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Abstract: Recent years have seen a surge in assessment of potential impacts of climate change. As one of the most important
tools for generating synthetic hydrological model inputs, weather generators have played an important role in climate change
impact analysis of water management. However, most weather generators like statistical downscaling model (SDSM) and long
Ashton research station weather generator (LARS-WG) are designed for single site data generation. Considering the significance
of spatial correlations of hydro-meteorological data, multi-site weather data generation becomes a necessity. In this study we aim to
evaluate the performance of a new multi-site stochastic model, geo-spatial temporal weather generator (GiST), in simulating
precipitation in the Qiantang River Basin, East China. The correlation matrix, precipitation amount and occurrence of observed
and GiST-generated data are first compared for the evaluation process. Then we use the GiST model combined with the change
factor method (CFM) to investigate future changes of precipitation (2071–2100) in the study area using one global climate model,
Hadgem2_ES, and an extreme emission scenario RCP 8.5. The final results show that the simulated precipitation amount and
occurrence by GiST matched their historical counterparts reasonably. The correlation coefficients between simulated and historical precipitations show good consistence as well. Compared with the baseline period (1961–1990), precipitation in the future
time period (2071–2100) at high elevation stations will probably increase while at other stations decreases will occur. This study
implies potential application of the GiST stochastic model in investigating the impact of climate change on hydrology and water
resources.
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1 Introduction
Global warming caused by increasing greenhouse
gas emissions has become evident. Global average
surface temperature increased 0.74 °C during the period of 100 years from 1906 to 2005 and global average precipitation increased 2% within the same
period (Ju et al., 2013). Because of its heavy dependence on agriculture, rapid development of its
economy, and urbanization, China is very sensitive to
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climate change. As a result, assessment of the impact
of climate change will play an important role in
making robust decisions. Many researchers have
worked on investigating the impact of climate change
on hydrology or water resources in China (Zhai et al.,
2005; Wang et al., 2012; Xu et al., 2013).
General circulation models (GCMs) are common
tools for projecting future climate chang, but there are
scale gaps between the outputs of GCMs and basinscale meteorological data. Much work has therefore
been done to develop various downscaling approaches
(Wilby and Wigley, 1997; Fowler et al., 2007; Salvi et
al., 2013). Dynamic downscaling and statistical
downscaling are two main approaches for downscaling
GCMs outputs to basin or site scale data. Dynamic
downscaling preserves spatial correlation as well as
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physically plausible relationships between variables,
but it is often computationally intensive (Xu et al.,
2012). Statistical downscaling approaches, including
regression-based methods (Schoof and Pryor, 2001),
weather classification methods (Khan et al., 2006), and
stochastic weather generators (Semenov and Barrow,
1997), have been developed to simulate quantitative
relationships between large-scale atmospheric variables and local surface variables. Weather generators,
one of the statistical downscaling approaches, can
create synthetic daily weather data for a long period
of time and are important tools for creating synthetic
inputs for hydrological models.
Nowadays, weather generators play an important
role in analysis of the impact of climate change (Semenov and Barrow, 1997; Kilsby et al., 2007). There
are some well-known weather generators like long
Ashton research station weather generator (LARSWG) (Racsko et al., 1991), climate generator (CLIGEN) (Nicks and Gander, 1994), and statistical
downscaling model (SDSM) (Wilby and Dawson,
2013). They all have advantages, but are single-site
based. When hydrological models need multi-site
inputs, or spatial correlation is important for hydrologic simulation, a multi-site weather generator is a
necessity. Several multi-site weather simulation
methods have been developed. Wilks (1998) was the
first to present a method that reproduced the main
statistics of multi-site precipitation data. Wilks
(1998)’s approach drives the stochastic weather generator with serially independent and spatially correlated random numbers. The correlation matrices of
both precipitation occurrence and amounts are used in
this method to generate precipitation data (Brissette et
al., 2007). The main defect of this method is that the
correlations of simulated synthetic data are often
weaker than the observed counterpart. A multi-site
hidden Markov Chain model is one of the leading
methods for generating synthetic precipitation data
with spatial correlations. The climate is divided into
two states in this model (wet or dry) and the persistence
of a state is decided by transition probability (Thyer
and Kuczera, 2003). The multi-site precipitation occurrence is decided by the weather state and the precipitation amount is based on both exogenous predictors and weather states. However, this model has a
quite complicated process to calibrate the parameter
and it is hard to evaluate its accuracy. Alternatively

