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ABSTRACT 
Mathematical models of water distribution systems serve as tools to represent the real systems 
for many different purposes. Calibration is the process of fine tuning the model parameters so 
that the real system is well represented. Chlorine wall decay coefficients vary between pipes and 
must be determined indirectly from field measured concentration data. A general calibration 
model for identifying these parameters is formulated in this paper. The problem is solved using 
the ant colony optimization algorithm that is coupled with hydraulic and water quality 
simulation models using the EPANET Toolkit. The methodology is applied to two loop test 
networks to examine the robustness of the parameter estimation algorithm and to study the 
effects of the network sampling under measurements certainties and uncertainties. Results show 
that quantity, quality, location and time of measurement nodes play an important role in chlorine 
wall decay estimation of water distribution networks under measurements certainties and 
uncertainties. But wall decay estimation of water distribution networks under measurements 
uncertainties is more sensitive and needs more location and time of measurement points 
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INTRODUCTION 
There are several documents to assess the water 
quality of surface and ground water resources.1-3, 
However very few researches have been done in 
water distribution networks. Water distribution 
models have generally considered the hydraulic 
and water quality parameters to be deterministic 
and a single model result is computed and 
presented. However, model parameters are 
clearly uncertain either based on engineering 
judgment or estimated from field data. Water 
quality modelling has been advanced in terms of 
methodology and complexity. Calibration of 
these models, however, has received little 
interest. A water quality model requires a 
calibrated hydraulic model, good nodal demand 
estimates and water quality parameters. The 
parameters that affect water quality modelling 
are pipe diameter and roughness, nodal demand,  

wall and bulk decay coefficients. Pipe diameter 
and roughness can be calibrated to measured 
pressure data. Due to the lack of sufficient field 
data, nodal demands are usually assumed to be 
known although uncertainty in their estimates 
can have a significant impact on water quality 
estimates.4 Uncertainty in water distribution 
system modelling has for the most part been a 
secondary topic of study in the research 
literature. There are several studies that utilize 
one or two uncertain inputs in developing 
hydraulic model predictions.5-8, quality model 
predictions9, optimal design.10-11 optimal 
monitoring.12 and to evaluate sensitivity 
methodologies.13  

AIMS AND OBJECTIVES 
To evaluate the effect of uncertainty of hydr-
aulic and quality input data in predictions of 
quality model’s parameters.  *Author for correspondence 
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MATERIAL AND METHODS 
Generally in water distribution network 
calibration of quality models, bulk decay and 
wall decay coefficients are considered as the 
adjustable parameters. The bulk decay 
coefficient is related to the organic content in 
the water and its reactivity. A single parameter 
is normally used for the entire network and can 
be estimated in off-line in laboratory jar tests.14 
Wall decay coefficients vary between pipes 
and must be calibrated from water quality field 
data. Here, the focus is only on the 
identification of the wall decay coefficients 
using an optimization scheme with assuming 
some output data have been had uncertainty. 
Optimization algorithms 
For hydraulic and quality calibration of a water 
distribution network, an aggregate of an 
EPANET simulator model and an Ant Colony 
Optimization (ACO) algorithm has been used 
in a Matlab setting. ACO algorithm is a meta-
heuristic approach successfully applied to 
several optimization problems. ACO was 
inspired by the foraging behavior of some 
pecies of real ants. These ants are able to find 
an optimal path between nest and food through 
indirect communication known as stigmergy, 
by means of trails of a chemical substance 
called pheromones laid by ants along their way 
when moving between nest and food. 
This work adapts the original Ant System (AS) 
proposed by15, which was the first ACO 
algorithm, with some minor modifications. The 
probability function identified for this method 
is as eq. (1) :  
P (k, t)

=
T (t) α U (t) β

∑ T (t) α
U (t) β     (1) 

In which Pij(k,t) : the probability of the k-th 
ant in node i at stage t, to choose edge j, Tij(t), 
pheromone concentration of the route ij in the 
time period t, Uij(t), an heuristic value 
associated  to  the  route  ij and α and β weight  
the relative influence of pheromone and heuristic 
information on the final probability, respectively. 
J is the number of routes selected by ant k when 
it is placed in i decision making point (the 
number of coefficients chosen for each pipe).  

