RSIM) and
perturbed K-Nearest Neighbor (pKNN) models. The performances of these models are investigated for a study area located
in the tropical monsoon climate region over Central Highland, Vietnam. The models are evaluated based on their per-
formance for simulating precipitation occurrence and amount statistics on a wet day, extreme cumulative wet/dry days,
transition and joint probability of wet/dry state, cross-correlation across all sites as well as the behavior of precipitation
amount in relation to neighboring station state. The performance of model depends on the type of the precipitation
characteristics, for example, the RSIM model performed well in term of the mean precipitation intensity. Overall, the
pKNN model outperformed other models in term of temporal statistics, spatial characteristics, as well as extreme events
measured based on Intensity—Duration—Frequency (IDF) curves.

Keywords Multisite stochastic precipitation model - Perturbed KNN - Modified Wilks - RainSim - Tropical monsoon
region - Vietnam

1 Introduction However, the long-term data sets are often very limited in
most part of the world, especially in developing countries
(Mishra and Coulibaly 2009). Stochastic weather genera-

tors (SWQG) are able to generate long-term synthetic

Climate change likely to alter the seasonal precipitation
and evaporation pattern resulting in more flood and drought

events in different parts of the world (Konapala et al.
2020), for example the extreme rainfall pattern has recently
increased over the USA (Vu and Mishra 2019). In order to
develop appropriate strategies to mitigate such climate
extreme events, long term data sets are needed to provide
risk-based information for infrastructure development.
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weather data for applications in water resources planning,
urban infrastructure design and environmental models.
Different types of SWG models are available, which
include, Weather GENerator (WGEN; Richardson 1981);
CLImate GENerator (CLIGEN; Nicks and Gander 1994);
(Long Ashton Research Station Weather Generator
(LARS-WG; Semenov and Barrow 1997); Climate Data
Generator (ClimGen; Stockle et al. 1999); WeatherMan
(Pickering et al. 1994). Based on these models, the syn-
thetic data are simulated for the individual station, which
can be a major limitation in hydrologic modeling as well as
for creating input data sets for rainfall-runoff models,
where the statistical characteristics of multiple
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(neighboring) stations need to be preserved. To overcome
this limitation, a number of multisite SWG models were
developed to accommodate the space-time dependency
associated with multiple weather stations. These multisite
SWG models are either conditioned on exogenous atmo-
spheric forcing predictors (Bardossy and Plate 1992; Wil-
son et al. 1992; Bogardi et al. 1993; Rajagopalan and Lall
1999; Beersma and Buishand 2003) or self-dependence on
variable itself (Wilks 1998; Qian et al. 2002; Brissette et al.
2007; Mhanna and Bauwens 2012; Chen et al. 2014).

The stochastic rainfall models can be classified into
parametric, non-parametric and hybrid (or semi-paramet-
ric) approaches (Baigorria and Jones 2010). Parametric
approach (Richardson 1981) splits the stochastic rainfall
generation into two parts: precipitation occurrence (ma-
jority are modulated by Markov chain for two-states wet/
dry days) and precipitation amount on wet days (fitting
precipitation on wet days based on distributions such as
gamma, skewed normal, Weibull or exponential). Whereas,
the non-parametric approach resamples the precipitation
based on nearest neighbor (Rajagopalan and Lall 1999) or
Poisson cluster model (Burton et al. 2008; Kim et al. 2017).
Hybrid stochastic rainfall model combines the advantages
associated with these two approaches, for instance, the
precipitation occurrence process is simulated based on the
parametric approach (Markov chain) and the precipitation
amount is based on the nearest neighbor concept (Apipat-
tanavis et al. 2007; Steinschneider and Brown 2013).

One of the earliest and most popular multisite rainfall
generation models was developed by Wilks (1998) (in
brief: Wilks model) by extending the well-known single
site stochastic rainfall model WGEN by Richardson
(1981). The extension was developed by integrating an
individual single-site model through a temporally inde-
pendent but spatially correlated sequence of random
numbers. Wilks model utilized the Markov chain two states
first-order process for precipitation occurrence and a mixed
exponential distribution to fit wet day rainfall amount.
Subsequently, Wilks (1998) proposed to statistically
downscale precipitation to multiple sites with large scale
climate predictors. In a follow-up study, Qian et al. (2002)
modified the Wilks model by formulating the precipitation
occurrence process with two state first-order Markov chain
conditioning on daily circulation patterns (such as Mean
Sea Level Pressure) for six stations in Portuguese Guadiana
River basin. The conditional simulation apparently
improved the model performance in comparison to
unconditional models by better capturing the observed
statistics. Brissette et al. (2007) further improved the Wilks
model by implementing a new algorithm for generating
precipitation amounts at eight weather stations located in
Quebec, Canada. Mhanna and Bauwens (2012) found the
inefficiency of using random numbers to replace the non-
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positive definite pair-wise correlation matrix in the original
Wilks model. To overcome this limitation, they suggested
replacing negative eigenvalues by zeros or small positive
values that further improved the performance of the mul-
tisite dependencies. Chen et al. (2014) developed a multi-
sitt. SWG model MulGETS for daily precipitation and
temperature for weather stations located in Canada, which
incorporates the single site information with temporally
independent but spatially correlated random numbers. The
wet day precipitation amount was fitted with a multi
gamma distribution (a combination of several gamma dis-
tributions) to address the spatial correlation of precipitation
amounts.

Although stochastic models based on the parametric
approach are able to simulate the event-based nature of the
precipitation process, it may not be suitable for simulating
statistics related to persistence and extreme events (Gre-
gory et al. 1992). Several alternative models were devel-
oped to overcome such limitations associated with
parametric models, for example, the Neyman—Scott Rect-
angular Pulse model (NSRP; Rodriguez-Iturbe et al.
(1987)). The basic Neyman—Scott model (Neyman and
Scott 1958) follows a Poisson process of storm origins
which are associated with rectangular pulses (rain cells),
with heights corresponding to rainfall intensity and widths
to cell duration (Cowpertwait et al. 2002). Space-Time
NSRP model was developed by Cowpertwait et al.
(1995, 2002) based on the extension of the NSRP model
into two-dimensional space. Subsequently, Burton et al.
(2008) incorporated this stochastic rainfall modeling into
the RainSim V3 model which significantly improved the
daily statistics and annual extremes simulations. RainSim
models are useful for statistical downscaling of Global
Climate Models (GCMs) outputs. For example, Forsythe
et al. (2014) combined RainSim with a Climate Research
Unit Daily Weather Generator (CRU-WG) to downscale
the GCMs simulation for a semi-arid mountain climate.
Based on Burton et al. (2008), Bordoy and Burlando (2014)
further improved the Spatio-temporal NSRP model to
stochastically downscale climate model in orographic
complex regions.

