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Abstract Long term synthetic precipitation data are useful

for water resources planning and management. Commonly

stochastic weather generator (SWG) models are useful to

produce synthetic time series of unlimited length of

weather data based on the statistical characteristics of

observed weather at a given location. However, it is diffi-

cult to find a single model which works best for all weather

(climate) patterns. The objective of this study is to evaluate

five different SWG models namely CLIGEN, ClimGen,

LARS-WG, RainSim and WeatherMan to generate pre-

cipitation at three diverse climatic regions: a Mediterranean

climate of western USA, temperate climate of eastern

Australia and tropical monsoon region in northern Viet-

nam. The performance of SWG models to generate pre-

cipitation characteristics (i.e., precipitation occurrence; wet

and dry spell; and precipitation intensity on wet days)

varies between three selected climatic regimes. It was

observed that the second order Markov chain (ClimGen

and WeatherMan) performed well for all three selected

regions in generating precipitation occurrence statistics. All

models are able to simulate the ratio of wet/dry spell

lengths with respect to observed precipitation. The Rain-

Sim performed well in reproducing wet/dry spell lengths in

comparison to other models for wetter regions in Australia

and Vietnam. ClimGen and WeatherMan are the two best

models in simulating precipitation in the western USA,

followed by CLIGEN and LARS. Similarly, ClimGen and

WMAN are the two best models for synthetic precipitation

generation for eastern Australian and northern Vietnam

stations, but CLIGEN performs poorly over these regions.

All SWG model performed differently with respect to cli-

matic regimes, therefore careful validation is required

depending on the weather pattern as well as its application

in different water resources sectors. Although our findings

are preliminary in nature, however, in order to generalize

the performance of SWG’s in a given climate type, it is

recommended that more number of stations needs to be

evaluated in future studies.

Keywords Stochastic weather generator � CLIGEN �
ClimGen � LARS-WG � RainSim � WeatherMan

1 Introduction

Stochastic weather generators (SWG) are often used for

investigating climate variability, water resources planning,

risk assessment and analysis of hydro-climatic extreme

events. Observed time series only represent one ‘realiza-

tion’ of the climate, whereas a weather generator can

simulate many ‘realizations’, thus providing a wider range

of feasible situations (Semenov et al. 1998). SWG have

been applied in many disciplines, such as, assessing large-

scale atmospheric circulation (Katz and Parlange 1993;

Katz et al. 2003), hydrologic applications (Xia 1996; Caron

et al. 2008), ecology (Birt et al. 2010) and agriculture

sectors (Semenov and Porter 1995; Grondona et al. 2000).

In addition, SWG’s are also applied to assess the climate

change impact via statistical downscaling of Global Cli-

mate Models (GCMs) outputs (Semenov and Barrow 1997;

Kilsby et al. 2007; Wilks 2010). Compared to other
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statistical downscaling methods such as regression-based

approaches and weather typing schemes, the weather

generator-based approach has an advantage in terms of

producing an ensemble of climate change projections for

analyzing risk-based environmental impacts (Chen and

Brissette 2014).

The SWG models requires to model two precipitation

components: (1) Occurrence (the sequence of wet and dry

days), and (2) Intensity (the amount of precipitation on wet

days). Commonly, two types of model are used to generate

precipitation process, such as Markov chain-based model

and alternating renewal process. Markov chain models are

widely used in the literature (Katz 1977; Richardson 1981;

Wilks 1989). However, first order Markov chain faced

criticism as it may produce synthetic series exhibiting

longer dry spells too infrequently (Wilks 1999). Higher

order (second-, third- and fourth-order) Markov chain

dependence models, as well as hybrid Markov chain pro-

cess (Stern and Coe 1984), were evaluated by Wilks (1999)

for simulating precipitation over 30 stations in the US. It

was observed that the first-order Markov chain was found

adequate for stations located in the central and eastern part

of US, but poor performance was observed for stations

located in the western US (i.e., drier climate). Jones and

Thornton (2000) also recommended higher order Markov

chain for sites that are not located in temperate regions.

Chen et al. (2012a, b) indicated that higher order Markov

models perform better for generating longer dry or wet

spells in comparison to first order model. Racsko et al.

(1991a, b) applied one-parameter geometric distribution for

wet spell lengths and mixed geometric distribution for dry

spell lengths. Wilby et al. (1998) used alternating negative

binomial recurrence process to simulate wet- and dry-spell

lengths. Semenov et al. (1998) applied a semi-empirical

distribution to model sequences of wet and dry spells.

Precipitation amounts are usually simulated using

parametric, semi-parametric and non-parametric approa-

ches. The commonly used parametric approaches are

gamma distribution (Richardson 1981), skewed normal

distribution (Nicks and Gander 1994), Weibull distribution

(Stöckle et al. 1999), exponential distribution (Roldan and

Woolhiser 1982) to name a few. Semi-parametric approa-

ches are used to resample historical data using empirical

distribution function (Semenov and Barrow 1997; Mehro-

tra and Sharma 2007). Non-parametric weather generator

approach does not make an assumption for identifying the

underlying distribution of the process (Verdi et al. 2015).

The commonly used non-parametric approach utilizes

K-nearest neighbor (KNN) methodology to generate pre-

cipitation amounts based on resampling the weather vari-

ables based on the historical data (Rajagopalan and Lall

1999; Lall and Sharma 1996).