The general form of the pheromone update 
equation is as follows15 : 
T (t + 1) =  ρ T (t) +△ T (t)       (2) 
In which ρ is the pheromone's evaporation 
coefficient; Tij(t) is the ij route's pheromone 
concentration in iteration t; Tij(t+1) is the ij 
route's pheromone concentration in iteration 
(t+1), and △ T (t) is the ij route's surplus 
pheromone in period t. The objective function 
of the calibration model is as eq. (3): 

F(Kw) = qO − qS   Kw ≤  Kw 

≤  Kw                                (3) 
Where N : is the number of observation 
locations; T: is the number of times that field 
data has been collected; qOtj: is the observed 
residual chlorine and qStj: is the calculated 
residual chlorine at node j during time t; Kw: is 
the decision variable vector that is related to 
WD coefficients of network pipes; kw1: and 
kwu: are the high and low limits of WD 
coefficients and F(Kw): is the objective 
function to be minimized.16 
Generating uncertain data 
All of hydraulic and quality measurable output 
data such as nodal pressure, pipe flow, base 
demand and residual chlorine were considered 
as uncertain in this analysis. Hydraulic and 
quality modelling of the network was carried 
out by EPANET. Certain values of all above 
outputs at different hours of a day are the same 
as those simulated by EPANET. In the final 
calibration model, these data are considered as 
the observed data. Uncertain data are 
calculated by adding normally distributed 
random values to all certain data. The normal 
distribution with mean of zero and standard 
deviation of 0.5 are used for hydraulic output 
data and with mean of zero and standard 
deviation of 0.005 are used for quality output 
data. The normal distribution function are 
determined by eq. (4) and uncertain data 
generated from the certain data by eq. (5).  
Normal Value =  μ + σ Z  P(Z) = Rand value
       (4) 
Uncertain data= Certain Data + Normal value      
                                                                       (5) 
where μ and σ are the mean and standard 
deviation of the parameter and Z is the 
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standard normal deviate that is found using 
the the cumulative probability distribution 
function. With adding normal distributed 
value to certain data such as pressure head, 
base demand and residual chlorine at nodes 
and flow in pipes, values with uncertainty 
have been generated. For example, in certain 
modes, pressure head and base demand       
at   node   7 and flow in pipe 8 at 9 a.m. were  
10.35 m, 55.6 l/s and 49.58 l/s, respectively;  
while in uncertain mode, the same values 
were 9.96 m, 55.96 and 48.96 lit/s. In other 
words,  according to a normal distribution, if  

the probability of distribution takes 99.9 
percent, values within -1.55 and +1.55 will 
be generated, and by adding these values to 
the certain values, uncertain values are 
generated.17-21  
Case study 
To evaluate the proposed method a two looped 
network has been utilized which is used as a 
research sample in different papers. The layout of 
the network is shown in  Fig. 1 and its general 
characteristics  are demonstrated in Table 1. The 
consumption pattern of network is also shown in 
Table 2. 

 
Fig. 1 : The two looped network with 8 pipes and 7 nodes 

Table 1 : Characteristics of nodes and pipes in the two looped network 

Pipe characteristics 
Node characteristics 

ID Length 
(m) 

Diameter 
(mm) 

Roughness 
(C ) 

Wall decay 
(Kw) 

1 1000 450 130 -0.1 ID 
Elevation 

(m) 
Demand 

(l/s) 
2 1000 350 80 -0.6 1 210 0 
3 1000 350 130 -0.1 2 150 27.8 
4 1000 150 70 -0.7 3 160 27.8 
5 1000 350 100 -0.4 4 155 33.4 
6 1000 100 80 -0.6 5 150 75 
7 1000 350 100 -0.4 6 165 91.7 
8 1000 250 70 -0.7 7 160 55.6 
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Table 2 : Demand pattern coefficient of the two-loop network 

 

12 11 10 9 8 7 6 5 4 3 2 1 Time (hour) 
1.03 1.02 1.01 1.00 1.06 0.90 0.86 0.8 0.84 0.88 0.92 0.96 Coefficient (%) 
24 23 22 21 20 19 18 17 16 15 14 13 Time (hour) 

0.98 1.00 1.05 1.06 1.07 1.08 1.09 1.08 1.07 1.06 1.05 1.04 Coefficient (%) 

The adjusted parameters of the developed 
calibration model and the proposed 
algorithm include U , β, T0, α, ρ, ∆T , (t), 
Nant and Ncyc. These parameters were 
adjusted by sensitivity analysis in a two-loop 
network where sampling such as pressure 
heads at nodes was done in three nodes of 5, 
6 and  7.  In  other  words, with assuming the  

pressure head values in nodes, model 
parameters are adjusted in a way that the 
calibration model calculates the final 
solution in the least possible time and with 
high precision. The results of the sensitivity 
analysis are given in Table 3 that is used as 
adjusting parameter values in the final 
calibration model. 

