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Risk analysis of rich–poor rainfall encounter in inter-basin
water transfer projects based on Bayesian networks
Kang Ling and He Xiaocong

ABSTRACT
An inter-basin water transfer project is one of the effective ways to resolve the problem of an uneven
distribution of water resources. Temporal and spatial variations in rainfall in different basins greatly
affect water supply and demand in inter-basin water transfer projects, leading to risks to the
operation of the water transfer projects. This paper applies a Bayesian network model to analyze this
risk and studies the rich–poor rainfall encounter risk between a water source area and water
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receiving areas in the middle route of the South-to-North Water Transfer Project in China. Real time
scenario simulations with the input of new observations were also studied. The results show that the
rich–poor rainfall encounter risk is high for the Tangbai River receiving area in the fourth quarter, for
the Huai River and South of Hai River receiving area in the second quarter, and for the North of the
Hai River receiving area in the fourth and ﬁrst quarters. The scenario simulations reﬂect risk change
in the operation of water transfer projects, providing scientiﬁc decision support for the management
of the water resource distribution in the inter-basin water transfer projects.
Key words
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South-to-North Water Transfer Project

INTRODUCTION
Inter-basin water transfer projects are large-scale hydraulic

the risk and consequence of a water transfer project for ani-

projects designed to reasonably distribute water resources,

mals and plants living in the Missouri River and Red River

improve the population’s living environment and boost

basins. Matete & Hassan (, ) studied the ecological

economic development. There are many long-distance

effects of the Lesotho Highlands Water Project. Gupta &

inter-basin water transfer projects around the world, such

van der Zaag () researched economic, social and

as the West to East Water Transfer Project in Pakistan

environmental risks of an inter-basin water transfer project.

(Sarwar et al. ), the Lesotho Highlands Water Project

However, the rich–poor rainfall encounter risk resulting

in Lesotho and South Africa, the National River-Linking

from temporal and spatial variations in rainfall in different

Project in India (Jain et al. ), and Snowy Mountains

basins is one of the main risks faced by inter-basin water

Scheme in Australia (Pinto et al. ). To address the

transfer projects (Zhu et al. ). If the water source area

water shortage in the north of China, that country has

experiences rich rainfall, the water resource is abundant

been developing the middle route of the South-to-North

and the operation of a water transfer project will involve

Water Transfer Project, which crosses four river basins in

low risk. However, when the water source area and water

China, namely the Yangtze River, Huang River (Yellow

receiving areas experience poor rainfall at the same time,

River), Huai River and Hai River basins.

the operation of a water transfer project faces high risks

An inter-basin water transfer project is an effective way to

because of the imbalance of water supply and demand,

address an uneven distribution of water resources, although

and actions should be taken to mitigate the risk loss. It

it is accompanied by many risks. Bharati et al. () analyzed

is therefore essential to quantify the risk resulting from a

doi: 10.2166/ws.2011.067

Downloaded from http://iwaponline.com/ws/article-pdf/11/4/451/416560/451.pdf
by guest

452

K. Ling & H. Xiaocong

|

Risk analysis of rich–poor rainfall encounter

rich–poor rainfall encounter between the water source area

Water Science & Technology: Water Supply

|

11.4

|

2011

on A is

and water receiving area in water transfer projects.
Commonly used risk analysis methods involve direct
integration, Monte-Carlo simulation, analytic hierarchy

PðBjAÞ ¼

PðA ∩ BÞ
PðAÞ

ð1Þ

processing, fuzzy comprehensive evaluation, the maximum
entropy principle and Bayesian networks (Sonnemann

and total probability formula is

et al. ). All other methods calculate risk only from
prior probability, while a Bayesian network is a risk analysis

PðBÞ ¼

n
X

PðBjAi ÞPðAi Þ

ði ¼ 1; 2; . . .; nÞ:

ð2Þ

i¼1

method based on Bayesian conditional probability. It not
only calculates risk from prior information, but also realizes
network reasoning using posterior information, and presents