K-nearest neighbor (KNN) is another popular non-
parametric SWG model that does not assume any prior
distribution of weather variables. This approach is a
bootstrapping technique and it can include additional
covariates for simulation weather variables as well as for
downscaling processes. Rajagopalan and Lall (1999)
applied KNN to model daily precipitation and other climate
variables for Salt Lake City, Utah. In another study,
Buishand and Brandsma (2001) applied the KNN model to
generate multisite daily precipitation and temperature for
25 stations along the Rhine river basin in Germany. It was
observed that the KNN model is able to preserve the
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dependence characteristic between daily precipitation
amounts at different sites, and it was used to statistically
downscale the GCMs outputs for climate change studies
(Yates et al. 2003; Gangopadhyay et al. 2005; Muluye
2011; Devak et al. 2015). Apipattanavis et al. (2007) pro-
posed a semiparametric multivariate SWG model by inte-
grating the three-state (dry, wet, extreme wet), first-order
Markov chain to simulate the precipitation state and used a
KNN model for simulating wet day and extreme wet day
rainfall intensity. The proposed hybrid SWG model applied
to generate daily weather data for Pergamino, Argentina,
which indicated that the (dry/wet) spell statistics were
better preserved by a modified model as well as an
appropriate shift in the probability distribution function of
the seasonal precipitation. Although KNN based SWG
models were extensively applied in precipitation simula-
tion, it has a key limitation due to the application of
bootstrapping technique that shuffles historical days to
form new sequences (Rajagopalan and Lall 1999; Buishand
and Brandsma 2001), and the simulated values may not
exceed historical values. This can be a limitation for non-
stationary analysis of climate variables as well as modeling
extreme events. Sharif and Burn (2007) suggested a mod-
ified approach that allows the nearest neighbor resampling
procedure with perturbation of the historical data by adding
a random component to the individual resampled data
points. Recently, Agilan and Umamahesh (2019) intro-
duced the modified version of the KNN approach by
incorporating time covariate based non-stationary Gener-
alized Pareto Distribution (GPD) which improved the
simulation of extreme precipitation events for selected
rainfall stations located in India and Vietnam.

The literature review suggested a wide range of appli-
cation of stochastic rainfall modeling in different sectors
(flood control, drought management, crop yield simulation,
climate change impact and adaptation) (Peck et al. 2012;
Thorndahl et al. 2017; Shrestha et al. 2017; Vu et al. 2018;
Nguyen 2019; Aryal et al. 2019; Dao et al. 2020). For
example, Peck et al. (2012) applied a single site SWG
using the KNN model to construct the IDF curves for the
city of London in Ontario, Canada. A similar rainfall
resampling approach for constructing a single station’s IDF
curve was also reported in Thorndahl et al. (2017) and
Shrestha et al. (2017). Although single-site rainfall models
can generate IDF curves for a specific location, they often
neglect the spatial dependency between the neighboring
gauging stations, which can further limit the application of
IDF curves for infrastructure designs. Given the advantages
and disadvantages of multisite stochastic rainfall genera-
tion models, a limited number of studies compared their
performance in different parts of the world. Vallam and
Qin (2016) compared four multisite rainfall simulation
[Multisite Stochastic Weather Generators (MulGETS),

Multisite Rainfall Simulations (MRS), RainSim, KNN] for
an urban tropical region based on 5 stations located in
Singapore and concluded that the selected models did not
perform well. In a recent study, Vu et al. (2018) compared
five stochastic rainfall models (CLIGEN, ClimGen, LARS-
WG, RainSim and WeatherMan) in three diverse climatic
regions and concluded that the performance of these
models varies with respect to climatic regimes. As thus,
careful validation is required depending on the weather
pattern as well as its applications in different water
resources sectors.

In this study three representative models are selected,
which includes Modified Wilks model (Mhanna and Bau-
wens 2012), RainSim v3 (Burton et al. 2008) and modified
KNN model based on the original model by Rajagopalan
and Lall (1999). These three models are based on different
simulation mechanisms, for example, the first model is
based on the parametric approach by formulating the
rainfall occurrence process using first-order two-state
Markov chain and rainfall intensity on wet days are derived
by fitting 2-parameter Gamma distribution. The authors
improved the performance of multisite dependencies by
replacing the negative eigenvalues with small positive
values. The second model applied different approaches
using space—time NSRP to formulate the storm origins
based on the Poisson process. The third model, KNN was
further improved with the perturbation based on kernel
bandwidth simulated by Least Square Cross Validation
method. Due to the limited number of applications of
multisite stochastic precipitation simulation for the tropical
monsoon region with distinct wet/dry seasons, this study
provides an opportunity to investigate the strengths and
weaknesses of the multisite precipitation simulations
models in a tropical monsoon region. This study is very
relevant to flood and drought management as these extreme
events are very frequent in such study domain. With this
study, it is possible to identify strength of individual
models for simulating different statistical properties of
multisite precipitation data sets.

The overall objective of this study are: (a) to improve
the traditional KNN model by incorporating a revised
kernel bandwidth simulated by Least Square Cross Vali-
dation method to further improve their ability to preserve
the spatial extreme rainfall characteristic; (b) to compare
and evaluate the performance of pKNN with respect to the
other popular stochastic rainfall generation model such as
modWilks and RSIM for simulating space—time precipita-
tion characteristics, (c) to capture the ability of multisite
rainfall generation models in simulating the extreme events
corresponding to thousand-year return periods, and (d) to
generate and compare the capabilities of these stochastic
models for generating IDF curves with respect to the tra-
ditional methods derived based on the Generalized
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Extreme Value distribution fitted to the observed datasets.
The study location is prone to flood and drought and is
crucial for the socio-economy development of the country.
The selected stochastic models are derived based on dis-
tinct model configurations and therefore they are well
suited for comparative analysis. The paper is organized as
follows. Section 2 illustrates the study area. Section 3
outlines the methodology and detail description of each
multisite stochastic rainfall model used in the study. Detail
evaluations, analyses and comparisons are presented in
Sect. 4. The discussions and conclusions are summarized
in the last sections.

2 Study area and data

The study area is located in the tropical monsoon region in
Central Highland of Vietnam, which has a very complex
terrain on a high topography with more than 1000 m above
mean sea level. The total area of this region is about
60,000 km?>. Total annual rainfall varies between 1500 and
2400 mm with 80% of the precipitation occurs during the
rainy season (May to October). Due to its steep slope
topography and high rainfall amount during the rainy
season, this area is prone to flash flood and drought events.
Therefore, the spatio-temporal quantification of rainfall
events using a multisite stochastic precipitation model can
improve our understanding of the regional evolution of
floods and droughts in the region. We have selected eight
meteorological stations with a longer data period and fewer
missing values. The data record includes daily precipita-
tion, max, min and average temperature for 25 years
(1981-2005) with less than 1% missing data. The location
of eight stations overlay on the topography of Central
Highland derived from SRTM (Shuttle Radar Topography
Missions) 90 m resolution is provided in Fig. 1. Situated
on a high mountainous area, the study region has quite a
complex terrain, therefore the rainfall characteristics of
selected stations depend on the distribution of mountain
range that blocks the seasonal monsoon wind that flows
from the northeast and southwest direction. Daily precipi-
tation data has been used in the modWilks and RSIM
models for stochastic modeling. The average daily tem-
perature is an added covariate in the generation stochastic
precipitation model in the pKNN approach.