A number of stochastic weather generator models are

applied in hydro-climatic research, for example, Richard-

son and Wright (1984) published the Fortran source code

for WGEN (Weather GENerator) (Richardson 1981),

which was later applied in many other studies (Semenov

et al. 1998; Castellvi and Stöckle 2001; Soltani and

Hoogenboom 2003). Subsequently, a modified version of

WGEN model was developed by Campbell (1990) in

Pascal language named ClimGen (Climate Data Generator)

which was further improved by Stöckle et al. (1999) as

stochastic weather generator standalone model for a crop

model known as CropSyst. Semenov and Barrow (1997)

developed LARS-WG (Long Aston Research Station—

Weather Generator), which has been widely used in gen-

erating local climate scenarios for crop modeling and cli-

mate change impact assessments (Semenov and Shewry

2011). The WGEN code was further refined as Weather-

Man model (Pickering et al. 1994) and it was coupled with

DSSAT model (Decision Support System for Agrotech-

nology Transfer) (Jones et al. 2003) for generating weather

events as inputs for crop modeling. Nicks and Gander

(1994) developed CLIGEN (CLImate GENerator) weather

generator model to generate climate inputs for water

resources management. It was subsequently incorporated

into WEPP model (Water Erosion Prediction Project) to

predict runoff and soil erosion (Nicks et al. (1995). CLI-

GEN has the capability to synthesize daily weather for the

ungauged area through spatial interpolation the model

parameters from nearby gauges (Baffault et al. 1996). The

Generalized Neyman–Scott Rectangular Pulses (GNSRP)

model (Cowpertwait 1994, 1995) was implemented in a

modeling package RainSim (Burton et al. 2008). RainSim

model has the advantage of generating spatial stochastic

weather information as well as they are used for stochastic

downscaling of climate models in climate change studies

(Burton et al. 2010a, b; Bordoy and Burlando 2014;

Camera et al. 2017).

The literature review suggests application of multiple

SWG’s in different sectors, however, it is also important to

know appropriate (best) models for a given climatic region.

The objective of this paper is to evaluate five different

stochastic weather generator models in three diverse cli-

matic regions over the world: (a) the dry climate region in

the western USA, (b) very wet climate region in the trop-

ical monsoon rainfall area at the northern Vietnam, and

(c) temperate climatic zone in the southern hemisphere in

the eastern Australia. Overall nine rainfall stations are

selected representing three rainfall stations from each cli-

mate type in our analysis. The rainfall characteristics for

selected climate type differs in terms of inter (intra) annual

precipitation variability (statistics) and they behave dif-

ferently with response to the ENSO (El Nino Southern

Oscillation). The five SWG models that are evaluated in
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our analysis includes: CLIGEN, ClimGen, LARS-WG,

RainSim and WeatherMan. Table 1 provides an overview

of the five SWG models and abbreviations used in this

study.

The remainder of this paper is organized as follows.

Section 2 provides an overview of the selected study areas

and a brief description of the five SWG models used in our

analysis. Section 3 explains the methodology, while the

analysis of the results is discussed in Sect. 4 based on

precipitation occurrence, wet/dry spell lengths and pre-

cipitation intensity. Conclusions are provided in Sect. 5.

2 Study region and models

2.1 Study region

Nine rainfall stations are selected to represent three diverse

climatic regions. An overview of climate type and rainfall

station’s is discussed here:

(a) Mediterranean climate: San Francisco International

airport (SFO), Los Angeles International airport

(LAX) and Santa Barbara Municipal Airport (SBM),

and they are categorized as a warm summer

Mediterranean climate [Koppen climate classifica-

tion Csb (Peel et al. 2007)]. The precipitation data

were obtained from National Climatic Data Center

(NCDC), NOAA, the USA via the website: http://

www.ncdc.noaa.gov/. These stations are located

along the west coast of the United States with

average annual precipitation ranges from 100 to

500 mm and virtually no-rain during summer.

(b) Temperate climate: The Sydney airport (SYD) and

the New Castle Nobbys (NEW) signal station in New

South Wales, the Amberley in Queensland (near to

Brisbane city) (BRB) all situated on the east coast of

Australia in the southern hemisphere. They are

located in a temperate climate (Koppen climate type

Cfa) and precipitation is evenly spread throughout

the year. The data was obtained from the Bureau of

Meteorology (BOM), Australia (http://www.bom.

gov.au). Annual average precipitation recorded at

these eastern Australian stations range between 700

and 1700 mm.

(c) Tropical climate: Hanoi (HAN), Hoa Binh (HOA)

and Hai Duong (HAI) rainfall stations are selected

and the data were collected from the Institute of

Meteorology, Hydrology and Climate Change

(IMHCC), Hanoi, Vietnam. The Koppen classifica-

tion type of Hanoi is Cwa with the humid sub-

tropical climate in the northern hemisphere. Located

in the tropical monsoon Asia wind system, the rainy

season of northern Vietnam stations coincide with

the southwest monsoon, which occurs during sum-

mer. The total annual precipitation is as high as

1200–2100 mm. For all these nine aforementioned

stations, daily precipitation datasets were collected

for the 1961–1990 period. The locations of the nine

stations are displayed in Fig. 1 and their locational

information is given in Table 1.

The precipitation patterns at the nine stations are influ-

enced differently by ENSO (Evans et al. 1998; Manatsa

et al. 2008; Zhang and Zhou 2015). The spatial correlation

map between the Sea Surface Temperature Nino 3.4 index

(using 6 months average) and the monthly gridded 0.5�
spatial resolution precipitation from Climate Research Unit

(CRU) is provided in Fig. 1. The western USA has a sig-

nificant positive correlation, while eastern Australia has a

significant but negative correlation, both with a confidence

level higher than 90%. Northern Vietnam has relatively no

significant correlation with ENSO indices.

