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Abstract:    In view of the poor water supply system’s network properties, the system’s complicated network hydraulic equations 
were replaced by macroscopic nodal pressure model and the model of relationship between supply flow and water source head. By 
using pump-station pressure head and initial tank water levels as decision variables, the model of optimal allocation of water 
supply between pump-sources was developed. Genetic algorithm was introduced to deal with the model of optimal allocation of 
water supply. Methods for handling each constraint condition were put forward, and overcome the shortcoming such as premature 
convergence of genetic algorithm; a solving method was brought forward in which genetic algorithm was combined with simulated 
annealing technology and self-adaptive crossover and mutation probabilities were adopted. An application example showed the 
feasibility of this algorithm. 
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INTRODUCTION 
 

With increased urbanization and consumer de-
mand, most water distribution systems and efficient 
scheduling of pump operation have become increas-
ingly complex. Several optimization methods are 
used to find optimal pump schedules. Because of the 
complex water distribution systems, simple calcula-
tions are no longer possible. The main methods used 
at present are linear programming (Crawley and 
Dandy, 1993), dynamic programming (Yeh et al., 
1992; Nitivattananon et al., 1996), network flow 
programming (Sun et al., 1995) and non-linear pro-
gramming (Ormsbee and Reddy, 1995; Sakarya and 
Mays, 2000; Liu et al., 2003).  

For multisource-multitank systems, and 
dual-level optimization models were developed by 
many researchers. Such methods first determine the 

optimal discharge or added head associated with each 
pump station. The pump-operation schedules associ-
ated with the resulting optimal discharges or pump 
heads are then determined by solving a secondary 
series of discrete optimization problems. This paper 
presents an attempt to solve the upper-level optimal 
pump-station discharge problem by using genetic 
algorithm (GA). 
 
 
MODEL DESCRIPTION 
 

Generally speaking, the optimal policy should 
result in the lowest total operating cost for a given set 
of boundary and system constraints. So, objective 
function and constraints are needed for optimal 
scheduling model. 
 
Objective function 

In a typical water distribution system, the en-
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ergy-consumption cost incurred by the pumping fa-
cility depends on the rate at which water is pumped, 
the associated pump head, the duration of pumping, 
and the unit cost of electricity. Mathematically the 
objective function may be expressed as 

 

1
1 1

( ) ( )
I T

it it it
i t

F ER CQ HS
= =

= ∑∑                     (1) 

 
where F1 is total energy cost to be minimized; I is 
number of pump-stations; T is number of time inter-
vals which constitute the operating horizon; ERit is 
electric rate of pump-station i during time period t; C 
is conversion coefficient; Qit and HSit are discharge 
and pressure head of pump-station i during time pe-
riod t. 

For a given network configuration, when nodal 
demand, the pressure head associated with each 
pump-station and each tank are given, the discharge 
of each pump station and each tank can be obtained by 
satisfying the conservation of mass and conservation 
of energy, which are defined as the hydraulic equi-
librium equations, whose solutions require knowledge 
of the topology relation of pipe network, pipe di-
ameter, pipe length, pipe material and nodal demand. 
Based on the current foundation conditions, it is dif-
ficult to obtain the values for the topology relation and 
basic parameters of some pipe networks, especially 
because of the limitations of monitor equipment 
condition, the nodal demand cannot be dynamically 
acquired accurately, the method of adopting micro-
cosmic model can hardly satisfy the demands of op-
timal scheduling of water supply system in China now. 
On the other hand, the hydraulic equilibrium equa-
tions include a series of nonlinear equations whose 
solution, for large-scale water supply network, in-
volves much calculation time. Consequently, we 
adopt macroscopic model, i.e. nodal pressure mac-
roscopic model and the model of the relationship 
between water supply flow and head of water source, 
to replace the cumbersome hydraulic equilibrium 
equations. Based on Support Vector Machine (SVM) 
approach (Yu, 2004), the macroscopic model can be 
expressed as 
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where HRst is water level of tank s during time period 
t; S is number of tanks; QDt is total water demand of 
system during time period t; QRst is flow to or from 
tank s during time period t. 

In addition, tank level is updated through Eq.(4) 
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where Ast is area of tank s during time period t; ∆T is 
length of time period. 
 