3 Methodology
3.1 Modified Wilks model (modWilks)

Wilks (1998) model is a multisite stochastic rainfall model
that integrated two-state first-order Markov chain for
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precipitation occurrences and a mixed exponential distri-
bution for wet day rainfall amount. Wilks model over-
comes the limitation of the single-site rainfall generation
model by accounting the spatial correlation information
between the stations. The model was extended by applying
serially independent and spatially correlated random
numbers to single site models that have a direct effect on
the synthetic series with a realistic spatial correlation.
Mhanna and Bauwens (2012) highlighted the limitation of
the Wilks model that may result due to non-positive defi-
niteness of the covariance matrices to preserve the spatial
correlation between stations, and they further improved the
model by applying analytical solutions. During the occur-
rence of wet/dry day sequence, the correlation matrix
between occurrence series of station pairs i and j depend on
the joint probability that both station pairs are dry 7oo(i,J)
and on the marginal probability of single station is dry
7p(i) and 7o(j) as shown in Eq. (1):

£(ij) = moo(i,/) — mo (i) () (1)
’ a(i)a(j)

where ¢ denotes the standard deviation as a function of the
marginal probability for a given station. However, during
the construction of the empirically derived curves for each
pair of stations, Mhanna and Bauwens (2012) noticed that
there is no significant correlation between random number
o(i,j) and the marginal probabilities (i) & mo(j).
Therefore the authors applied the gamma coefficient y
(Eq. 2) instead of & to fully exploit the dependence of
correlation matrix on joint probability:

(k) = —F—— 2
4 @(i,j) + 1 =
where ¢ is odds-ratio and dependent only on joint proba-
bility as computed in Eq. (3):

o ool f)mii (i)
Pd) = (i o 0) ?)

For wet day rainfall amount generation, Mhanna and
Bauwens (2012) applied the ‘rank correlation concept’ to
specify the correlations between rainfall series using a
fractile correlation (also called rank correlation), which
was further converted into the product-moment correlation
to generate the required correlations of random numbers.
For rainfall amount generation, Mhanna and Bauwens
(2012) used the gamma distribution instead of mixed
exponential distribution as used in the Wilks model. By
doing so, for each individual station and each month, the
non-zero precipitation time series are fitted with 2-param-
eter gamma distribution. The shape and scale parameter are
estimated by the maximum likelihood method. Gamma
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Fig. 1 Study area and rainfall
station locations

distribution is also found to match the precipitation prob-
ability in the tropical climate region. More information on
model formulation is available in Mhanna and Bauwens
(2012).

3.2 RainSim V3 (RSIM)

RainSim Version 3 (V3) model was developed by Burton
et al. (2008) based on the Spatial-Temporal Neyman—Scott
Rectangular Pulse model (STNSRP) (Cowpertwait
1995, 2002). This model is capable of simulating rainfall
for both single-site and spatially distributed regions of up
to 200 km in diameter. The procedure applied to develop
the NSRP model (Cowperwait 2002) is briefed discussed
below:

TR

#PH  Met Station

D Boundary

Topography (m)

High : 2392
Low: 0
E
0 30 60 120
N e —, (i ometers

The NSRP model applies a uniform Poisson process to
simulate the storm origin with the occurrence rate
represented by a parameter 4 (Fig. 9(1) in the
“Appendix”).

At each storm origin, many rain cells are created
independently based on a uniform Poisson process for
different time intervals using parameter v and
P(Fig. 9(2)). For the STNSRP model, the rain cell
generation at single-site model is replaced by a uniform
Poisson process in space with density p and parameter
y. More information in this process can be found in
Burton et al. (2008).

For each rain cell generated, a uniform rainfall rate is
formulated with parameter duration # and intensity &

(Fig. 9(3)).
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4. Finally, the storm rainfall intensity is the summation of
all intensities of all active rain cells at that time frame

(Fig. 9(4)).

The overall procedure is provided in Fig. 9 (in the
“Appendix”) and a description of all seven parameters
{%,v,B,p,7,n, &} for the STNRSP model can be found in
Table 1 in Burton et al. (2008).

The model has been calibrated for each calendar month
using the log-parameter Shuffled Complex Evolution
algorithm (Duan et al. 1993) and the scheme is built-in the
Rainsim V3 package. Statistics include: mean, variance,
skewness, lag-autocovariance, lag-autocorrelation, dry
period probability, probability of dry—dry (or wet-wet),
transition probabilities and the third order central moment,
cross-covariances and correlations. The third order moment
property (Cowpertwait 1998) is particularly important for
applications where extreme rainfall events are important,
such as flood risk assessment (e.g. Cowpertwait,
1995,1998,2002). ST-NSRP model can simulate both daily
and hourly time scale. However, due to the lack of avail-
ability of sub-daily data sets, the hourly time scale is not
considered. Detailed information can be found at Burton
et al. (2008).

3.3 Perturbed K-nearest neighbor (pKNN model)

The perturbed non-parametric K nearest neighbor model
was developed by modifying the original KNN model
(Rajagopalan and Lall 1999). Instead of using the Eucli-
dean distance approach for neighboring selection in the
original model, the Mahalanobis distance approach was
chosen as it does not require the explicit weighting of
variables nor to standardize the variables (Yates et al.
2003). Additional information on KNN models and model
development can be found in Rajagopalan and Lall (1999),
Yates et al. (2003), Sharif and Burn (2007) and Gan-
gopadhyay et al. (2005).

In the following section, we provide the steps used for
constructing the perturbed KNN model. Assume that the
data library has M stations, and it contains L variables with
daily data for N years. The following steps are applied to
search for the optimal subsequent day (¢ + 1) based on the
array of weather variables on current day .

(1)  Compute the regional mean based on the L variables
for M stations for the starting day . In this study,
the L variables consist of precipitation P and daily
average temperature Tm. It is possible to include
additional variable “s”, such as wind speed, solar
radiation or conditioning on the large-scale climate
index (e.g., ENSO index) (Rajagopalan and Lall
1999; Yates et al. 2003). As the regional mean is

computed from this step, a homogenous region
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(e.g., river basin) may be used to conform the
spatial characteristics. This step results in a feature
vector with only L members (mean P and Tm) for
the selected day t.