Figure 1 illustrates the risk analysis structure of the Baye-

risk changes visually and intelligently (Trucco et al. ).

sian network in analyzing rich–poor rainfall encounter risks

There is therefore an advantage in using a Bayesian network

in inter-basin water transfer projects, with the parameters

to analyze the rich–poor rainfall encounter risk in inter-

required for network reasoning listed next to the nodes.

basin water transfer projects.
This paper develops a risk analysis model based on a
Bayesian network to analyze the rich–poor rainfall encounter risks of the middle route of the South-to-North Water

P(atþ1,j) and P(btþ1,n) are calculated by the network
automatically as:
Pðatþ1;j Þ ¼

Pðatþ1;j jat;i ÞPðat;i Þ;

ð3Þ

i¼1

Transfer Project in China. The paper ﬁrst explains the necessity of analyzing this kind of risk. A Bayesian network risk

Ni
X

Pðbtþ1;n Þ ¼

analysis model is then employed to assess the rich–poor

Nm
X

Pðbtþ1;n jbt;m ÞPðbt;m Þ:

ð4Þ

m¼1

rainfall encounter risk in the middle route of the South-toNorth Water Transfer Project. In the last section, concluding
remarks are given.

The results of risk evaluation are the probability of RISK(t)
and RISK(t þ 1):
Pðct;k Þ ¼

Pðct;k jat;i ; bt;m ÞPðat;i ÞPðbt;m Þ;

ð5Þ

i¼1 m¼1

BAYESIAN NETWORKS
The Bayesian network approach presented here is a compre-

Ni X
Nm
X

Pðctþ1;k Þ ¼

Nj Nn
X
X

Pðctþ1;k jatþ1;j ; btþ1;n ÞPðatþ1;j ÞPðbtþ1;n Þ:

j¼1 n¼1

ð6Þ

hensive method based on Bayes probability theorem and
graph theory (Baldi & Rosen-Zvi ; Castelletti &
Soncini-Sessa ). It is a directed acyclic graph with

By building a Bayesian network and integrating with its

network structure. Nodes represent risk factors in risk analy-

reasoning function, it is an easy task to reason from

sis (Funahashi ). The probability relationship between
risk factors is represented by a directed edge from one
node to another. The uncertainty of risk factors is expressed
by prior probability. The quantitative relationship among
risk factors is expressed by Bayesian conditional probability
and contained in the network as parameters (Lampinen &
Vehtari ; Sahin et al. ). The Bayesian network can
then reason on the basis of the Bayesian theorem and total
probability formula.
The Bayesian theorem states that provided both terms of
the ratio exist and P(A) > 0, the probability of B conditional
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Figure 1

|

Bayesian network for analyzing rich–poor rainfall encounter risks in water
transfer projects. Here S is the water source area and R is the water receiving
area, RISK is a risk evaluation node, t and t þ 1 denote two adjacent periods,
and i, j, k, m and n denote the discrete states for each node.
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incomplete and uncertain knowledge or information, to
express and analyze uncertain events and probabilistic
events. Moreover, a Bayesian network can intelligently and
automatically evaluate risks, display the results in real time
and change schematically, making it one of the most effective
tools to express and reason uncertain information (Hohenner
et al. ), and thereby raising the prospect of a promising
application in risk analysis and decision support.

APPLICATIONS
In this section, a Bayesian network model is built to analyze
the rich–poor rainfall encounter risks in the middle route of
the South-to-North Water Transfer Project in each quarter of
the year. A simulation study was conducted for proposed
project operation scenarios, providing scientiﬁc decision
support for the operation and risk management of the

Figure 2

|

The middle route of the South-to-North Water Transfer Project in China.

inter-basin water transfer project.
of the South-to-North water transfer project, this paper
Study areas and data

takes a quarter as the time scale to analyze the rich–
poor encounter risk. Rainfall data for each quarter in

In China, water resources are rich in the south but poor in
the north (Cai ). To alleviate water shortage problems

the above ﬁve regions from 1961 to 2005 were taken for
analysis (the hydrological year is from October to the fol-

in the north, China has been developing the middle route

lowing September, speciﬁed according to the water

of the South-to-North Water Transfer Project, which will

transfer period of this project). Criteria to classify the rain-

deliver on average 9.5 × 109 cubic metres of water to receiv-

fall state as being rich, normal and poor are listed in

ing areas every year after its completion (Wang & Ma ).