Constraints 

(1) Consider the constraint conditions for daily 
water supply capability of each pump station 
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where Qmaxi is maximum allowable flow of pump 
station i in one day. 

(2) Ensure water pressure at each node within the 
scope of technical demand so that 
 

min max ,   1,2, , ,  1,2, ,jt jt jtH H H j N t T≤ ≤ = =  (6) 

 
where Hminjt and Hmaxjt are maximum and minimum 
allowable pressure head at nodal j; N is number of 
nodes. The node pressure Hjt can be obtained by es-
tablishing network behavior model (Yu et al., 2005): 
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(3) Bound constraints of tank level 
 

min max ,   1,2, , ; 1,2, ,st st stHR HR HR s S t T≤ ≤ =  =  
(8) 

 
The maximum allowable water level HRmaxst will 
normally be the top of the tank, the minimum allow-
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able water level HRminst will normally be somewhere 
above the tank bottom in order to provide some re-
sidual storage for potential fire suppression activities. 

In addition to these normal tank level constraints, 
most optimal control policies are constructed to result 
in a set of tank trajectories that begin and end at 
specified target elevations. In most cases the begin-
ning and ending levels will be the same. For such an 
operating strategy the following additional tank level 
constraints would be required: 

 
1 1 ,   1,2, ,s s sT s sHR e HR HR e s S− ≤ ≤ =＋      (9) 

 
where es is allowable water level offset. 

Thus it can be seen that when HRs1 and HSit are 
determined, other variables can be solved uniquely by 
Eqs.(2), (3), (4), (7). Therefore the model of optimal 
allocation of water supply between pump-sources can 
be generalized as: 
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Genetic algorithms are search methods based on 
the mechanics of natural selection and natural genet-
ics, combining an artificial survival of the fittest with 
genetic operators abstracted from nature (Goldberg, 
1989). Genetic algorithms differ from other search 
techniques in that they search among a population of 
points and use probabilistic rather than deterministic 
transition rules. As a result, genetic algorithm 
searches more globally and efficiently, and is a 
promising method for solving problems with com-
plicated constraints and multiple objectives, and so, 
was adopted in this paper to solve optimal operating 
model. 

 

 
GENETIC ALGORITHM FOR OPTIMAL OPER- 
ATING MODEL 
 

During applying of GA, how to express the de-
cision variables of optimal operation for water supply 
system as GA chromosomes, how to select a fitness 
function and how to design genetic operators are the 
keys to success in applying GA for optimizing strat-
egy of water supply system. 

The following section describes the application 
of GA to optimal operation of large-scale water sup-
ply system and discusses the possibilities of improv-
ing their performance with an example. 

Fig.1 shows the hypothetical water distribution 
system composed of two pump stations and one tank. 
The total water demand was 50000 m3/d. The maxi-
mum hourly node demand of the pipe network is 
shown in Table 1, all junctions have the same demand 
pattern factor listed in Table 2. With allowance for 
deposit water for accidents or fires, the cylindrical 
water tank with cross-sectional area  of  1153.85  m2,  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 1  The maximum hourly node demand of pipe network
 

Node code Water 
demand (L/s) Node code Water 

demand (L/s)
1 36.2 7 198.7 
2 36.8 8   66.1 
3 82.5 9   50.6 
4 36.4 10   43.2 
5 48.7 11 105.8 
6 81.5 12   35.5 

 
Table 2  Demand factor 

 

Node code Demand  
fator (%) Node code Demand  

fator (%) 
1 2.53 13 5.09 
2 2.54 14 4.81 
3 2.50 15 4.99 
4 2.53 16 4.70 
5 2.57 17 4.62 
6 3.09 18 4.97 
7 5.31 19 5.18 
8 4.92 20 4.98 
9 5.17 21 4.39 
10 5.10 22 4.17 
11 5.21 23 3.12 
12 5.21 24 2.48 

 

Length (m)-pipe diameter (mm) 

Fig.1  Hypothetical water distribution system
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bottom height of 27.4 m, adjustable capacity of 
1730.775 m3, had allowable minimum and maximum 
water levels of 27.4 and 28.9 m. 
 