the spatial moving average process approach (Khalili
et al., 2007), the K-nearest-neighbor (Mehrotra et al.,
2006) approach, and the Schaake Shuffle approach
(Clark et al., 2004) are often used in weather generation. All of the above methods have their own advantages and disadvantages. Their processes are
normally very complex and hard to implement.
In this paper, a relatively new method, geospatial temporal weather generator (GiST) stochastic
model is used to generate synthetic weather data and
its performance is evaluated in the Qiantang River
Basin, East China. The GiST model was developed by
Baigorria and Jones (2010). It can not only reproduce
synthetic precipitation data with appropriate temporal
and spatial structure of observed precipitation but also
is easy to implement. The GiST model is then combined with the change factor method (CFM) to downscale precipitation from one GCM model,
Hadgem2_ES, and one emission scenario, RCP 8.5, to
demonstrate the usefulness of the GiST model.

2 Data and methods
2.1 Study area
The Qiantang River Basin, located in the east of
China, covers an area of 55 600 km2, including
48 000 km2 in Zhejiang Province. The catchment lies
between longitudes 117°E and 122°E and latitudes
28°N and 31°N. The main stream, the Qiantang River,
with a length of 688 km, is the longest river in
Zhejiang Province. The river runs out of Xiuning in
Anhui Province and empties into the Donghai Sea
through Hangzhou Bay. Most of the basin is dominated by a sub-tropical humid monsoon climate. The
mean annual precipitation in the Qiangtang River
Basin is close to 1600 mm, and the mean annual
temperature is 17 °C (Xu et al., 2012). Fig. 1 shows
the location of the study area and the meteorological
stations of the sub-basins. Table 1 shows details of
relevant meteorological stations.
2.2 Multi-site weather generator and change factor method (CFM)
2.2.1 Multi-site weather generator
GiST, a stochastic model developed by Baigorria and Jones (2010), is used to generate spatially and
temporally correlated daily weather data in this study.
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tially and temporally correlated precipitation occurrences, including resampling, iteratively ordering the
total block of daily generated values in a month for
the two most associated locations and using the
two-state orthogonal Markov transitional probabilities to generate precipitation occurrences for the other
locations (Baigorria and Jones, 2010).
The generation of precipitation amounts is calculated at the point where precipitation occurs. The
equation for generation of precipitation amounts is
given as follows (Baigorria and Jones, 2010):
Fig. 1 Location of the study area and meteorological
stations used in the study
Table 1 Information on the stations in the Qiantang
River Basin from 1961 to 1990
Station
Hangzhou
Huangshan
Jinhua
Quzhou
Shengxian
Tianmushan
Tunxi

Longitude (°E)
120°10′
118°09′
119°39′
118°54′
120°49′
119°25′
118°17′

Latitude (°N)
30°14′
30°08′
29°07′
29°00′
29°36′
30°21′
29°43′
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*
indicates a vector of spatially correlated
where rgam

random numbers following a Gamma distribution,
and α and β are shape and scale parameters of the
gamma function (Г).
2.2.2 Change factor method (CFM)

The main difference between GiST and other traditional weather generators is that the spatial structure
of the weather data is considered. The spatial structure is represented by Pearson’s correlation (ρij) which
is calculated by
(
1

*
Rm  rgam
 m ln   ( m )  ,

(1)

where η represents the total number of pair-wise daily
observations, χi and χj represent the pair-wise observations on day t for locations i and j, μi and μj represent the mean of daily values for locations i and j,
respectively, and σi and σj represent the standard deviations of daily observations.
Two steps are included to generate precipitation
occurrences in the GiST model. The first step is to
calculate parameters and initial conditions, including
Pearson’s correlation matrix, the Euclidean Ncorrelation distance, two-state orthogonal Markov
transitional probabilities, and the spatially correlated
total number of monthly precipitation occurrences at
each location. The second step is to generate the spa-