The next step is to identify the moving window
length W. The moving average window W days were
centered on the day ¢. Therefore, W/2 days prior to
and after the central location ¢ are selected. Based on
the sensitivity analysis and literature review (Yates
et al. 2003; Sharif and Burn 2007 and Gangopad-
hyay et al. 2005), we selected an optimal window
length of W = 14 days (7 days lagged and 7 days
lead). A total number of (W 4 1) x N — 1 pairs of
vectors P and Tm for M stations are chosen as the
potential candidates for the subsequent day ¢ + 1.
Compute the regional mean (P and Tm) of M sta-
tions based on the 374 pairs of the current day’s
weather in step 2. Correspondingly, we have 374
regional mean vectors.

Compute a L X L covariant matrix S; for the day
t using the set of vector: [(W+ 1) x N—1] x L
Randomly choose the weather on the first-day
t (e.g. Jan 1st) consisting of all L variables,
M stations from the set of all Jan 1st for N years.
Using this as an initial step, the iteration was
carried out to select the successive day ¢ + 1.
Subsequently, we calculated the Mahalanobis dis-
tance D; (Eq. 4) between the 374 regional mean
vector candidates of the current day weather vector
X; and the regional mean vector of the day #: X;:

Di =/ (X, = X;)"S; 1 (X, — X;) (4)
In which: the i=1to [(W+1)xN—1]. Tis
the transpose of the vector.
Arrange the 374 D; in increasing order, then select
the first K shortest distances (Eq. 5). K is a variable,
but a heuristic choice is normally chosen with
referenced to Lall and Sharma (1996); Rajagopalan
and Lall (1999); Yates et al. (2003):

K=(W+1)xN-1 (5)

Thus, K = 19 in this case.
Compute a discrete kernel p;,_; ; in Eq. (6) to
assign the probability at which the K-nearest
neighbors are resampled:

1/j

S /i ©)

Pi=1..k =
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The resampling kernel p;—_;._; is similar for any
j and hence it can be computed and stored prior to
the loop of simulation. The neighbor with the
shortest distance gets the highest weight and the
farthest gets the least. Detail information on the
discrete kernel construction is discussed in Lall and
Sharma (1996).

(9) The successive day ¢ + 1 is selected from the suit
of K nearest neighbor from the previous step. A
random number r is selected (0<r<1) and if
p1 <r<p; then the successive day is selected for
which r is nearest to p;. If r<p; then the day
corresponding to D, is chosen, else if » > p; the day
corresponding to Dy is selected. Since this is a
bootstrap approach, the simulations from the KNN
model typically do not produce values that are not
seen in the historical data (Rajagopalan and Lall
1999; Yates et al. 2003; Apipattanavis et al. 2007).
In this study, we modified Sharif and Burn (2007)
approach to perturb the successive ¢t 4+ 1 day value
by adding a random component as described in the
subsequent step.

(10)  Stochastic weather generator for the successive day
is achieved by applying a perturbation to the
weather variables created from step 9 with a set
of conditional standard deviation op; and the
kernel bandwidth /. specified by Sharma et al.
(1998). The gy, is computed for each station and
each weather variable obtained from the suit of step
(3) and the kernel bandwidth 4 can be simulated by
using an Unbiased or Least Square Cross-Valida-
tion (LSCV) method (Bowman 1984; Rudemo
1982). The detailed procedure on estimating the
bandwidth using the LSCV approach is available in
Sharma et al. (1998).

The new value of weather variable L for day ¢ + 1 for
station M is computed by Eq. (7):

M 7 M
YLi+1 = )HI{/{:H + AOL Tyl (7)

where y’L‘{ (-1 18 the new weather variable L for day 7 + 1 for
station M perturbed from the x{{r Ll
created from step 9; z;41 is a random variate for day ¢ + 1
obtained from a normal distribution with zero mean and
unit variance. The new value for perturbed precipitation
might lead to negative rainfall due to the bounded pre-
cipitation values. Therefore, we perturb the KNN output on
day ¢ + 1 conditioned on following criteria: (a) all M sta-
tions at day 7 + 1 are wet (to enable the effects of per-
turbation on wet days), (b) If there exists any station that is
dry on day ¢t + 1 and the mean rainfall value across all
M stations is higher than 99th percentile of 374 mean

which is the new value

values of M stations (to enable the effective of perturbation
for the extreme values). Otherwise, no perturbation is
needed for the day ¢ + 1 and the iteration is continued with
normal KNN procedure in order to reduce the computa-
tional time and to avoid the negative rainfall values. The
two criteria ensure that the substantial large amount of
synthetic rainfall days are perturbed. This also serves our
purpose of preserving spatial extreme rainfall
characteristics.

Repeat steps 6 through 10 based on a number of simu-
lations needed for generating synthetic time series data. In
order to simulate for multi-years, the iteration starts from
step 5 instead. The perturbed KNN approach presented
here simulate the regional mean precipitation values of 0
(mm/day) with exactly similar to original KNN. It does add
significant contribution to perturb the non-zero regional
precipitation for the study area, and therefore, substantially
solve the limitation of original KNN by not creating any
new values based on the historical data sets.

3.4 Statistical tests and goodness of fits

The stochastic models were used to generate 1250 data-
years. The statistical characteristics of synthetically gen-
erated data were compared with the observed data in order
to evaluate the performance of stochastic models (Semenov
and Barrow 1997). The comparison was carried out at eight
locations over Central Highland. Space—time comparisons
were made between synthetic model outputs and observa-
tion in terms of precipitation occurrence, wet day intensity
and cross-correlation. The wet day is defined as the day
with total precipitation is higher or equal to 1 mm. The
comparison was made using statistical measures based on
following rainfall characteristics:

— Mean and Standard deviation of the number of wet days
(rain day occurrence).

— Mean statistics of Maximum Consecutive Wet and Dry
days.

— Mean, Standard deviation and Skewness of daily
rainfall data.

— Transition occurrence Probability of 2 states: dry to wet
(POI) and wet to wet (P11).

In term of spatial analyses, the following statistical test
was carried out.

— The Joint Probability that station pairs are both wet
(JP11) and both dry (JPOO).

— Cross-correlation of precipitation occurrence and
amount between stations.

In addition to cross-correlation between station pairs, we
also computed the conditional log-odds ratio, which
reflects the spatial correlation between rainfall occurrences
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at each pair of stations, which provides a measure of such
dependency for binary variables. According to Mehrotra
et al. (2000), the log-odds ratio is defined as in Eq. (8):

pOOit/'plli,j (8)

Iri; =1
rJ nglOiJPOIiJ

where [r;; is the log-odds ratio between i and j pair of
stations; p00;;, p01;;, p10;;,p11;; are the joint probabilities
of wet/dry for station pairs with O denotes dry and I
denotes wet day. The high values of the log-odds ratio are
indicative of better spatial dependence between the
variables.