Table 1. x62.5% and x37.5% are calculated from the rainfall

The water transfer line runs 1,432 kilometres, passing four

time series employing the experience statistics method,

river basins, namely the Yangtze River, the Huang River,

taking a Pearson curve as the theoretical frequency

the Huai River and the Hai River Basins. The water

curve for the ﬁtting calculation.

source area is upstream of the Danjiangkou reservoir, and
there are four water receiving areas, namely the Tangbai

Establishing the Bayesian network

River water receiving area, the Huai River water receiving
area, the South of Hai River water receiving area and the

In the rich–poor rainfall encounter risk analysis between

North of Hai River water receiving area (Figure 2). The pro-

water source area and water receiving areas of the middle

ject will alleviate water shortages in about 20 medium and

route of the South-to-North Water Transfer Project, a Baye-

large cities along the water transfer line, while paying

sian network structure can be deﬁned as in Figure 3.

close attention to the ecological environment and agricultural water needs along the water transfer line (Liu &
Zheng ; Pretner ).
The Danjiangkou reservoir is able to seasonally adjust
water resources to a certain extent. According to the
needs of the water transfer operation of the middle route
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Table 1

|

Standards for classifying the rainfall condition

State

Rich

Normal

Poor

Rainfall

x  x62.5%

x37.5%< x < x62.5%

x  x37.5%
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In Figure 3, the node ‘Danjiangkou (year)’ in the ﬁrst

calculated from the rich–poor rainfall states encounters

line is the rainfall state of the Danjiangkou water source

between water source area and water receiving areas in

area in the hydrological year. The nodes in the second

the same quarter.

line are the rainfall states of the Danjiangkou water

The Bayesian network shown in Figure 3 has two kinds

source area in each quarter. They are used to determine

of parameters: one is the prior probability of root nodes and

occurrence probabilities for each rainfall state in each

the other is the conditional probability of state combinations

quarter in the water source area. As the hydrological

of non-root nodes and their parent nodes.

year is from October to September of the following year,

Parameter identiﬁcation for network nodes in the water

risk analysis is conducted in sequence from the fourth

source area and water receiving areas in the hydrological

quarter to the ﬁrst, second and third quarters. The quarter

year and in each quarter can be calculated by using formulas

node is connected with the year node and the previous

(7)–(9) based on rainfall data.

quarter node, indicating that the probability distribution
of rainfall states for each quarter is determined by the
transfer relationship of rainfall states for the hydrological

Pðai Þ ¼

Nðai Þ
N

ð7Þ

year and the previous quarter. Nodes in the last line are
rainfall state nodes during the hydrological year for the
four water receiving areas, and nodes in the fourth line

Pðai jbj Þ ¼

Nðai bj Þ
Nðbj Þ

ð8Þ

are rainfall state nodes in each quarter for water receiving
areas, which are used to determine the occurrence probability of rainfall states in each quarter in water

Pðai jbj ck Þ ¼

Nðai bj ck Þ
Nðbj ck Þ

ð9Þ

receiving areas. The nodes in the third line are risk evaluation nodes for rich–poor rainfall encounter between the

where ai and bi (i ¼ 1, 2, 3) denote rainfall states (rich,

water source area and water receiving areas in each quar-

normal, poor) in the water source area and water receiving

ter, and they are connected with the rainfall states of the

areas, respectively.

water source area and water receiving area in correspond-

N(ai), N(aibj) and N(aibjck) denote the frequency of each

ing quarters. Rich–poor rainfall encounter risks are

rainfall state or rainfall state combination; e.g., aibj denotes

Figure 3

|

Bayesian network structure for analyzing the rich–poor rainfall encounter risk in the middle route of the South-to-North Water Transfer Project.
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Risk evaluation criteria for rich–poor rainfall encounter

years.