Coding 

Implementation of a genetic algorithm begins 
with coding decision variables as chromosomes. As 
mentioned above, HRs1 and HSit are taken as decision 
variables so the genetic algorithm must code these 
variables into a binary string. As for examples, each 
continuous variable HSit is represented by a nine-bit 
binary sub-string, HRs1 is represented by an eight-bit 
binary sub-string, and the chromosome string total 
length is 440 bits. The previous eight bits represent 
HRs1 (the initial tank level), in the next 18 bits, the 
former nine bits and the latter nine bits represent the 
pressure heads of pump-station 1 and pump-station 2 
at the first time period respectively; the ordinal next 
18 bits represent the pressure heads of the two 
pump-stations at each time period; there are 24 time 
periods altogether. 

The maximum and minimum pressure heads 
provided by the lower-level optimal pumps schedul-
ing should be considered in the value scope of pres-
sure head of pump-stations, and according to the 
limits of pressure head of each pump, 29.5≤HS1t≤48.5 
and 28≤HS1t≤42 can be obtained. Therefore the cod-
ing  discrete  precisions  are  Π=(48.5−29.5)/(29−1)= 
0.0372 m and Π=(42−28)/(29−1)=0.0274 m respec-
tively. The initial tank level range is 27.4≤HS11≤28.9, 
so its coding discrete precision is Π=(28.9−27.4)/ 
(28−1)=0.005882 m, which can satisfy the needs of 
proper scheduling. 
 
Handling of constraints and calculation of fitness 

The key to applying genetic algorithm to the 
problem of constraining optimization is the handling 
of constraints. Suppose the solution is obtained for 
problem without constraint, then the value of the 
objective function is calculated during the search 
process, and constraints are checked for violation. No 
violation indicates that it is a feasible solution, and 
then fitness is chosen for it according to the objective 
function; else, it is an infeasible solution, with zero 
fitness value. Except for some simple boundary con-
straints, such treatment is impractical in fact, since it 
is hard to find a feasible solution, so that some in-
formation is needed to be found from infeasible solu-

tions. Therefore, the method of penalty function is 
used for incorporating constraints into the fitness 
function in this paper.  

According to the coded scope of initial tank level, 
the levels at later time are calculated by Eq.(4), if the 
levels calculated are more than the maximum allow-
able level of 28.9 m, then 28.9 m is taken, and if it is 
less than the minimum allowable level of 27.4 m, then 
27.4 m is taken.  

Converting the constraint Eq.(5) of daily water 
supply capability of each pump station to objective: 
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Converting the constraint Eq.(6) of node pres-

sure to objective: 
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In Eq.(13), Hmaxjt−Hminjt is taken as denominator, 
which will remove the impact of different dimen-
sional units and convert multiple objectives to simple 
objective.  

Converting the constraint Eq.(9) to objective: 
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After the above treatment of constraints, the 

operating model will have been converted into a 
non-restraint multi-objective optimization problem 
with four objectives. Simple multiplication method 



Yu et al. / J Zhejiang Univ SCI   2005 6A(8):886-893 890

can be adopted to transform multiple objectives into 
simple objective. Then the problem is changed into 
the minimum problem without constraint. 

 
1 3 4min  ( )(1 )(1 )F F F Fδ= + + +          (17) 

 
where δ is constant, whose function is to prevent each 
penalty item from losing function when F1 is zero. 

During the evolutionary process, GA does not 
require derivative information or other supplementary 
knowledge; only the objective function and corre-
sponding fitness levels influence the search directions. 
Therefore, the selection of fitness function is very 
important, and will influence directly the convergence 
time of GA and whether the optimal solution can be 
found. The object function F is a function seeking for 
minimum value, and here it is converted to seek for 
maximum value: 

 
Fit=C/F                                     (18) 

 
where C is constant. When Eq.(18) is used to calculate 
fitness value, it is found that the individuals of 
maximum fitness occupy more than 90% of total 
individuals after no more than ten evolutionary gen-
erations because individual difference is large during 
the early stage of operation. When classical roulette 
wheel selection is adopted, the offspring population is 
proportional to the fitness of paternal individuals, so 
in the early stage some very good individuals are 
prone to overflow the whole population, which will 
lead to premature convergence. In the latter stage of 
the genetic algorithm, the population tends to be 
homogeneous, when excellent individuals are pro-
ducing offspring, their predominance is not obvious, 
and so the evolution of population stalls. In this paper, 
the principle of simulated annealing introduced, and 
fitness scaling is as Eqs.(19) and (20): 
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where Fitk is fitness of k individual, which can be 
obtained by using Eq.(18); K is size of population; g is 
evolutionary generations; T is temperature; T0 is ini-