The CFM, or delta change factor method, is
combined with GiST to obtain climate change projections in the future period 2071–2100 and to
evaluate the future performance of GiST. CFM is a
very common method for estimating climate change
(Anandhi et al., 2011). Although more complicated
methods exist, CFM is still widely applied in many
studies.
In most conditions, CFMs are categorized by a
temporal scale, mathematical formulation, and number of change factors. For a temporal scale, it means
that the method can be classified by time scales, e.g.,
daily, monthly, seasonally, and yearly. Higher frequency usually gives results of lower reliability. In
this study, the monthly scale is adopted. There are two
forms of mathematical formulations of CFM, additive
and multiplicative. Different mathematical formulations are used for different variables. For example,
additive change factor (CF) is often used for temperature and multiplicative CF is often used for precipitation (Anandhi et al., 2011). Multiplicative is
also used for standard deviation of temperature.
In this study, the following equation is used to
calculate the CFs of precipitation:
CFmul =

GCM f
GCM b

,

(3)
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where GCM b and GCM f represent the mean values
of GCM outputs from the baseline and for future
periods, respectively, which can be calculated by
Nb

GCM b =

GCM

i 1

bi

Nb

,

(4)

,

(5)

For evaluation purposes, one extreme emission
scenario RCP 8.5 is used in this study for illustration.
The RCP 8.5 scenario describes a future world of the
largest population, a low technology innovation rate,
slow energy development, more emissions, and absence of a policy of adaptation to climate change. Its
radiative forcing can be found in Table 2.

Nf

Nf

fi

where Nb and Nf are the numbers of values during the
baseline period and the future period, respectively.
To obtain climate change projections for the future period 2071–2100, the parameters of the GiST
are then adjusted using CFs calculated by Eq. (3).
Details of adjustments can be found in (Qian et al.,
2005).
2.3 Future climate change scenario and GCM

The newest representative concentration pathways (RCPs) emission scenarios are used in this study.
Each RCP is named after the level of radiative forcing,
or overall warming power of human activities, expected in 2100. Table 2 shows the details of four RCPs.
Table 2 Information of four RCPs
CO2 concentration
Radiative force in
RCP
in 2100
2100 (W/m2)
RCP 2.6
3.0
490×10−6
RCP 4.5
4.5
650×10−6
RCP 6.0
6.0
850×10−6
RCP 8.5
8.5
1370×10−6

Future climate data come from one of the coupled model intercomparison project phase 5 (CMIP5)
models, Hadgem2-ES. Hadgem2-ES is short for the
Hadley Centre Global Environmental Model, version
2, with an added Earth-system component. It represents more physical elements of the climate than air,
sunlight, and water. Hadgem2-ES has a grid of 192
evenly spaced points from east to west and 144
evenly spaced points from north to south. A box
defined by about 1° of latitude and 1° of longitude
represents an area of 100 km by 200 km. The atmosphere is divided into 38 unequal levels and the
level near the land and ocean surface is about 20 m
deep (Jones et al., 2011).

3 Results
3.1 Evaluation results of multi-site weather
generator

To evaluate the performance of the GiST model in
the Qiantang River Basin, Pearson’s correlations, the
precipitation amount and the occurrence of observed
and GiST-generated data are computed. Pearson’s
correlation is introduced in this study to represent the
spatial correlations among multi-site in the Basin.
Fig. 2 shows Pearson’s correlations of observed and
generated daily and monthly precipitation (1961–
1990) among all pairs of locations in the baseline
period (1961–1990). The solid line is the 45° line.
Fig. 2a shows that for daily precipitation, the correlations are underestimated. For monthly precipitation
Genarated Pearson’s correlation