Finally, we also evaluated the abilities of stochastic
rainfall models in constructing the Intensity—Duration—
Frequency curves (IDF) based on the annual maximum
daily precipitation (AMR). In this study, Generalized
Extreme Value distribution was used to derive frequency
components embedded in IDF curves. This analysis can be
helpful to compare the simulation of extreme rainfall
events over the 1000 years of simulation.

3.5 Construction of IDF curves

The GEV model best approximates the distribution of the
annual maximum over a finite range of return period
intensities (Veneziano and Yoon 2013). The cumulative
function of GEV distribution is in Eq. (9):

F(x) =exp{—{1 +€<x;'u)}l/é} (9)

where u,o0,& are shape, location and scale parameters
respectively. For ¢ =0, Eq. (9) reduces to the Gumbel
distribution (Extreme Value type I). Common estimation
procedures for p, o, & are the method of moments (Madsen
et al. 1997), method of L-moment (Hosking 1990), method
of probability-weighted moments—PWM (Hosking et al.
1985) and maximum likelihood method—ML (Smith
1985). Even though the PWM or L-moment are more
popular than ML in application to hydrologic extremes
(because of computational simplicity and good perfor-
mances over small samples), these techniques have the
disadvantage of not being able to readily incorporate
covariates (Katz et al. 2002). Therefore in this study, we

applied the ML estimation approach due to its simplicity to
find p,0,¢ suggested by Katz et al. (2002) after their
detailed discussion on each of the estimation methods. For
the model outputs, we computed the return period of the
simulated annual maximum daily rainfall from stochastical
models using Weibull’s formula in Eq. (10):

_n+1
T om

T

(10)

in which n is the total number of values to be plotted and
m is the rank value (sorted from largest to smallest). The
reverse of the return period T is the exceedance probability
of the mth largest value.

4 Results
4.1 Simulation of precipitation occurrence

Precipitation Occurrence (state / of whether the day is wet
or state 0 if dry) is represented by wet day statistics (mean
& standard deviation) and the maximum consecutive Wet/
Dry days of the month. Comparisons were made by using
scatter plots between three model outputs and observed
data based on monthly average statistics.

Figure 2a, b illustrates the scatter plots between the
observed mean and standard deviation of the number of
wet days per month and the models respectively. The
correlation coefficients R and root mean square errors
RMSE between stochastic models and observation for the
analyses are provided in Table 1. Figure 2a indicates that
the studied region has distinct wet/dry months with the
mean number of wet days per month range from 0 day
(completely dry month) to 25 days (very wet month). The
behavior of the three stochastic precipitation generation
models are slightly difference from observation. The
Markov chain-based model (modWilks) and non-paramet-
ric pKNN performed well in generating the mean occur-
rence of wet days at R = 1 (rounded to 2 decimals). The
precipitation occurrence result obtained by the pKNN
model is slightly better than modWilks at higher tail
(catching the month with more wet days) during the rainy
season, hence leading to smaller RMSE for the mean
statistics (0.59 versus 0.82). The RSIM model is able to

Table 1 Goodness of fits for

SWG model simulation versus Model\Stat Mean Std Max Wet days Max Dry days
observation: precipitation R RMSE R RMSE R RMSE R RMSE
occurrence statistics
ModWilks 1.00 0.82 0.93 0.79 0.97 0.58 0.97 2.18
RSIM 0.93 2.71 0.83 0.90 0.63 1.04 0.95 2.67
pKNN 1.00 0.59 0.90 0.79 0.92 0.51 0.99 1.36

All correlation values in this table are having p value < 0.05
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Fig. 2 Scatter plots between (@) Mean No of Wet Days

(b) Std. Dev. No of Wet Days

observed and synthetic
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Observed No. of wet days

generate the mean number of wet days for the dry season
(less than 5 wet days a month). However, this model
underestimates the mean number of wet days statistics for
wet season (months having more than 15 wet days), leading
to smaller correlation and higher RMSE compared to the
other two models. This has similar finding with Vallam and
Qin (2016) for multi-site synthetic rainfall generation over
the nearby country Singapore. However, RSIM still per-
forms well with R-value higher than 0.9 at 95% confidence
interval. In a similar manner to mean statistics, modWilks
and pKNN perform well for the standard deviations of the
number of wet days per month with both R > 0.9 and
RMSE = 0.79 (Table 1). RSIM relatively has a lower
correlation index (R = 0.83) and slightly higher RMSE (at
0.9). All three models are able to simulate well the standard
deviation of wet days with high correlation values
(R > 0.8), it is indicated by Mehrotra et al. (2006) that the
spatial and long-term temporal dependence for multi-sta-
tions are preserved.

Apart from the statistics of the mean and standard
deviation, the maximum consecutive wet and dry day plays
an important role in the prolonged extreme conditions that

Observed No. of Dry days

often result in drought and flood events. Hence, this
information needs to be validated while using synthetic
data from the models. The monthly average of maximum
consecutive wet and dry days scatter plots are displayed in
Fig. 2c, d, respectively, the R and RMSE are tabulated in
Table 1. The max consecutive wet days range from 1 to
6 days whilst the similar statistics for dry days range from
1 to 30 days, which significantly portraits the distinct wet/
dry season for the Central Highland region in Vietnam,
especially during dry season where some of the whole
months are completely dry. All models are able to simulate
well the mean of max consecutive dry days statistics with
correlation higher than 0.9. RSIM unexpectedly captures
well some of the months with 28-30 dry days (Fig. 2d).
However, for the mean of max consecutive wet days
statistics, only modWilks and pKNN are able to retain the
significant correlations (R equals to 0.97 and 0.92,
respectively), while RSIM underestimates this character-
istic (R = 0.63). This has similar pattern compared to the
mean number of wet days statistics that we analysed priory.
Overall, the pKNN model performed best with the lowest
RMSE values for both categories of extreme wet/dry
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periods and maintaining statistically significant correlation
statistics, followed by modWilks model.

To summarize, for precipitation occurrence simulation
at an individual site, pKNN is the best model among the
three with all statistical tests of the wet day occurrence and
max consecutive wet/dry days. The Markov chain-based
model modWilks also reproduced well the statistics for the
occurrence of wet days, whereas, RSIM model compara-
tively performed less satisfaction compared to other
models.

4.2 Simulation of Precipitation Amount

The stochastic process associated with the pKNN model is
able to perform well to reproduce the precipitation occur-
rence, however, it is important to identify which model
accurately generates the precipitation amount. Precipitation
daily intensity (amount of precipitation on daily basis)
statistics simulated from three stochastic models for eight
stations are displayed in scatter plot in Fig. 3 and Table 2.
The statistical test based on the mean value of precipitation
intensity (for both wet/dry days per month and wet days
only), standard deviation and skewness statistics are also

Fig. 3 Scatter plots between (a) Mean Daily Rainfall

examined to evaluate the variability of the precipitation
distribution for selected locations.