2.2 Stochastic weather generator models

Five SWG models are selected for model simulation and

analysis (Table 2). The occurrence of precipitation model

Table 1 Location of nine selected stations used in this study including their climate type

Region Station Abbr. Longitude Latitude Elevation (m) Koppen Climate Source

Western United States San Francisco Int. airport SFO 237.6 37.6 2.4 Mediterranean climate (Csb) NCDC

Los Angeles Int. Airport LAX 241.8 34.1 85.0

Santa Barbara Mun. Airport SBM 240.2 34.4 2.7

Eastern Australia Sydney Airport SYD 151.1 -33.7 10.0 Temperate climate (Cfa) BOM

Amberley, Brisbane BRB 153.0 -27.5 10.0

New Castle Nobbys NEW 151.9 -32.9 33.0

Northern Vietnam Hanoi HAN 106.0 21.0 5.0 Tropical climate (Cwa) IMHCC

Hai Duong HAI 106.3 20.9 2.0

Hoa Binh HOA 105.3 20.8 23.0
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for WMAN, CLIG and CLIM follow the Markov chain

process. However, WMAN, CLIG, CLIM are modeled

with different distribution functions to generate precipita-

tion on wet days based on three-parameter mixed expo-

nential (also known as a hyper-exponential (Whitt 1981),

skewed normal and Weibull distributions respectively. The

simulation of precipitation occurrence in LARS is based on

more flexible semi-empirical distribution. This approach

overcomes the limitation of the Markovian approach for

generating the longer dry spell at certain locations (Se-

menov and Barrow 1997). For a wet day, the precipitation

value is generated from the semi-empirical precipitation

distribution for the particular month independent of the

length of the wet series or the amount of precipitation on

previous days (Semenov et al. 1998). Poisson cluster model

was first developed by Neyman and Scott (1958) and

incorporated into RSIM model. One advantage of the

Poisson process is that it can be extended to simulate

continuous spatial–temporal precipitation which is

increasingly important in support of distributed hydrolog-

ical modeling (Burton et al. 2008).

3 Methodology

Wet (dry) spells are important precipitation characteristics

and they are commonly evaluated in stochastic weather

generator models. We selected different thresholds to

quantify wet (dry) spells for three selected locations due to

their differences in terms of climatic regimes. The thresh-

old of the wet/dry day is fixed for the northern Vietnam and

the eastern Australia at 1 mm/day and for the western USA

at 0.1 mm/day. These thresholds are selected based on the

previous studies by Westra et al. (2013) for the eastern

Australia, Rajagopalan and Lall (1999) for the western

United States and Ngo et al. (2014) for the northern

Vietnam.

Fig. 1 Location of nine selected rainfall stations. The correlation map between sea surface temperature Nino 3.4 index and monthly gridded

precipitation from climate research unit (CRU) (both using 6 months average) for the period 1901–2014

Table 2 Five stochastic weather generators used in this study for precipitation simulation

Model name Abbreviation Precipitation occurrence Precipitation intensity

CLIGEN CLIG Two-state, first order Markov chain Skewed normal distribution

ClimGen CLIM Two-state, second order Markov chain Weibull distribution

LARS-WG LARS Semi-empirical distribution Semi-empirical distribution

RainSim RSIM Temporal Poisson process Neyman–Scott rectangular pulses

WMAN WMAN Two-state, second order Markov chain Three parameter mixed exponential (hyper-exponential)
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All models were applied to each precipitation data sets

(i.e., 9 stations) to synthetically generate 300 years and

their precipitation characteristics were computed, which

includes (1) Precipitation Occurrence per month, (2) Wet

and Dry spell lengths per month, and (3) Precipitation

Intensity on wet days. The wet/dry spell lengths were

computed based on a number of consecutive wet/dry

day(s). For rainfall occurrence and intensity, the statistics

(mean, standard deviation) were computed for comparison

between SWG models and observation (OBS). In addition,

Quantile–Quantile (Q–Q) plots are used to compare the

precipitation intensity distribution between various SWG

and OBS, especially at the higher tail. This is an important

feature to evaluate the ability of SWG in capturing extreme

flood condition for the selected area. For a wet/dry spell,

the ratio of a total number of wet/dry days per month and a

maximum number of consecutive wet/dry spells are also

evaluated.

In addition to statistical tests to compare between two

samples, a non-parametric Wilcoxon rank sum test

[sometimes referred as Mann–Whitney or Mann–Whitney–

Wilcoxon test (Krzywinski and Altman 2014)] was used

for wet/dry spell (Chen and Brissette 2014) analysis to

evaluate if these two datasets (OBS and SWG) are inde-

pendent samples and having the equal medians. Being non-

parametric, the Wilcoxon rank sum test does not assume

normality, but as a test of median equality, it demands both

samples are having the same distribution shape (Krzy-

winski and Altman 2014). Another non-parametric Kol-

mogorov–Smirnov test (KS-test) was applied to

precipitation intensity for investigating the nature of

probability distribution between observation and simula-

tions (Fischer et al. 2012; Chen and Brissette 2014). The

KS-test computes the distance ‘D’ between empirical CDF

of the observed time series and CDF of candidate distri-

bution (Corder and Foreman 2009). All Wilcoxon rank sum

test and KS-test are evaluated with a significant level of

p value = 0.05.