i 1

Genarated Pearson’s correlation

GCM f =

 GCM

1.0
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Fig. 2 Pearson’s correlations of daily precipitation (a)
and monthly precipitation (b) in the baseline period
(1961–1990)
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(Fig. 2b), for most stations, Pearson’s correlations of
generated data are close to those of the observed data.
This underlines the fact that GiST reproduces the
spatial correlations for the given region well on a
monthly scale. On a daily scale, although underestimated, the correlations are still reasonably simulated.
Fig. 3 shows the observed and generated annual
precipitation amounts in the baseline period. From
Fig. 3, it can be concluded that at Shengxian, Tianmushan and Tunxi, the annual precipitation amounts
are very well simulated, with all errors smaller than
5% while at Hangzhou, Huangshan, and Jinhua the
precipitation amounts are underestimated and less
well simulated, with the largest error at Hangzhou.
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Fig. 4 Comparison of observed and generated
monthly precipitation amounts in the baseline
period (1961–1990) at Hangzhou (a), Huangshan (b), Jinhua (c), Quzhou (d), Shengxian (e),
Tianmushan (f), and Tunxi (g)
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results may imply that the Gamma distribution fails
to model the precipitation amounts at these three
stations. In general, it can be concluded that the
precipitation amounts at these stations are slightly
underestimated.
Fig. 5 shows the comparison between observed
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Quzhou, Shengxian, Tianmushan, and Tunxi are
well simulated. Precipitation amounts are slightly
underestimated only in summer. At Hangzhou,
Huangshan and Jinhua stations, however, the precipitation amounts are less well simulated. Particularly at Hangzhou, large errors can be found. Such
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Fig. 5 Comparison of simulated and observed monthly precipitation occurrences at
Hangzhou (a), Huangshan (b), Jinhua (c),
Quzhou (d), Shengxian (e), Tianmushan (f),
and Tunxi (g)
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and generated monthly precipitation occurrences in
the baseline period. It can be observed that the
monthly precipitation occurrences are well simulated
at stations Huangshan, Jinhua, and Shengxian. At the
other stations, the occurrences are also reasonably
simulated except at Hangzhou in winter. At all stations, the precipitation occurrences are slightly
underestimated.
Compared with precipitation occurrences, the
simulation of precipitation amounts is better using the
GiST model.

correlations on a monthly scale are somewhat underestimated in the future period. The changes of
monthly spatial correlations are mainly caused by the
CFM which is implemented on a monthly scale.
Fig. 7 shows the annual precipitation amounts in
the baseline period (generated) and the future period.
It is found that there are slight increases at Quzhou,
Tianmushan, and Tunxi and decreases at Hangzhou,
Huangshan, Jinhua, and Shengxian. However, such
changes are not significant. The largest decrease occurs at Hangzhou, reaching 11%.

Future generated Pearson’s correlation

Future precipitation from one GCM Hadgem2ES and one emission scenario RCP 8.5 is downscaled
using the GiST stochastic model combined with the
CFM. Fig. 6 shows Pearson’s correlations of the
baseline generated and future generated daily and
monthly precipitation among all pairs of locations. It
can be found that the Pearson’s correlations are well
preserved on a daily scale. However, the
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Fig. 7 Future and baseline generated annual precipitation amounts
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3.2 Future precipitation in 2071–2100
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(b)

Fig. 6 Pearson’s correlations of daily precipitation (a) and
monthly precipitation (b) in the future period

Fig. 8 shows the comparison of baseline and
future generated monthly precipitation amounts. It
can be found that, except at Hangzhou, the changes in
monthly precipitation amounts are relatively small.
At Hangzhou, large changes can be found in May and
September. Slight decreases of precipitation can be
found at Huangshan, Jinhua and Shengxian. Increases
can be found at Quzhou, Tianmushan and Tunxi.
Fig. 9 (p.227) shows the comparison of baseline
and future generated precipitation occurrences at
seven stations. It is found that, compared to the baseline period, the precipitation occurrences at all stations
remain more or less stable. This indicates that the
downscaling approach (GiST combined with the
change factor model) preserves the precipitation occurrences very well. This is understandable since the
CFM was used on a monthly scale and only affected
the precipitation amounts at seven stations.
To check more closely the future changes of
precipitation in 2071–2100, Fig. 10 (p.228) shows the
relative changes of monthly precipitation for Hadgem2_
ES under RCP 8.5 at seven stations. Fig. 10 shows
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4 Conclusions and discussion