tial temperature. In Eqs.(19)~(20), when the tem-
perature is high (the early stage of genetic algorithm), 
the best individuals have lower reproduction prob-
ability than they should, and the worst ones have their 
probability increased. The resulting population is 
maintained to be more heterogeneous at the beginning 
of the algorithm, which decreases the risks to be 
trapped into a local optimum. Then, when the tem-
perature decreases constantly, the scale factor is in-
creased to ensure that the algorithm effectively con-
verges. 
 
Crossover probability and mutation probability 

The scaling of fitness function is to ensure that 
the population has heterogeneous form reproduction 
behavior. While each individual has the same chro-
mosome and be trapped into local optimization, no 
matter which scaling is chosen for fitness, it is im-
possible to produce new individuals and to jump out 
of local optimization. At this time, mutation prob-
ability must be increased properly for improving the 
ability of mutation operator to produce new indi-
viduals. In this paper, the adaptive strategy for up-
dating Pc and Pm developed by Wang and Cao (2002) 
was adopted: 
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where Pc1, Pc2, Pm1 and Pm2 are constants less than 1.0, 
and Pc1>Pc2, Pm1>Pm2; Fitc is larger fitness values of 
the individuals selected for crossover; Fitm is fitness 
of the mth chromosome to which the mutation with 
probability Pm is applied. 
 
Genetic operators 

Besides roulette wheel selection, an elitist se-
lection procedure is used in this application. In the 
elitist procedure, the fittest individual in a population 
always survives with probability one. The crossover 
and mutation operators are the same as those in the 
simple genetic algorithm (SGA) described by Gold-
berg (1989). 
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EXAMPLE RESULTS 
 

The calculation was conducted over 24 h using 
discrete time intervals of 1 h. Two instances of elec-
trical rate were considered. One was a constant 0.514 
Yuan/(kW⋅h) at each time period, the other one was 
varied under a time of use schedule, in which elec-
trical rate was 0.308 Yuan/(kW⋅h) at time periods of 
1~7, 11~12 and 22~24, 0.679 Yuan/(kW⋅h) at time 
periods of 8~10, 13~18 and 22, 0.924 Yuan/(kW⋅h) at 
time periods of 19~20. The constraints of daily water 
supply capability were not considered. Hminjt=24 m, 
Hmaxjt=50 m, δ=100, C=106, Pc1=0.9, Pc2=0.6, 
Pm1=0.1, Pm2=0.001, T0=10, K=100, and the evolution 
generations=1500. The optimal operation strategies 
under two instances of electrical rate were calculated 
respectively. The optimal pressure heads and dis-
charges of two pump stations are listed in Table 2; 
Fig.2 shows global water demand and total water 
supply of two pump stations; Fig.3 shows the optimal 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

tank water level trajectory; Figs.4 and 5 show pres-
sure head of nodes. 

From Figs.2 and 3, when electricity rate is vari-
able, since time from 1 to 7 is at period of lower 
electricity rate, water supply is greater than water 
demand, so the tank water level rises quickly. At the 
time period of higher electricity rate from 8 to 10, 
water supply is less than water demand, and the tank 
supplies insufficient water. At the time of lower 
electricity rate from 11 to 12, because water demand 
is very large at this period and a high water level has 
been maintained in the tank, if the tank water level 
must be increased, the pump stations should provide 
water flow larger than water demand. However, for a 
certain distribution network, the system head loss 
increases with increase of water supply, so the tank 
does not store water like it does at the time period of 
lower electricity rate from 1 to 7 with low water de-
mand, neither does it use a great deal of water in the 
tank like it does at the time period of higher electricity  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 3  Optimal values of pressure heads and discharges of two pump stations 
 

Pump station 1 Pump station 2 
Constant electricity rate Variable electricity rate Constant electricity rate Variable electricity rateTime  

period 
HS1t (m) Q1t (L/s) HS1t (m) Q1t (L/s) HS2j (m) Q2j (L/s) HS2t (m) Q2t (L/s)