4 Results

4.1 Precipitation occurrence

4.1.1 Statistics of precipitation occurrence (wet day)

The statistical characteristics (mean and standard devia-

tion) of the precipitation occurrence in terms of wet day

frequency simulated from five stochastic weather genera-

tors for nine stations. The scatter plots between SWG

models and OBS, computed from daily mean and standard

deviation ‘SD’ respectively are presented in Fig. 2. The

values used to develop Fig. 2 are tabulated in

Supplementary, Table S1 with bold values are within 10%

difference with OBS data. As seen in Fig. 2a, the mean

statistics are generally well captured for all stations,

especially over three stations in the western United States.

There exists some bias for mean values at other two

regions. The Markov chain based models are generally

good compared to semi-empirical (LARS) and Poisson

process (RSIM). The second order Markov chain (CLIM,

WMAN) perform slightly better than first order (CLIG) for

the eastern Australian stations. The semi-empirical distri-

bution based model LARS underestimates the mean values

for all the stations located in the eastern Australia and the

northern Vietnam. LARS model consistently performed

poorly than the Markov chain based model (Chen and

Brissette 2014) in reproducing wet day frequency statistics.

The temporal Poisson process in RSIM is capable of sim-

ulating well the mean wet day frequency, however, it

overestimates the ‘SD’ values for most of the stations in

three study regions (Fig. 2b), especially towards wetter

stations in the eastern Australia and the northern Vietnam.

The second order Markov chain models are consistently

better than first order in term of ‘SD’ statistics. In a nut

shell, CLIM and WMAN (second order Markov chain) are

the two best models that capture well OBS mean and ‘SD’

values over all stations in three different climate regions.

4.1.2 Annual cycle of precipitation occurrence

Monthly mean climatology of precipitation occurrences for

the five stochastic weather models at the nine selected

stations are presented in Fig. 3, similar to Vallam and Qin

(2016). It is possible to see the distinct pattern of precipi-

tation occurrence (in a number of days per month) for each

climate region. For example, all the models are able to

capture the ‘‘U-shape’’ pattern of the western United States

stations (Fig. 3a) with a very dry spell during summer

months and wetter in winter and spring. Similarly, the ‘‘A

shape’’ pattern of northern Vietnam is reproduced well in

Fig. 3c. In order to examine the match between OBS and

SWGs from Fig. 3, we computed the Nash-Sutcliff Effi-

ciency (NSE) (Nash and Sutcliffe 1970) for each of the

SWG models for an individual station. The NSE has a

range between minus infinity to 1, with a value closer 1

indicates a better match. The NSE values for all SWG

models/stations are tabulated in Table S2 in Supplemen-

tary. The RSIM model seems to overestimate the OBS in

summer months and underestimate the occurrence in spring

months for HAN and HAI (Fig. 3c) for northern Vietnam

stations. The ‘SD’ values for RSIM overestimate OBS,

although the mean values are generally with in a good

range (Fig. 2b). By using annual cycle plots for precipita-

tion occurrence for northern Vietnam, it is able to assess

that CLIM is the best model in capturing all monthly mean
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values for all stations, and the substantially good model is

WMAN, and both the models used second order Markov

chain. The semi-empirical model LARS underestimates

precipitation occurrence compared to OBS and other

Markov based models for all northern Vietnam stations as

seen in Fig. 2.

Among the three climate regimes, the eastern Australian

seems to be difficult for the SWG models to accurately

generate the precipitation occurrence (Fig. 3b). It is found

that CLIM and WMAN are the two best models based on

their close mean statistics in Fig. 2. The first order Markov

chain CLIG fails to capture the precipitation patterns for

Fig. 2 Scatter plots for

precipitation occurrence

statistics for nine stations

located in three climate regions:

a mean and b SD. Note For easy

reference, the cities are

represented using different

marker type (e.g., square, circle,

and diamond, etc.) and different

color for each of SWG model.

The markers and color pattern

remains same for all the figures

Fig. 3 Annual cycle of precipitation occurrences for nine stations located in three climatic regions: a1 SFO, a2 SBM, a3 LAX; b1 SYD, b2
BRB, b3 NEW; c1 HAN, c2 HAI, c3 HOA
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several months for all the three selected stations in eastern

Australia. The semi-empirical model based on LARS is

able to capture the patterns for eastern Australia, but with

few fluctuations in magnitudes. The semi-empirical distri-

bution based LARS model is comparable to WMAN,

except for the tropical station Hanoi, where it produces the

peak rainfall two months earlier than the observed rainfall

(Fig. 3c). In general, the second order Markov chain pro-

cess (CLIM and WMAN) performs well in reproducing the

precipitation occurrence statistics for all the stations com-

pared to the first order Markov chain as well as semi-

empirical and temporal Poisson process.

4.2 Wet/dry spell lengths

4.2.1 Statistics of wet/dry spell lengths

The wet/dry spell lengths are computed as a number of

consecutive wet/dry day(s) per month respectively. Sub-

sequently, statistical measures (mean and standard devia-

tion) for wet/dry spell lengths (unit: day), the ratio of wet

(dry) days per month (unit-less) and average maximum

spell lengths per month for wet (dry) spell lengths (unit:

day) were calculated and displayed in Figs. 4 and 5 (also

tabulated in Tables S3, S4 in Supplementary).

For wet spell length (Fig. 4), most of the models are able

to simulate within 10% difference (found in Table S3)

compared to the OBS for western United States stations

with slight overestimation of RSIM model for standard

deviation statistics (Fig. 4a). All Markov chain based

models and semi-empirical model underestimate mean,

‘SD’ and max wet spell lengths for eastern Australian and

northern Vietnam stations (Fig. 4a, b, d). However, the

ratio between wet spell lengths and a total number of days

per months are captured well by all SWG models (Fig. 4c).