Table 3 : Adjusted values of calibration model parameters 

Nant Ncyc ∆퐓퐢,퐣(퐭) ρ α T0 ß U0 Parameter 
25 10 1 0.98 1 80 1 1 Adjusted value 

 

RESULTS AND DISCUSSION 
To evaluate the effect of uncertainty of input 
data on calibration of water distribution water 
quality models, it is assumed that the two 
looped network is calibrated when there is not 
uncertainty in the input data or there is 
uncertainty in the input data. Also, given that 
in real water distribution networks, there is no 
possibility to calibrate the parameters 
separately, in this research it is assumed that 
calibration is done when the quality model 
parameters is not classified to the limited 
categories   or   it   is   classified   to the limited  

categories. Also the range of the changes of 
WD coefficients in the uncategorized and 
categorized modes of coefficients was 
considered 0.1 and 0.05, respectively. 
Calibration with certain data 
With certain input data, the results indicated 
that the calibration model can find real answers 
easily in both categorized and uncategorized 
modes of HW coefficients. Table 4 gives the 
number of evaluations of the objective 
function for finding real answers for five 
consecutive runs when sampling is done in the 
time of maximum water consumption period. 

Table 4 : Objective function evaluations in maximum water consumption sampling 

Node 7 6,7 5,6,7 4,5,6,7 3,4,5,6,7 2,3,4,5,6,7 
1 - - - 24500 24500 26250 

2 - - - - 29500 31500 
3 - - - 30500 27250 17500 

4 - - - - 29000 36250 

5 - - - 31250 16750 25250 
Ave - - - 28450 25400 27350 

As is evident from the above table, as long as 
the sampling is performed at the time of 
maximum consumption and the numbers of 
sampling nodes were one to three, the 
calibration model has not been able to find the 
real  answer.  But  when  the number of nodes is  

four, the model in three-fifths of runs could 
achieve the real answer. Also, when the 
numbers of nodes are five and six, the model in 
all of five runs could achieve the real answer. 
The results of the calibration model in an 
extended sampling period are shown in Table 5. 
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Table 5 : Number of objective function evaluations in extended period sampling 

Node 7 6,7 5,6,7 4,5,6,7 3,4,5,6,7 2,3,4,5,6,7 
1 - - - 24500 31750 26500 
2 - - 26500 30500 27500 21250 
3 - - - 23250 27250 28250 
4 - - 28750 22500 19500 14000 
5 - - - 27750 24250 30500 

Ave - - 27625 25700 26050 24100 

As can be seen, in extended period sampling, 
when the numbers of sampling nodes were one 
or two, the calibration model has not been able 
to find the real answer. When the number of 
sampling node was three, in two-fifths of runs, 
model could find the real answer. Also, when 
the numbers of sampling nodes were four to 
six, model in all of five consecutive runs could 
find real answer. Comparison of two sampling 
modes showed that when sampling is done     
in   extended  period, model could find the real  

answer with less of the sampling nodes, but in 
this case the sampling cost is high. 
In the categorized mode of  wall decay 
coefficients, as it can be seen in Table 1, the 
WD coefficients in pipes 1 and 3 is -0.1, in 
pipes 2 and 6 is -0.6, in pipes 4 and 8 is -0.7, 
and in pipes 5 and 7 is -0.4. Thus, these pipes 
can be categorized in a similar group. The 
result of the calibration model in the 
categorized mode of wall decay coefficients in 
to limited category is shown in Table 6. 

Table 6 : Number of objective function evaluations in the categorized mode of coefficients 

Sampling 
mode 

Sampling at the time of 
maximum consumption 

 

Sampling in extended 
period 

Node 7 6,7 5,6,7 7 6,7 5,6,7 
1 - 12750 12750 - 11250 7750 
2 - 5500 11750 - 14500 8250 
3 - 3750 5500 - 8750 10250 
4 - 16250 4000 - 5000 9750 
5 - 7750 10500 11500 7250 7750 

Ave - 8200 8900 11500 9350 8750 

The results showed that by classifying the 
wall decay coefficients, the number of 
evaluations needed to achieve the real 
answer will decrease a lot. Also, calibration 
model could find the real answer with less   
of   the   sampling nodes. For example, in the  

uncategorized mode of  WD coefficients, 
model can achieve real answer with 
sampling in three or four nodes. But in the 
categorized mode of WD coefficients, model 
can find real answer with sampling in one or 
two nodes. In Fig. 2,  