1 37.2 170.3 46.5 414.4 40.8 260.4 34.3 017.1 
2 38.9 244.6 43.7 406.8 38.7 175.4 30.6 --00.0 
3 35.3 233.0 39.5 260.5 35.5 178.3 38.8 167.7 
4 37.0 147.7 45.4 382.0 41.8 282.3 36.0 052.9 
5 35.5 229.3 35.3 307.9 36.0 192.3 31.0 098.0 
6 39.0 274.0 46.8 373.6 39.8 234.8 41.8 153.5 
7 48.0 593.9 37.5 481.1 35.3 219.2 34.8 296.4 
8 30.8 344.5 31.2 393.1 34.7 362.3 32.0 301.3 
9 30.8 341.9 39.5 490.4 36.9 405.9 35.4 279.0 
10 40.1 473.5 47.0 545.0 37.6 296.3 38.8 250.8 
11 48.4 620.6 42.8 530.0 31.2 165.6 35.8 258.9 
12 38.9 462.8 44.5 498.8 37.8 317.8 41.9 312.6 
13 40.1 463.5 32.0 374.5 38.7 310.4 35.0 361.8 
14 34.9 360.1 36.2 436.6 38.0 356.7 34.1 274.1 
15 31.0 382.6 48.4 599.5 32.7 328.2 32.4 167.3 
16 31.1 418.7 35.4 436.0 28.7 239.3 32.5 253.1 
17 36.9 416.0 36.5 455.6 36.6 299.2 31.3 222.4 
18 45.0 507.6 47.0 515.5 39.8 271.0 41.3 270.7 
19 32.0 450.8 33.1 469.7 30.1 278.4 29.6 260.2 
20 45.4 559.7 44.4 479.2 33.4 197.3 41.4 290.9 
21 44.8 482.7 33.6 431.0 37.7 213.8 28.3 189.6 
22 40.0 399.4 42.0 452.5 38.6 258.6 36.0 204.4 
23 44.1 437.7 38.9 295.6 32.7 970.5 39.0 218.8 
24 37.5 186.4 38.5 241.0 40.0 237.7 38.6 183.1 
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rate from 8 to 10, the water supply is almost equal to 
water demand. At the time period of lower electricity 
rate from 13 to 18, almost like the time period of 
lower electricity rate from 8 to 10, water supply of the 
pump station is less than water demand, the tank wa-
ter level declines. But this time period, the magnitude 
of water demand should be considered also. When 
water demand is low, since system head loss is rela-
tively low, water in the tank should be used as little as 
possible, so it can be used at higher electricity rate 
period with high water demand. The time period from 
16 to 17 is just this kind of period. At the time period 
of peak electricity rate from 18 to 21, because the tank 
water level decreases to the lowest level, the water 
supply of the pump station is equal to the water de-
mand of the pipe network. At the time period of lower 
electricity rate from 22 to 24 with low water demand, 
like the time period from 1 to 7, the tank water level 
increases to the water level at the first time period. 

When electricity rate is constant, only variation 
of water demand needs to be considered for pump 
station water supply and tank water level. During time 
periods with low water demand, as the head loss of the 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

pipe network is small, the pump station should supply 
more water, so water level rises, like in the time pe-
riods of 1~7 and 22~24. During time periods with 
high water demand, the pump station and tank supply 
water together, in order to avoid overlarge pipeline 
flow causing large head loss of the entire pipe net-
work when water supplied by the pump stations only, 
like that in the time periods 7~13. 

At the same time, under the two electricity rate 
instance, the allowable minimum and maximum head 
constraints also take effect. When tank pressure head 
is greater than zero, the constraint conditions of the 
minimum and maximum head are both not-active 
constraints. Only when the reservoir level is zero, the 
constraint of allowable minimum head of some nodes 
become active constraints. Under con-
stant-electricity-rate, from Fig.4, the minimum head 
constraint of node 7 is active at time periods 16 and 19, 
while the minimum head constraint of node 12 be-
come active constraint at time period 17 because two 
pump-stations have different combination of water 
supply when the system has different water demand. 
Under variable-electricity-rate, the minimum head 
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constraint of node 7 is active at time periods 19 and 
21. 