Semi-empirical model (LARS) consistently underestimated

OBS and Markov based models for all wet spell statistics.

Overall, for wet spell analysis, temporal Poisson based

RSIM is the best model for eastern Australian stations

while for northern Vietnam, the second order Markov

CLIM and RSIM are the two best models (Fig. 4a).

On the other hand, for dry spell length (Fig. 5), all the

models able to capture the mean statistics, the ratio of a dry

spell and max dry spell, although some bias exist for ‘SD’.

In contrast to wet spell, Markov chain and semi-empirical

models are scattered evenly around the 1:1 line, especially

for the mean ratio of a dry spell and max dry spell (Fig. 5c,

d). It is seen that semi-empirical and temporal Poisson

process are slightly better than Markov chain based models

for mean and ‘SD’ statistics for a dry spell, especially for

the wetter regions in eastern Australia and northern

Vietnam.

4.2.2 Distributions of wet/dry spell lengths

The Wilcoxon rank sum tests were applied to wet/dry spell

length series to check the equality of medians between

observed and simulated wet (dry) spell for individual

months. Based on the Wilcoxon rank sum tests, the null

hypothesis can be used to evaluate if the observed and

synthetic precipitation data medians differ at a significant

level of p value = 0.05. The null hypothesis can be:

(a) H = 0: indicates a failure to reject the null hypothesis at

the 5% significance level, and (b) H = 1: reject the null

hypothesis at 5% significant level.

Number of months per year for wet and dry spell that

reject the Wilcoxon rank sum test at significant level of

p value = 0.05 are tabulated in Tables 3 and 4 respec-

tively. Because the H = 1 indicates the rejection of null

hypothesis, therefore, the better model will have lesser H

value. Based on the wet spell analysis, the Markov chain

models performed better than semi-empirical and temporal

Poisson (Table 3) and RSIM performed poorly for the

selected stations in western USA. Interestingly, within

Markov chain based model, the first order CLIG model is

slightly better than second order (CLIM and WMAN)

models for LAX station. However, the first order Markov

chain based model CLIG performed poor for the wetter

stations in eastern Australia and northern Vietnam as seen

in Table 3. The semi-empirical distribution based LARS

model able to reproduce the wet spell for the western USA

but the performance was poor for two regions. In overall,

the second order Markov chain based CLIM model is the

best for all the stations for wet spell lengths distribution,

followed by WMAN. RSIM did not perform well at gen-

erating wet spell length for almost stations.

It was found that all SWG models performed better in

reproducing dry spell length distribution than a wet spell

(Table 3 vs. Table 4). Similar to wet spell length, the first

order Markov chain model CLIG seems to be good for the

western USA but poor performance for other two regions.

On the other hand, the second order Markov chain (CLIM

and WMAN) models have the least H values indicating its

great ability to reproduce good wet/dry spell distribution.

In general, the second order Markov chain based models

performed well to reproduce wet/dry spell lengths distri-

bution for all regions, followed by semi-empirical distri-

bution. The first order Markov chain CLIG only performed

well for the dry stations in the western USA, whereas

RSIM is not a good model to capture this type of

distribution.

4.2.3 Annual cycle of mean wet/dry spells lengths

The mean monthly climatology of wet/dry spell lengths for

all SWG simulations are plotted in Figs. 6 and 7,
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respectively (NSE values can be found in Tables S5 and

S6). It was observed that mean climatology of certain

locations agrees well with the statistics and Wilcoxon rank

sum test results discussed earlier. For example, all models

performed well for wet/dry spell statistics and distribution

of western United States stations. However, all the models

did not perform well for wet spells in other two climate

regimes, except second order Markov CLIM and WMAN.

However using monthly climatology via annual cycle plot,

it is possible to see a clearer pattern of mean values of wet/

dry spell at all stations. The overall shapes of wet spell

follow closely with precipitation occurrence shape for all

stations: ‘‘U shape’’ for western USA stations, ‘‘A shape’’

for tropical monsoon regions in Vietnam (Fig. 6). RSIM

model performed poor in reproducing the annual cycle for

SBM station (Fig. 6b) with 7 months rejecting the equal

median test from Wilcoxon rank sum (Table 3). Overall it

is difficult to capture well the annual cycle of wet spell

length for eastern Australia and northern Vietnam com-

pared to the western USA. Although CLIM, LARS and

WMAN models able to capture the temporal (fluctuating)

patterns in eastern Australia (Fig. 6b), however they fails

to capture their magnitude completely.

The patterns of a dry spell are opposite to wet spell with

‘‘A shape’’ for the western USA and ‘‘flat U shape’’ for the

northern Vietnam (Fig. 7). For the dry spell in northern

Vietnam, WMAN overestimates the peak in March for all

stations (Fig. 7c) and so does RSIM for Hai Duong station

(Fig. 7c2). In a nutshell, the wet/dry spell statistics can

provide useful information in addition to precipitation

occurrence statistics and distribution. Overall, the Marko-

vian second order CLIM is found to be the best model in

precipitation occurrence and wet/dry spell statistic and

distribution, followed by WMAN and LARS.