 
Fig. 2 : Convergence of calibration model to real answer with certain input data  
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the convergence of the calibration model to the 
real answer is shown with certain input data in 
the uncategorized mode of wall decay 
coefficients. In this way, the calibration model 
achieved the real answer after 98 steps that the 
numbers of evaluations at each step are 250. 
Calibration with uncertain data 
To examine the impact of measurement errors 
such as nodal pressure, pipe flow, base demand 
and residual chlorine on calibration results, 
calibration problem was performed with 
uncertain input data. In the categorized mode 
of coefficients, with uncertain input data, the 
results indicated that the calibration model can 

find real answer hardly. In all cases except 
sampling in six nodes of network and in 
extended period, model could not find the real 
answer. In extended period sampling, when the 
numbers of sampling nodes were six, the 
calibration model has been able to find the real 
answer in three of five consecutive runs and as 
long as the sampling is performed at the time 
of maximum consumption, the calibration 
model does not find any of the real answer.  
In the categorized mode of coefficients, the 
results indicated that the calibration model can 
find real answer relatively easier. The results 
for this case are shown in Table 7. 

Table 7 : Objective function evaluations in the categorized mode of coefficients 

Sampling 
mode 

Sampling at the time of 
maximum consumption 

 

Sampling in extended period 

Node 3,4,5,6,7 2,3,4,5,6,7 5,6,7 4,5,6,7 3,4,5,6,7 2,3,4,5,6,7 
1 - - - 11500 11000 15750 
2 - 15500 13250 6250 8000 5500 
3 - - - 8750 5750 8250 
4 - 12250 - 14500 12000 7000 
5 - - 9750 6750 9250 11750 

Ave - 13875 11500 9550 9200 9650 

It is clear that when sampling is done in the 
time of maximum water consumption period 
and the numbers of sampling nodes were one 
to five, the calibration model has not been able 
to find the real answer. But when the number 
of sampling node was six, in two-fifths of runs, 
model  could  find the  real answer. Also, when  

sampling is done in the extended period and 
the numbers of sampling nodes were one or 
two, model could not find real answer. When 
the numbers of sampling nodes were three in 
two-fifths of runs and in other cases in all of 
five consecutive runs, it could find real answer. 
In Fig. 3,  

 
Fig. 2 : Convergence of calibration model to real answer with uncertain input data 
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models achieved the real answer after 46 steps 
with 11500 number of objective function 
evaluations. 

CONCLUSION 
For this purpose, the two looped network was 
used. By supposing that roughness and wall 
decay coefficients of pipes are known, the 
amounts of nodal pressure, nodal base demand 
and nodal residual chlorine and flow in pipes 
were estimated in the network. Then, this data 
were used as a measured data in the calibration 
model with certain data. To generate data with 
uncertainty, a normal distribution was used. By 
adding the normal distribution random values 
to the certain data, data with uncertainty were 
calculated. The quality calibration model was a 
combination of an EPANET simulator model 
and an ant colony optimization algorithm in 
MATLAB software.  
Results of calibration model with certain and 
uncertain input data showed that quantity, 
quality, location and time of measurement 
nodes play an important role in chlorine wall 
decay estimation of water distribution 
networks under measurements certainties and 
uncertainties. In other words, calibration 
results for the two-loop network indicated that 
with certain data, model finds the real answer 
with relatively easier for both categorized and 
uncategorized mode of wall decay coefficients. 
In uncertainty conditions, the calibration 
model finds answers hardly for both 
categorized and uncategorized mode of wall 
decay coefficients. So wall decay estimation of 
water distribution networks under measure-
ments uncertainties is more sensitive and needs 
more location and time of measurement points. 

REFERENCES 
1. Mittal S. and Sharma S.  Assessment of 

drinking ground water quality at Moga, 
Punjab (India): An overall approach, J. 
Environ. Res. Develop., 3(1), 128-136, 
(2008). 

2. Singh D., Keshger G. and Jangde A.K., 
Study of water quality parameters and Pb 
and   Cd   concentration  distribution in the  
Hasdeo river in Korba (India), J. Environ. 
Res. Dev., 3 (1), 185-190, (2008). 