Comparison of Figs.4 and 5 shows that time pe-
riods of active constraints of node 12 at vari-
able-electricity-rate are less than those at con-
stant-electricity-rate because when at vari-
able-electricity-rate, the tank stores more water dur-
ing off-peak time periods, and the tank supplies more 
water during peak time periods, so that the head of 
node 12 must satisfy the demand of flow to (or from) 
the tank, and high pressure head must be maintained 
all day. 

As calculation efficiency was considered, this 
example analysis used a PIII 733 PC and 128 M RAM; 
the algorithm took approximately 165 s in two cases. 
Although the example has only two pump stations and 
one tank, as for large-scale water supply system, the 
workload for solving fitness function that is the main 
workload of genetic algorithm does not increase much, 
so the algorithm in this paper can satisfy completely 
the demand of practical optimization scheduling.  
 
 
SUMMARY AND CONCLUSION 
 

Although several successful applications of op-
timal control of water supply system exist in some 
countries, widespread application in China has been 
severely limited. The problem is the difficulty in de-
veloping well-calibrated network hydraulic models 
and accurate demand forecast models because of the 
lack of monitor equipment and network fundamental 
data, such as pipe length, pipe diameter, and nodal 
demand. Therefore, this optimal operation research is 
based on the actual situation in China. In view of the 
poor water supply system’s network properties, the 
complicated network hydraulic equations were re-
placed by macroscopic nodal pressure model and the 
model of relationship between supply flow and head 
of water source. By using pump-station head and 
initial tank head as decision variables, the model of 
optimal allocation of water supply between pump-so-  

 
 
 
 
 
 

urces is developed. GA is introduced for solving this 
model and methods for handling each constraint 
condition were put forward. In this study, genetic 
algorithm combined with simulated annealing tech-
nology and self-adaptive crossover and mutation 
probabilities were adopted in order to overcome 
premature convergence of the genetic algorithm. By 
example calculation and analysis, the optimal oper-
ating model and the effectiveness and feasibility of 
this algorithm were proved. 
 
References 
Crawley, P.D., Dandy, G.C., 1993. Optimal operation of mul-

tiple-reservoir system. J. Water Resour. Plng. and Mgmt., 
ASCE, 119(1):1-7. 

Gordlberg, D.E., 1989. Genetic Algorithms in Search, Opti-
mization, and Machine Learning. Addison Wesley, MA. 

Liu, G.H., Cheng, W.P., Zheng, G.J., 2003. Application study 
of successive quadratic programming in optimal schedule 
of multi-souses water distribution network. J. Hydr. 
Engrg., (2):84-89 (in Chinese). 

Nitivattananon, V., Sadowski, E.C., Quimpo, R.G., 1996. 
Optimization of water supply system operation. J. Water 
Resour. Plng. and Mgmt., ASCE, 122(5):374-384. 

Ormsbee, L.E., Reddy, S.L., 1995. Nonlinear heuristic for 
pump operation. J. Water Resour. Plng. and Mgmt., ASCE, 
121(4):302-309. 

Sakarya, B.A., Mays, L.W., 2000. Optimal operation of water 
distribution pumps considering water quality. J. Water 
Resour. Plng. and Mgmt., ASCE, 126(4):210-220. 

Sun, Y.H., Yeh, W.W.G, Hsu, N.S., Louie, P.W.F., 1995. 
Generalized network algorithm for water-supply-system 
optimization. J. Water Resour. Plng. and Mgmt., ASCE, 
121(5):392-398. 

Wang, X.P., Cao, L.M., 2002. Genetic Algorithm−Theory, 
Application and Programming. Xi’an Jiaotong University 
Press, Xi’an (in Chinese). 

Yeh, W.W.G, Becker, L., Hua, S.Q., Wen, D.P., Liu, J.M., 
1992. Optimization of real-time hydrothermal system 
operation. J. Water Resour. Plng. and Mgmt., ASCE, 
118(6):636-653. 

Yu, T.C., 2004. Optimal Operation of Water Distribution 
Systems. Ph.D Thesis, Zhejiang University, Hangzhou (in 
Chinese).  

Yu, T.C, Liu, J.Q, Zhang, T.Q., 2005. State model for water 
distribution network based on improved SVM. J. Zheji-
ang Univ. Engrg. Sci., 39(6):858-862 (in Chinese). 