Risk

The ﬁrst quarter for Danjiangkou, for example, has two
parent nodes, the Danjiangkou year node and the Danjiang-

Water source area

Water receiving area

High

Normal

Low

kou fourth quarter node, whose network parameters can be

Rich

Rich

0

0

1

calculated using formulas (7) and (8). According to rainfall

Rich

Normal

0

0

1

data for 45 hydrological years, there were four years when

Rich

Poor

0

0

1

Danjiangkou had a rich rainfall year and rainfall in the

Normal

Rich

0

1

0

fourth quarter was rich too. In those four years, the rainfall

Normal

Normal

0

1

0

level in the ﬁrst quarter in Danjiangkou was rich in one

Normal

Poor

1

0

0

year, normal in one year, and poor in two years. Thus,

Poor

Rich

0

1

0

N(b1c1) ¼ 4, N(a1b1c1) ¼ 1, N(a2b1c1) ¼ 1, N(a3b1c1) ¼ 1, and

Poor

Normal

1

0

0

from formula (9), Pða1 jb1 c1 Þ ¼ 1=4 ¼ 0:25. In a similar way,

Poor

Poor

1

0

0

we get Pða2 jb1 c1 Þ ¼ 1=4 ¼ 0:25 and Pða3 jb1 c1 Þ ¼ 2=4 ¼ 0:5
(where a1 denotes that the rainfall in the ﬁrst quarter
is rich, a2 denotes that the rainfall in the ﬁrst quarter is

the application of the Bayesian network model (Figure 4).

normal, a3 denotes that the rainfall in the ﬁrst quarter is

Bayesian network models were built for the other three

poor, b1 denotes that the hydrological year is wet, c1denotes

water receiving areas in the same way. In Figure 4, S denotes

that the rainfall in the fourth quarter is rich).

the Danjiangkou water source area and R3 denotes the South

The parameters for the Danjiangkou (ﬁrst quarter) node

of Hai River water receiving area.
Figure 4 shows the occurrence probability of different

are given in Table 2.
The parameters of risk evaluation nodes can be deter-

states for each node. Taking the S (year) node in the ﬁrst

mined by expert knowledge. Table 3 presents parameters

line as an example, in the water source area, the probability

of risk evaluation nodes deﬁned according to expert knowl-

of a wet year is 40%, that of a normal year is 20% and that of

edge and risk evaluation criteria for the operation of the

a dry year is 40%. Analysis of rainfall data recorded over 45

middle route of the South-to-North Water Transfer Project.

years shows that in the water source area, there were 18 wet

The Bayesian network was built once all network par-

years, 9 normal years, and 18 dry years (with the rainfall

ameters had been deﬁned. Here the Danjiangkou water

data for the Danjiangkou water source area in each hydrolo-

source area and one of the four water receiving areas, the

gical year presented in Figure 5, where x37.5% ¼ 753 mm, and

South of Hai River water receiving area, are used to illustrate

x62.5% ¼ 849 mm), giving occurrence probabilities of 40, 20

Table 2

|

and 40%, respectively, in good agreement with the Bayesian
Parameters for Danjiangkou (ﬁrst quarter) in the Bayesian network

network reasoning results.
According to the Bayesian network reasoning results,

1st quarter
Danjiangkou (year)