3. Sylus Konstantin J. and Ramesh H., 
Statistical analysis of water quality and 
water level of Netravathi and Gurpur river 
basin, Mangalore, India for non monsoon 
season, J. Environ. Res. Develop., 8(3A), 
747-750, (2014). 

4. Pasha M.F. and Lansey K., Analysis of 
parameter uncertainty on water quality in 
distribution systems: unsteady conditions, 
Proc. of the 8th Int. Conf. on Comp. and 
Contr. in the Water Indus., 191–197, 
(2005). 

5. Wagner J.M., Shamir U. and Marks D.H., 
Water distribution reliability : Analytical 
methods, J. Wat. Resour. Plan. Manag., 
ASCE, 114 (3), 253-275, (1988a). 

6. Wagner J.M., Shamir U. and Marks D.H., 
Water distribution reliability: simulation 
methods, J. Wat. Resour. Plan. Manag., 
ASCE, 114 (3), 276-294, (1988b). 

7. Araujo J. and Lansey K., Uncertainty 
quantification in water distribution 
parameter estimation, Proc. of  Nat. Hydr. 
Eng. Conf., ASCE, Nashville, TN, 249, 
(1991). 

8. Xu C. and Goulter I., Probabilistic model 
for water distribution reliability, J. Wat. 
Resour. Plan. Manag., ASCE, 124 (4), 
218-228, (1998). 

9. Pasha M.F. and Lansey K., Effect of 
parameter uncertainty on water quality 
predictions in distribution systems-case 
study, J. Hydyroinfor., 12 (1), 1-21, 
(2010). 

10. Lansey K.E., Duan N., Mays L.W. and 
Tung, Y.K., Water distribution system 
design under uncertainties, J. Wat. Resour. 
Plan. Manag., ASCE, 115 (5), 630-645, 
(1989). 

11. Sumer D. and Lansey K., Effect of 
uncertainty on water distribution system 
model design decisions, J. Wat. Resour. 
Plan. Manag., 135 (1), 38-47, (2009). 

12. Jankovic N.B., Graham N.J.D., 
Maksimovic C. and Butler D., Cost-
effective leakage reduction through district 
metering, Proc. of the Inst. of Civ. Eng.: 
Wat. Manag., 160 (3), 181–187, (2007). 

13. Kang D.S., Pasha M.F.K. and Lansey K., 
Approximate methods for analyzing water 



J. Environ. Res. Develop. 
Journal of Environmental Research And Development           Vol. 9 No. 03, January-March 2015 

641 
 
 

quality prediction uncertainty in water 
distribution systems, Proc. of the ASCE 
World Environ. and Wat. Resour. Cong., 
Tampa, Florida, USA, 143, (2007) 

14. Lansey K. and Boulos P., Comprehensive 
handbook on wat. Qua. Anal. for distr. 
Sys., Broomfield, CO : MWH Soft, 111-
123, (2005). 

15. Dorigo M., Maniezzo V. and Colorni, A., 
The ant system : optimization by a colony of 
cooperating agents, IEEE Trans. on Sys., 
Part B: Cybern, 26 (1), 29–41, (1996). 

16. Pasha M.F.K. and Lansey K.E., Water 
quality parameter estimation for water 
distribution systems, J. Civ. Enginee. 
Environ. Sys., 26 (3), 231-248, (2009). 

17. Mehta Komal P. and Patel A.S., Reverse 
osmosis desing with hydromatics design 
software for industrial wastewater reuses, J. 
Environ. Res. Develop., 9(2), 421-430, 
(2014). 

18. Ramanpreet and Kaushik Anubha, 
Hydrogen production from distillery 
wastewater using an anaerobic sequential 
batch reactor, , J. Environ. Res. Develop., 
9(2), 342-347, (2014). 

19. Kulkarni P. S., Malik M. A. and Masoom S. 
M., Groundwater quality of Pravara sub 
basin, Ahmednagar, Maharashtra, India, J. 
Environ. Res. Develop., 9(2), 298-305, 
(2014). 

20. Nikam S. B., Saler R.S. and Bholay A.D., 
Bioremediation of distillery spent wash 
using Pseudomonas aeruginosa, 
Aspergillus niger and mixed consortia, , J. 
Environ. Res. Develop., 9(1), 129-137, 
(2014). 

21. J. Gitanjali, P. Venkatachalam and P. 
Subramanian, Development of high 
efficient combustion for turmeric 
boiling, J. Environ. Res. Develop., 9(1), 
67-74, (2014). 

 
 

 
 

 