The main purpose of this paper is to evaluate the
performance of a new multi-site weather generator
GiST in the Qiantang River Basin, East China.
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more clearly than Fig. 8 that the monthly precipitations decrease in most months at Hangzhou, Huangshan, Jinhua, and Shengxian. The largest decrease can
be found at Hangzhou in May and approaches 30%.
The decreases at the other three stations are much
smaller than at Hangzhou. Most decreases are up to
12%. At Quzhou, Tianmushan and Tunxi, increases
can be found in many months, particularly in March,
the increases are up to 20% at Tunxi. From this figure,
it implies that stations in relatively high elevations
like Tunxi and Tianmushan often experience increases in precipitation while stations in plains often
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still be found. The results of this study can be used for
hydrological modeling or providing implications for
water resources management and extreme event risk
assessment. This study also illustrates the potential of
GiST applied to investigation of the impact of climate
change on hydrology and water resources.
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Future changes in precipitation under RCP 8.5 and
Hadgem2_ES for the future period 2071–2100 are
also projected to illustrate the usefulness of the
multi-site weather generator. The spatial structure of
weather information for the given region was considered in this study. The final results indicate that the
multi-site weather generator can model the spatial
correlations of precipitation appropriately although
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Fig. 9 Comparison of baseline and future
generated precipitation occurrences at
Hangzhou (a), Huangshan (b), Jinhua (c),
Quzhou (d), Shengxian (e), Tianmushan (f),
and Tunxi (g)
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At some stations like Hangzhou, the GiST multisite weather generator is found to underestimate the
monthly precipitation amount. This is probably because
the Gamma distribution adopted in the multi-site
weather generator may fail to model the precipitation
amount at Hanghzou. It is therefore proposed that a
more reasonable probability distribution be adopted
to further improve the accuracy of generated precipitation by GiST model. Moreover, the number of
stations used in the orthogonal Markov chains may

affect the final results although this is probably constrained by the number of parallel observations at all
stations.
Only one GCM and one emission scenario were
used in this study to obtain future precipitation projections in 2071–2100 for illustration of the usefulness of the multi-site weather generator. It must be
kept in mind that the results based on a single GCM
and emission scenario are full of uncertainty. The
uncertainty in impact analysis of climate change often
15
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originates from GCM structures, emission scenarios,
downscaling approaches, and impact analysis models
(Wilby and Harris, 2006; Teng et al., 2012; Xu et al.,
2013). A formal uncertainty analysis is therefore
necessary before climate change impact analysis results are finally used in water management.
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中文概要：
本文题目：多站天气发生器在中国东部钱塘江流域降雨模拟的评估
Evaluation of a multi-site weather generator in simulating precipitation in the Qiantang River
Basin, East China
研究目的：以空间相关系数、降雨量和降雨次数为指标，利用实测的气象数据，评估一个新的多站天气
发生器 GiST 在中国东部钱塘江流域模拟降雨的性能。在此基础上，结合全球气候模式
Hadgem2-ES，分析在浓度路径 RCP 8.5 下 GiST 模拟 2071–2100 年的降雨情况。
创新要点：通过评估一个新的多站发生器在模拟降雨方面的性能，以此来提高未来气候情景预测的精度。
研究方法：用多站天气发生器和变化因子方法，重点结合 CMIP5 中的 Hadgem2-ES 模型，模拟钱塘江流
域七个站点的基准期以及未来预测期降雨量和空间相关性，并作出评估。
重要结论：多站天气发生器 GiST 能很好地模拟钱塘江流域的降雨以及其空间相关性。该工具有潜力作
为水资源管理，极端事件分析，政府决策、水文模型以及气候变化研究的工具。
关键词组：多站天气发生器；全球气候模式；降雨模拟