In comparison to precipitation occurrence, all models
perform well in generating the precipitation intensity with
correlation value close to 1 (rounded to 2 decimals; as seen
in Table 2). However, pKNN slightly overestimated the
precipitation amount (R = 0.99 and having largest RMSE
value, Table 2) at high tail as portraited in Fig. 3a, this is
particularly because the perturbation parameters that were
introduced in Eq. (7), which takes into account the all wet
days or extreme wet event. The gamma distribution fitted
to the modWilks model is slightly better compared to the
other models with the lowest value of RMSE (0.22)
observed at all the eight stations. RSIM is also having a
great match in generating daily precipitation intensity with
perfect score for correlation and relatively small RMSE,
compared to pKNN. However, in the statistic for the mean
of wet day precipitation intensity, the pKNN model per-
forms well based on the lowest RMSE (RMSE = 1.08)
with a very high significant correlation coefficient value
(R =0.97) for the same category. Despite being a good
model for generating daily precipitation intensity, the
RSIM model comparatively did not perform well in
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Table 2 Goodness of fits for

SWG model simulation versus Model\Stat P_amt Mean Mean Wet days Std Skew
observation: precipitation R RMSE R RMSE R RMSE R RMSE
amount statistics
modWilks 1.00 0.22 0.98 1.31 0.98 2.28 0.80 2.96
RSIM 1.00 0.29 0.64 6.11 0.90 3.50 0.62 4.53
pKNN 0.99 0.57 0.97 1.08 0.99 0.80 0.93 2.76

All correlation values in this table are having p value < 0.05

synthesizing this characteristic for wet days as observed
based on the R-value (0.64). The scatter plot in Fig. 3b
indicates the overestimation of RSIM when it doubles the
mean rainfall on wet days for certain extreme events. This
is because RSIM underestimates the mean number of wet
days statistics for wet season when computing the precip-
itation occurrence statistic as depicted in Fig. 2a.

The modWilks slightly underestimates the standard
deviation of daily precipitation at the higher tail, implicitly
inferring the underestimation of low-frequency variability
for precipitation. As depicted in Table 2, modWilks com-
paratively performed better than the RSIM model based on
its smaller RMSE and higher R-value. Overall, the pKNN
model proves to be the best model in preserving the stan-
dard deviation based on the goodness of fit statistics, fol-
lowed by the modWilks model. The skewness coefficient
was used to inspect the distribution of precipitation. The
skewness coefficients between models and observations are
slightly more scattered compared to the standard deviation.
Based on the Goodness of fit test (Table 2), the pKNN
model performed well in terms of skewness, followed by
modWilks and RSIM.

4.3 Spatial characteristics

4.3.1 Multisite conditional probabilities of rainfall
occurrence

The occurrence of rainfall for the current date is called
conditional if the previous day’s wet/dry state is known.
The transition conditional probability of rainfall occurrence
state from state dry to wet pOI and state wet to wet p// are
investigated in this study. The transition states were com-
puted individually for all the stations and they are dis-
played using scatter plots (Fig. 4) and goodness of fit tests
are tabulated in Table 3. In modWilks model, the transition
probabilities were simulated using two-state first-order
Markov chain processes, so it has a near-perfect correlation
for pOl and pl1 transition with observed data (R = 1.00)
and low RMSE (RMSE = 0.01 and 0.04, respectively). The
pKNN model has a comparatively lower correlation
(R =0.99 and 0.96) and higher RMSE values (RMSE =
0.05 and 0.09) due to the overestimation of the mid to high

tail of pOI and underestimation of the low to mid-tail p71.
Although the RSIM model exhibits slightly lower corre-
lation coefficient (R = 0.96/0.86 for p01/p11) and slightly
higher RMSE for both transition states (RMSE = 0.05 and
0.11), it is considered successful in reproducing the two
transition states probability when comparing with the study
by Baigorria and Jones (2010) for GIST model with
R =0.981 and 0.836 for p0I and pl1, respectively. Baig-
orria and Jones (2010) also mentioned that due to the
constrain to satisfy both the spatial correlations and first-
order-in-time transition probability that the stochastic
model might not preserve well this characteristic.

The above analysis provided the performance of
stochastic models for the transition probabilities of pre-
cipitation occurrence based on the individual stations. In
the following section, the transition probabilities are
computed based on a number of n stations used in the
network. Overall, there are n(n—1)/2 pair of stations are
evaluated based on 12 months. It is necessary to evaluate
the spatial relationship between all the stations using joint
probability (JP) analysis. Figure 5 illustrates the scattered
plots for the joint probability of the transition of precipi-
tation occurrence for the eight stations based on the three
stochastic models and observed information. The compar-
isons based on the joint distribution of simultaneous pre-
cipitation occurrence for 336 pairwise location-month
combinations are computed and plotted for the state of
(a) both stations are wet JP11, and (b) both stations are dry
JP0O. Similar to transition probability characteristic, the
joint probability correlations (JP// and JP0O) for mod-
Wilks and pKNN models are near perfect with correlation
coefficient approximated to 1 (Table 3), and the RMSE
values are closer to zero. RSIM has slightly lower R value
(R = 0.95) and higher RMSE, however, it is in comparable
favor with the study by Baigorria and Jones (2010) with
their R-values for JPO1 and JP11 of 0.98. Overall, it is
observed that the performances of retaining spatial rela-
tionships of three models are great for both rainy and dry
seasons.

Figure 6 illustrates the observed and synthetic condi-
tional log-odds ratios for three models. This is a comple-
mentary index for the transition probability and joint
probability characteristics. The log-odd ratio demonstrates
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Fig. 4 Scatter plots between (a) Prob.01 (b) Prob. 11
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Table 3 Goodness of fits for
SWG model simulation versus Model\Stat Pmarkov pO1 pll JP11 JPOO
observation: transaction R RMSE R RMSE R RMSE R RMSE
probability and joint probability
modWilks 1.00 0.01 1.00 0.04 1.00 0.02 1.00 0.03
RSIM 0.96 0.05 0.86 0.11 0.94 0.06 0.95 0.09
pKNN 0.99 0.05 0.96 0.09 0.99 0.03 1.00 0.02