4.3 Precipitation intensity on a wet day

4.3.1 Statistics of precipitation wet day intensity

The wet day rainfall intensity statistics (mean, standard

deviation, skew and kurtosis) simulated from the five

stochastic weather generators for the nine stations are

Fig. 4 Scatter plots for wet

spell statistics for nine stations

located in three climatic

regions: a mean, b SD, c ratio of
wet spell and d max wet spell

length
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shown in Fig. 8 and the values are tabulated in Table S7.

Similar to precipitation occurrence, most of the models

able to reproduce the mean and standard deviation at all the

selected locations within 10% difference compared to

observed data. The semi-empirical LARS model slightly

overestimated mean, ‘SD’ but it able to capture well the

skewness and kurtosis statistics for all the stations. The

hyper-exponential WMAN is better than LARS in captur-

ing mean and ‘SD’ but underestimated OBS in terms of

skewness and kurtosis compared to LARS. The two

parameter Weibull distribution CLIM and hyper-exponen-

tial WMAN seems to be best in reproducing the mean

Fig. 5 Scatter plots for dry

spell statistics for nine stations

located in three climate regions:

a mean, b SD, c ratio of dry

spell, and d max dry spell length

Table 3 Number of months per year that rejects the Wilcoxon rank

sum test at significant level of p value = 0.05 for wet spell analysis

Station\model CLIG CLIM LARS RSIM WMAN

SFO 0 0 1 3 0

LAX 0 1 1 4 1

SBM 0 0 0 7 0

SYD 8 3 8 2 3

BRB 3 0 3 6 1

NEW 7 3 8 2 4

HAN 7 2 10 3 4

HAI 5 2 4 1 3

HOA 6 1 5 1 4

Table 4 Number of months per year that rejects the Wilcoxon rank

sum test at significant level of p value = 0.05 for dry spell analysis

Station\model CLIG CLIM LARS RSIM WMAN

SFO 0 0 0 6 0

LAX 0 0 0 3 1

SBM 0 0 0 3 0

SYD 5 0 2 2 0

BRB 3 0 1 4 1

NEW 2 1 1 2 0

HAN 1 0 1 5 1

HAI 2 1 0 4 1

HOA 4 2 3 2 2
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statistics (Fig. 8a) but are not as good as the skewed normal

distribution CLIG for ‘SD’, skewness and kurtosis. The

GNSRP model, RSIM, on the other hand performed well at

reproducing mean value for all stations, but it slightly

underestimates the ‘SD’ and poses bias in skewness and

kurtosis statistics for all the stations. Over eastern Aus-

tralia, the semi-empirical distribution LARS is able to

preserve the wet day intensity statistics at all locations

followed by the skewed normal distribution CLIG. The

pattern is slightly different for northern Vietnam, given that

the hyper-exponential distribution used in WMAN seems

to be the best for Hanoi but it performed poorly for other

two stations Hai Duong and Hoa Binh.

In summary, the semi-empirical LARS performed con-

sistently for all the stations in terms of precipitation amount

on wet days, even though it slightly fails to reproduce the

mean values. WMAN and CLIM are good at simulating

mean statistics but performed poorly for skewness and

kurtosis, especially for the wet stations. Whereas, CLIG

model simulated mean, ‘SD’ and skewness for all stations

with a reasonable accuracy.

4.3.2 Monthly mean wet day intensity

The annual cycle of monthly mean wet day intensity is an

important analysis as it evaluates the ability of SWG’s to

capture the rainfall intensity on wet days as well as the

inter-annual variability in reproducing peak to peak

monthly rainfall. For example, there are two peaks (Jun and

Sep months) of rainfall for stations Hanoi and Hoa Binh

located in northern Vietnam; whereas three peaks (Mar,

Jun, Aug) observed for Sydney. All the models were able

to mimic the patterns of monthly rainfall intensity for USA

and Vietnam stations. However, there is some mismatch

for eastern Australia as the rainfall patterns are chaotic.

The wet day precipitation intensity for all SWG models is

analyzed and displayed in Fig. 9 and the NSE values are

provided in Table S8. Overall, CLIM and WMAN are the

best models in generating annual cycle pattern of rainfall

intensity for all nine stations at different climate regions. It

is to be noted that even for eastern Australia, CLIM and

WMAN able to reproduce the dynamics of wet day

intensity patterns. LARS and RSIM overestimated the

mean wet day intensity at most of the rainfall stations;

while CLIG did not perform well for eastern Australian and

northern Vietnam stations.

4.3.3 Distributions of precipitation wet day intensity

This section c wet day intensity based on OBS and SWG

models for all the 12 months in a year. For each month, the

Kolmogorov–Smirnov test (KS-test) was applied between

Fig. 6 Annual cycle of wet spells for nine selected stations located in three climate regions: a1 SFO, a2 SBM, a3 LAX; b1 SYD, b2 BRB, b3
NEW; c1 HAN, c2 HAI, c3 HOA
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OBS and SWG models for the wet day precipitation

amount. In this study, we use the threshold of 0.1 mm for

the western USA region and 1 mm for the eastern Aus-

tralian and the northern Vietnam stations.

The KS test was applied to SWG models for each

month, and the total H value for each SWG for 12 months

are tabulated in Table 5. Because the H = 1 indicates the

rejection of null hypothesis (i.e., two datasets do not rep-

resent the same population), therefore the cumulative lower

H value will represent better model. It can be seen that

WMAN is the best SWG model for western USA followed

by CLIM, with the least number of months that does not

have the same population. On the other hand, CLIG and

RSIM performed poorly with the maximum number of

months that do not have a similar distribution as OBS.