4th quarter

Rich

Normal

Dry

Wet year

Rich

0.25

0.25

0.5

Wet year

Normal

0.167

0.5

0.333

Wet year

Poor

0.25

0.25

0.5

Normal year

Rich

0.333

0.333

0.334

Normal year

Normal

0.333

0.667

0

Normal year

Poor

0.5

0

0.5

Dry year

Rich

0.4

0.4

0.2

Dry year

Normal

0.5

0.25

0.25

Dry year

Poor

0.4

0.2

0.4

for the Risk 3 node in Figure 4, the rich–poor rainfall
encounter risk for the South of Hai river receiving area
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was high in the second quarter (with high risk probability
as high as 42%), indicating that in the second quarter combination of rainfall states for the water source area and the
South of Hai river water receiving area had a high probability of being unfavorable. The Risk 2 node shows the
rich–poor rainfall encounter risk was normal in the ﬁrst
quarter, and the Risk 1 and 4 nodes show that the occurrence probability of rich–poor rainfall encounter risk was
low in the third and fourth quarters.
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Bayesian network reasoning based on prior information.

The rich–poor rainfall encounter risks in each quarter

The evaluation results for the rich–poor rainfall encoun-

for the other three water receiving areas can be calculated

ter risk between water source area and water receiving areas

in the same way (Table 4).

in Table 4 show that there is a high risk of rich–poor rainfall

Figure 5

|

Rainfall in the Danjiangkou water source area in each hydrological year.
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Rich–poor rainfall encounter risks (%) in each quarter determined by Bayesian networks (H, N and L denote high, normal and low risks, respectively).

Risk 1
Water receiving areas

H

Risk 2
N

L

H

Risk 3
N

L

H

Risk 4
N

L

H

N

L

Tangbai River

43

31

26

32

35

33

27

35

38

31

33

36

Huai River

32

32

35

24

36

40

47

28

25

27

31

42

South of Hai River

32

24

44

31

35

34

43

26

32

31

24

44

North of Hai River

41

28

31

42

28

30

35

38

27

31

35

34

encounter for the Tangbai River receiving area in the fourth

project can give water supply priority to the Tangbai River

quarter, for the Huai River and the South of Hai River

and North of Hai River receiving areas in the fourth quarter

receiving areas in the second quarter, and for the North of

because they are at high risk in that period.

Hai River receiving area in the fourth and ﬁrst quarter.
The water receiving areas can formulate their water

Scenario simulations

plans and the water transfer project operation department
can adjust the water supply order of the four receiving

Risk analysis of rich–poor rainfall encounter between

areas to offset water shortage in those areas according to

water source area and water receiving area in water trans-

the risk evaluation results. For example, the water transfer

fer projects using a Bayesian network can estimate risk on

Figure 6

|

Network reasoning based on posterior information.
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the basis not only of prior information that is added to the

and water receiving areas in each quarter in four water

network as parameters, but also posterior information,

receiving areas were analyzed. Scenario simulations were

such as observations and simulated scenarios. It is thus

also carried out with the input of new observations. The cal-

possible for engineering managers to control risk changes

culation results show that the rich–poor rainfall encounter

by adding new information for a real-time evaluation risk.

risk is high for the Tangbai River receiving area in the

Let us suppose that, in the fourth quarter, the observed

fourth quarter, for the Huai River and the South of Hai

rainfall in the Danjiangkou water source area is normal,

River receiving areas in the second quarter, and for the

while it is poor in the South of Hai River water receiving

North of Hai River receiving area in the fourth and ﬁrst

area. Inputting those observations into the Bayesian net-

quarters. The scenario simulations reﬂect risk change

work, the states of relevant nodes in the Bayesian network

according to newly observed information, which will beneﬁt

risk analysis model change automatically, as shown in

risk management in the operation of water transfer projects.

Figure 6.

Analysis of rich–poor rainfall encounter risk based on Baye-

After importing new observations of rainfall states in the

sian networks can provide scientiﬁc decision support for the

fourth quarter, the Bayesian network again evaluates the

distribution of water resources in inter-basin water transfer

risk of water transfer. Comparing risk nodes in Figure 4

projects.

with those in Figure 6, we see that the rich–poor encounter
risks for each quarter change. For the ﬁrst quarter, the low
risk probability increases from 34 to 47%. For the second
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