All correlation values in this table

Fig. 5 Scatter plots between

(a) Joint Prob. 11
observed and synthetic 0.8

are having p value < 0.05

(b) Joint Prob. 00

transition occurrence of joint
probability that station pairs are
both a wet b dry, on a given day
for all months computation
considering 336 combinations
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the spatial correlation between the precipitation occurrence
at each station pair, in which, the higher ratio indicates the
better spatial dependence. For example, the neighbor sta-
tions within the same topology normally have higher log-
odd ratio than the other locations. Each point on the scatter
plot indicates the ratio evaluated for a pair of rain gauge
stations (Mehrotra et al. 2006) for an individual month. It
was observed that the log-odds ratio is captured less
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accurately (R = 0.7) by RSIM due to the widespread of
points over the scatter plot. However, the modWilks model
performed better compared to the RSIM model based on
the scattered points located closer to the 1:1 line
(R =0.88). Overall, the pKNN model performed well
based on the highest correlation coefficient (R = 0.96),
which is able to capture the occurrence of precipitation
simultaneously at all the stations.
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Fig. 6 Observed and model simulated Log-Odd ratios for all station
pairs

4.3.2 Cross-correlation analysis

The cross-correlation analyses between multi-stations were
computed for both precipitation occurrence and amount.
These analyses clearly reveal the deficiency in both spatial
precipitation occurrence and the amount for the models as
compared to the joint probability study. Figure 7a, b
demonstrates the cross-correlation of precipitation occur-
rence and amount, respectively for eight stations using
12 months, which resulted in 336 pairwise combinations.
The goodness of fit tests (R and RMSE) for correlation
analysis are provided in Table 4. In previous studies, the
modWilks model performed well in simulating spatial
cross-correlation patterns (Mhanna and Bauwens 2012;
Wilks 1998). In our analysis, the modWilks model is to
capture the cross-correlation of precipitation occurrence

Fig. 7 Scatter plots between ()

Occurrence Cross-Correlation

Table 4 Goodness of fits for SWG model simulation versus obser-
vation: cross correlation characteristic

Model\Stat mon Occ. Cross Cor Amt. Cross Cor

R RMSE R RMSE
modWilks 0.95 0.07 0.89 0.12
RSIM 0.77 0.12 0.77 0.14
pKNN 0.97 0.04 0.98 0.04

All correlation values in this table are having p value < 0.05

slightly better than precipitation amount. On the other
hand, the modWilks model is comparatively better than the
RSIM model based on the goodness of fit indices (Table 4).
However, the pKNN model found to be the best model with
significantly low RMSE values (0.04) and high correlation,
especially for rainfall amount (R = 0.98). The original
KNN model has been known to well preserve the cross-
correlation structure of precipitation occurrence and
amount between all the stations (Yates et al. 2003; Sharif
and Burn 2007). We also compared (not shown) the cross-
correlation performance between pKINN and original KNN
models (without perturbation), it was observed that the
original KNN performed slightly better than pKNN, due to
the non-perturbation approach applied.

4.4 Intensity—duration-frequency analysis

The IDF curves play an important role in civil infrastruc-
ture systems design (Veneziano and Furcolo 2002; Vu and
Mishra 2019). Therefore, it is an important aspect to
investigate the performance of stochastic models in
reproducing the extreme rainfall pattern, especially for the
purposes of generating rainfall-induced flood. Previous
studies did not investigate the performance of the
stochastic models for constructing IDF curves. In this
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Fig. 8 Intensity Duration
Frequency (IDF) curves derived
based on the Annual Maximum
Daily synthetic precipitation
data sets for multisite locations:
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study, the IDF curves based on the return periods up to  annual precipitation characteristics. The IDF curve for
1000 years are generated to investigate the capabilities of  individual station is displayed in Fig. 8. The black squares
stochastic precipitation models for generating the extreme  represent IDF derived based on the 25 years of observed
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(‘OBS’) data. The return periods obtained from three
stochastic model outputs are computed using Eq. (10) and
plotted with different markers and colors.

The three models produced different extreme values
distribution for 1000 years simulation and are compared
with the GEV fitting to OBS data. For GEV fitting, a small
sample size sometime makes the estimation of the GEV
shape parameter rather erratic and sensitive to outliers
(Veneziano et al. 2007). Although the sample size of
25 years is not considered sufficiently large, the models are
partially able to capture the extreme precipitation intensity
at 1000 years event. For example, pKNN is able to capture
the IDF curve for Lien Khuong station (Fig. 8g) while
RSIM can approximate the 1000 return period of M’Drak
station (Fig. 8h). In six out of eight stations, RSIM over-
estimates the GEV fitting whilst modWilks shows under-
estimation. Only pKNN is able to capture well the GEV
fitting at a return period of less than 50 years. This can be
explained that because gamma distribution was applied to
fit the daily precipitation into the modWilks model, this
distribution type tends to underestimate heavy rainfall
events (Wilson and Toumi 2005; Cho et al. 2004). On the
other hand, due to the aggregation of rainfall intensities
that RSIM usually overestimates precipitation (Vallam and
Qin 2016). The perturbed KNN performs a nonparametric
approach by shuffling the existing data, therefore it follows
closely the observed data patterns, and is explained why it
best matches the GEV distribution for the return period less
than 50 years. It opens the way for further discussion by
including the hybrid model in synthesizing the data (Chao
et al. 2012; Furrer and Katz 2008).

5 Discussion

The performance of three stochastic rainfall models are
compared based on different precipitation characteristics,
such as precipitation occurrence, wet/dry spell and pre-
cipitation on wet day intensity, cross-correlation, transition
probability, log-odds ratio, as well as extreme value anal-
yses, are shown in Table 5. The choice of selecting the
precipitation characteristic for multisite stochastic rainfall
generation models are based on the previous literatures but
not limited to Mehrotra et al. (2006), Vallam and Qin
(2016), Baigorria and Jones (2010). The model perfor-
mance was compared against precipitation characteristics
based on the ranks in the order of highest (1) to lowest (3)
(Vu et al. 2018). Thus, the model that has performed well
in each metric will lead to the smallest summation of the
rankings that can be considered as the best model. In this
study, the choice of selecting the best multisite precipita-
tion generation model is limited to the Central Highland
region in Vietnam.