These high numbers of months rejecting the null hypoth-

esis of KS test (Table 5) are quite similar to Chen and

Brissette (2014) when using the low threshold to define the

wet days. In their study, Chen and Brissette (2014) rejected

the null hypothesis for all 54 stations in Loess Plateau

based on KS-test and they suggested it may be due to the

large sample size (with lower threshold).

We further examined the KS-test by increasing the

threshold for the western United States to 2 mm/day and

the eastern Australia (northern Vietnam) to 5 mm/day. The

numbers of months that reject null hypothesis reduce sig-

nificantly as tabulated in Table 6. LARS is the best model

with zero months rejecting the null hypothesis for all the

stations. WMAN is the next best model with better per-

formance over the western USA and eastern Australia.

CLIM is a good model for the western USA and eastern

Australia but a large number of months rejecting the KS-

test for northern Vietnam stations.

4.3.4 Quantile plots of precipitation wet day intensity

to assess high tail distribution

Quantile–Quantile plots (Q–Q plots) for wet day rainfall

intensity for all the nine stations (Fig. 10) based on the

threshold of 80th, 95th and 99th percentiles of the OBS.

The thresholds are set at the minimum of the 80th per-

centile to assess the high tail distribution (extreme high

rainfall induced flooding). As displayed in Fig. 10, all

models are able to reproduce the high tail distribution of

rainfall for all the stations up to the 95th percentile. The

Mean Absolute Error (MAE) between SWG models and

OBS are computed for the 95th percentile values and tab-

ulated in Table S9. However, bias exists in the distribution

Fig. 7 Annual cycle of dry spell for nine selected stations located in three climate regions: a1 SFO, a2 SBM, a3 LAX; b1 SYD, b2 BRB, b3
NEW; c1 HAN, c2 HAI, c3 HOA
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at and above the 99th percentile. One important observa-

tion is that for western USA stations (Fig. 10a1, b1, c1), all

the models overestimated the high tail at 99th percentile

compared to OBS. Among all the models, CLIG (skew

normal distribution) is the best model to reproduce the high

tail distribution above the 99th percentile. LARS, with the

semi-empirical distribution process, is consistently over-

estimating the OBS for all the stations while WMAN and

CLIM underestimate OBS. WMAN with hyper-exponential

distribution for precipitation amount is not as good as

CLIG model. CLIM (modeled by Weibull distribution)

model is good for northern Vietnam stations but is not good

for eastern Australia.

4.4 Discussion: performances of SWG models

in three climate type

Based on our analyses using statistics and distribution of

precipitation occurrence, wet/dry spell and precipitation on

wet day intensity, we summarized our findings in Table 7

based on different SWG models at all three climatic

regions. In Table 7, each SWG model is ranked from one

to five with the value one is the highest rank (best per-

formance) based on the statistical test. It is possible that

more than one SWG model may have the same rank. The

‘‘Overall performance’’ is computed by summation of all

the ranks for each region. Thus, the SWG model that has

smallest total points is the best model to be used for that

area. Based on overall performance points, it was observed

that CLIMGEN is the best model that is recommended to

be used for all climatic regions, followed by WMAN.

LARS model ranks third and the last rank is shared

between CLIG and RSIM. The two states second order

Markov chain model coupled in CLIM and WMAN proves

to be the best approach to generate precipitation occur-

rence. In comparison between three climatic regions,

western USA has the best rank, since this is a rather dry

area with less variability of precipitation. The SWG models

are therefore able to better preserve the synthetic precipi-

tation statistics for dry compared to the wet region.

Although our findings are preliminary in nature, how-

ever, in order to generalize the performance of SWG’s in a

Fig. 8 Scatter plots for wet day

intensity statistics for nine

stations located in three climatic

regions: a mean, b SD,

c skewness and d kurtosis
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given climate type, it is recommended that more number of

stations needs to be evaluated in future studies.

5 Conclusions

The performances of the five stochastic weather generator

models are evaluated and compared at three diverse cli-

matic stations. The comparisons between these models

were evaluated based on the precipitation occurrence, wet/

dry spell lengths and rainfall intensity on wet days. Fol-

lowing conclusions can be drawn from this study:

1. In terms of precipitation occurrence, the majority of

models (especially two states second order Markov

chain: CLIM, WMAN and semi-empirical LARS) are

Fig. 9 Annual cycle of wet day intensity for nine stations over the three climatic regions: a1 SFO, a2 SBM, a3 LAX; b1 SYD, b2 BRB, b3
NEW; c1 HAN, c2 HAI, c3 HOA

Table 5 Number of months per year that rejects the Kolmogorov–

Smirnov at significant level of p value = 0.05 for precipitation wet

day intensity analysis

Station\model CLIG CLIM LARS RSIM WMAN

SFO 7 2 7 5 0

LAX 8 1 2 5 0

SBM 5 0 2 3 0

SYD 7 8 0 7 2

BRB 10 9 2 7 0

NEW 9 7 2 4 3

HAN 10 6 3 6 2

HAI 8 5 3 7 2

HOA 9 4 2 6 1

Table 6 Number of months per year that rejects the Kolmogorov–

Smirnov at significant level of p value = 0.05 for precipitation wet

day intensity analysis

Station\model CLIG CLIM LARS RSIM WMAN

SFO 2 2 0 2 0

LAX 3 1 0 0 0

SBM 2 0 0 0 0

SYD 1 1 0 2 0

BRB 4 1 0 3 0

NEW 1 1 0 2 1

HAN 1 6 0 3 2

HAI 2 5 0 5 1

HOA 2 1 0 5 2

The wet day intensity threshold is increased to 2 mm/day (western

USA) and 5 mm/day (eastern Australia and northern Vietnam)
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able to capture the mean number of wet/dry days at all

the nine stations located over three climatic regions.