In our study, RSIM ranked lowest compared to other
two models. Previous studies found RSIM may perform
well for the rainfall stations located in specific precipitation
regime. For example, Forsythe et al. (2014) suggested that
RSIM can be used to successfully produce synthetic rain-
fall time-series in a semi-arid mountainous climate in
Pakistan. On the other hand, Vallam and Qin (2016) indi-
cated that RSIM usually overestimated the precipitation
amount for wet seasons while comparing different models
for several stations across Singapore. Their finding is
comparable with our result that RSIM is not as good when
simulating mean precipitation on wet days compared to
pKNN and modWilks, even though that RSIM performs
really well over mean daily precipitation (averaging for
both wet and dry days), as thus it underestimates the wet
day occurrences with threshold of 1 mm/day. Both mod-
Wilks and pKNN models are comparable in terms of sta-
tistical tests for precipitation occurrence and amount at
individual stations. All models can simulate the spatial
correlation between stations for standard deviation of wet
days statistics, which showcases that the spatial and long-
term dependence are preserved. In this study, the mod-
Wilks model seems to be a good model for simulating
precipitation at both spatial and temporal scales. The
addition of the gamma coefficient and rank correlation to
preserve the correlation of random numbers applied to
rainfall occurrence and amount clearly improved the Spa-
tio-temporal correlation pattern. In addition, the common
choice of gamma distribution has been applied to mod-
Wilks to fit rainfall amount is more appropriate for tropical
monsoon rainfall compared to the mixed exponential dis-
tribution as recommended by Wilks (1998). The pKNN
model outperforms other two models in terms of preserving
the spatial characteristics such as cross-correlation and log-
odds ratios. In addition to that pKNN model performed
well in capturing the IDF curves while modWilks tend to
underestimate heavy rainfall events and RSIM overesti-
mates rainfall intensity. The improved performance shown
by pKNN model can be attributed to the perturbation
approach, that incorporate the kernel bandwidth estimation
using LSCV method. In a nutshell, based on the aggregated
ranking, the pKNN model is found to be the best model
followed by modWilks and RSIM models. However, the
limitation of the pKNN model is that it offers a simple
modeling mechanism, but being a non-parametric model, it
is computationally expensive in terms of simulation time
(Mehrotra and Sharma 2009). Comparatively, modWilks
and RSIM models are much faster in terms of computation
time. Therefore, by performing comparative ranking anal-
ysis the stakeholders can choose the best model suitable for
specific locations and weather patterns.

One of the key limitations that exist in SWG models is
lack of simulating the extreme event (i.e. 5000-10,000-
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Table 5 Overall assessment of
the multisite SWG models using
different rainfall characteristics

Rainfall characteristics modWilks RainSim pKNN
Mean number of wet day 2 3 1
Standard deviation number of wet day 1 3 2
Mean maximum consecutive wet day 1 3 2
Mean maximum consecutive dry day 2 3 1
Mean daily rainfall amount 1 2 3
Mean daily rainfall amount (wet day only) 2 3 1
Standard deviation rainfall amount 2 3 1
Skewness rainfall amount 2 3 1
Transition occurrence probability from dry to wet pOl 1 3 2
Transition occurrence probability from wet to wet pl1 1 3 2
Joint Transition probability from wet to wet JP11 1 3 2
Joint Transition probability from dry to dry JPOO 2 3 1
Cross correlation of rainfall occurrence 2 3 1
Cross correlation of rainfall amount 2 3 1
Log-odds Ratio 2 3 1
Extreme value analysis: IDF curves 2 3 1
Overall Performances 26 47 23

The best model rank 1 and the second best rank 2 and so on

year return period). In this study, similar observation was
made when simulating the high tail distribution of the
annual extreme event. This may be due to limited data
length used in the study or the limitation of several
stochastic models in simulating the full range of precipi-
tation from extreme dry to extreme wet scale. To overcome
such limitations, Chao et al. (2012) and Furrer and Katz
(2008) performed simulation based on the entire range of
precipitation using a hybrid approach that integrate
gamma/exponential distribution for the lower to medium
range whilst generalized Pareto distribution could be
applied to the higher precipitation range. Our study can be
further improved to address such limitation by developing
the hybrid perturbed KNN modeling, which has the ability
to synthesize the extreme precipitation events as well as
capture the extreme events at higher return periods (e.g.,
10,000-year) for revising the IDF curves.

6 Conclusions

We evaluated the performance of three multisite stochastic
precipitation generator models (i.e., modified Wilks, per-
turbed KNN and RainSim) in a tropical monsoon climate
region located in Central Highland, Vietnam. These three
models consist of a parametric Markovian model (modified
Wilks) and two non-parametric (perturbed K Nearest
Neighbor and Spatial-Temporal Neyman Scott Rectangu-
lar Pulse RainSim) models. In this study, we modified the
traditional KNN model by revising the kernel bandwidth
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used in the model development. The modified KNN model
improved the spatial coherence structure of rainfall stations
across the study region. The models were evaluated based
on their performance to capture different precipitation
characteristics. The challenging task is to find an optimal
model that is able to generate the multisite precipitation
characteristics which are useful for drought and flood
management over the study region. The following con-
clusions can be drawn from this study:

1. Precipitation occurrence Three stochastic models are
able to capture the mean and standard deviation for the
number of wet days. However, pKNN and modWilks
models have slightly better performance compared to
RSIM. All the selected models performed well for
simulating the maximum consecutive number of dry
days per month. In terms of the maximum consecutive
number of wet days, the RSIM model underestimated
the observation, therefore, indicating a lower correla-
tion coefficient compared to the other two models.

2. Rainfall intensity Even though all three models

performed very well for simulating daily mean rainfall
intensity, the performance of the RSIM model suffers
when simulating daily mean rainfall intensity on the
wet day only. This may be due to the relatively less
performance of the RSIM model when simulating the
precipitation occurrence. Based on the comparison for
standard deviation and skewness for wet days intensity,
the modWilks model performed reasonably well.
Overall, the pKNN model found to be the best model
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based on improved goodness of fits (correlation
coefficient and RMSE).

3. Transition probability analysis The transition from wet
to dry day and vice versa are evaluated based on
comparison with occurrence probability and joint
probability between stations. Due to the inclusion of
Markov chain formulation, the parametric modWilks
model found to be the perfect model with the absolute
correlation. Both non-parametric models (pKNN and
RSim) also performed well based on goodness of fit
analysis.

4. The most important feature of the multisite rainfall
model is the preservation of spatial correlation between
multiple stations. A cross-correlation analysis was
conducted based on precipitation occurrence, rainfall
intensity and log-odds ratios. The modWilks model
overcame the limitation associated with the original
Wilks model in preserving the spatial correlation for
precipitation occurrence and rainfall intensity respec-
tively. Overall, the pKNN model performed better
compared to modWilks and RainSim model based on
better goodness of fit statistics.

5. The IDF curves were derived and compared between
observed data and the synthetic data sets. In this study,
the GEV distribution was applied to conduct frequency
analysis embedded in constructing IDF curves. It was
observed that the RSIM model overestimates half of
the stations’ IDF curves while modWilks underesti-
mates 7 out of 8 stations. Only the pKNN model is able
to capture the IDF curves for the return periods of less
than 50 years. This is a key feature of the pKNN
model, and it is recommended to include more
observed data sets to better capture the higher tail of
IDF curves.

In this study, even though the pKNN model comparatively
performed well for multisite precipitation simulation over
the Central Highland area located in Vietnam, it is, how-
ever, computationally expensive, especially due to the
addition of the perturbation component. RainSim model
may not be a good choice for the tropical monsoon region
in Central Highland area in Vietnam, however, it per-
formed reasonably well as a multisite stochastic rainfall
generation model for European regions, and it can be fur-
ther explored in other climatic regimes.
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