By analyzing monthly climatology, all the models can

capture the temporal pattern of monthly rainfall

occurrence with ‘U-shape’ for San Diego, ‘A shape’

for Hanoi and ‘oscillating pattern’ for Sydney. The

second order Markov chain is comparatively better

than the first order and others in generating precipita-

tion occurrence at all three climatic regions. The semi-

empirical based LARS is the next best model in

generating wet day frequency.

2. Temporal Poisson based RSIM model performed well

in reproducing wet/dry spell lengths in comparison to

other models for eastern Australia and northern

Vietnam stations. Considering LARS as a semi-

empirical distribution, it is flexible in fitting the

distribution over wet and dry spells; but it has some

drawbacks in reproducing statistics of wet spells.

However, for the stations located in a dry climate (i.e.,

western USA), Markov chains and semi-empirical

model are the best models. It might be inferred that

RSIM is not a good model for dry climate stations. In

general, all models are able to generate good precip-

itation occurrence as well as a wet/dry spell for the

western USA.

3. All the models performed well in terms of wet day

intensity statistics for the eastern Australia and the

northern Vietnam. LARS model seems to be the best

for generating precipitation intensity distribution for

the eastern Australia and the northern Vietnam while

WMAN is the best one for the western USA. From

quantile–quantile plots, RSIM model performs well in

Fig. 10 Quantile–quantile plots for wet day intensity at 80, 95 and 99% percentile. a1 SFO, a2 SBM, a3 LAX; b1 SYD, b2 BRB, b3 NEW; c1
HAN, c2 HAI, c3 HOA
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capturing extreme values and it is in agreement with

Burton et al. (2008) that RSIM model matches well

with annual extreme.

4. All the stochastic weather generators model performed

differently with respect to different climatic regimes.

Depending on flood, drought or crop modeling pur-

poses, each type of stochastic model might have a

Table 7 Ranking of SWG models based on their performance at nine rainfall stations located in three different climatic regions

Regions Rainfall characteristics CLIG CLIM LARS RSIM WMAN

Western USA Statistics (mean, SD) wet day frequency 1 1 1 2 2

Monthly mean climatology wet day frequency 1 1 2 2 1

Statistics (mean, SD, ratio, max) wet spell 1 1 2 3 1

Statistics (mean, SD, ratio, max) dry spell 1 2 1 4 3

Distribution of wet spell (Wilcoxon) 1 2 3 4 2

Distribution of dry spell (Wilcoxon) 1 1 1 3 2

Monthly mean climatology wet spell 1 1 1 2 1

Monthly mean climatology dry spell 1 1 1 3 2

Statistics (mean, SD, skew, kurtosis) wet day intensity 2 1 1 2 2

Monthly mean climatology wet day intensity 1 1 2 3 1

Distribution of wet day intensity, threshold = 0.1 mm/d 5 2 4 3 1

Distribution of wet day intensity, threshold = 2 mm/d 4 2 1 3 1

95% percentile of precipitation magnitude 3 1 4 5 2

Overall performance 23 17 24 39 21

Eastern Australia Statistics (mean, SD) wet day frequency 4 1 2 3 1

Monthly mean climatology wet day frequency 2 1 2 2 1

Statistics (mean, SD, ratio, max) wet spell 3 2 4 1 3

Statistics (mean, SD, ratio, max) dry spell 1 2 1 1 2

Distribution of wet spell (Wilcoxon) 4 1 5 3 2

Distribution of dry spell (Wilcoxon) 4 1 2 3 1

Monthly mean climatology wet spell 3 1 3 2 2

Monthly mean climatology dry spell 2 1 1 3 4

Statistics (mean, SD, skew, kurtosis) wet day intensity 2 4 1 3 3

Monthly mean climatology wet day intensity 4 1 2 3 1

Distribution of wet day intensity, threshold = 1 mm/d 5 4 1 3 2

Distribution of wet day intensity, threshold = 5 mm/d 4 3 1 5 2

95% percentile of precipitation magnitude 1 2 3 2 1

Overall performance 39 24 28 34 25

Northern Vietnam Statistics (mean, SD) wet day frequency 3 1 2 3 1

Monthly mean climatology wet day frequency 3 1 2 3 1

Statistics (mean, SD, ratio, max) wet spell 2 1 4 1 3

Statistics (mean, SD, ratio, max) dry spell 2 3 1 1 4

Distribution of wet spell (Wilcoxon) 3 1 4 1 2

Distribution of dry spell (Wilcoxon) 3 1 2 4 2

Monthly mean climatology wet spell 4 1 4 2 3

Monthly mean climatology dry spell 1 1 1 2 3

Statistics (mean, SD, skew, kurtosis) wet day intensity 1 1 1 2 2

Monthly mean climatology wet day intensity 3 1 2 4 1

Distribution of wet day intensity, threshold = 1 mm/day 5 3 2 4 1

Distribution of wet day intensity, threshold = 5 mm/day 3 4 1 4 2

95% percentile of precipitation magnitude 1 2 4 5 3

Overall performance 34 21 30 36 28
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better fit to a certain type of impact. Based on the

statistical tests using the distribution of precipitation

occurrence, the wet/dry spell and wet day intensity, it

was observed that CLIM is the best model in

preserving the observation statistics and it is followed

by WMAN and LARS.
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