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Abstract

Control of residual chlorine concentration within a desirable range throughout water distribution

systems can cause the destruction of potentially harmful pathogens without chlorine adverse health effects
& its toxic by-products. Hence, optimal scheduling of booster chlorination stations in the WDSs to ensure
healthy water supply with the lowest dose of chlorine consumption is vital. The aim of the present study
is to develop a multi-objective optimization model in order to minimize the mass injection rate as well as
the probability of chlorine violation in the WDSs, which has been implemented in the MATLAB-
EPANET platform. Multi-objective krill herd and multi-objective particle swarm optimization algorithms
have been utilized as optimizers to obtain the desired Pareto front in the real-scale Brushy Plains network.
The resulted Pareto fronts showed that in most of their solutions, as long as the mass injection rate
increased, the probability of chlorine violation decreased. In this study, the solution with the less PCV in
each Pareto was selected as the optimal solution to assure the healthy water supply. Though the MOPSO
resulted Pareto showed more solution diversity, MKH optimal solution has a better MIR function than
MOPSO optimal solution with the same amount of PCV. Analyzing the residual chlorine concentration
profiles of the monitoring period corresponding to the MKH optimal solution showed that the chlorine
concentration of the most nodes of Brushy Plains network exist in the desirable range of 0.2 to 0.8 mg/L
and the residual chlorine of 100% of nodes exist in the range of 0.2 to 1.6 mg/L. Also, the MKH results
are superior to those of the previous studies in terms of the total mass injection rate. Generally, in addition
to economic advantages, minimizing chlorine injection rate and the probability of chlorine violation
simultaneously in the water distribution systems reduces the adverse health effects of the disinfectant by-
products.

Keywords: Mass Injection Rate, Probability of Chlorine Violation, Multi-Objective Krill Herd
Algorithm, Multi-Objective Particle Swarm Optimization.
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(Munavalli and Kumar, 2003)
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Table 1. Pareto optimal solutions in MKH algorithm

Row 1 2 3 4 5 6 7
PCV 7.3333 0.1666 0.1250 0.0000 7.4583 18.2500 7.4166
MIR (kg/day) 0.8722 1.0691 1.0948 1.1359 0.8683 0.5568 0.8685

(mg/min) <35 ;> pfgl“ <> » MKH r-:i)ﬁf‘” o 550k e CM’L 2 ) il oSl 53 IS 5055 ol - Y Jsi

Table 2. Chlorine injection rate in different stations for each solution in Pareto optimal of MKH algorithm (mg/min)

Booster location  Time period Solution
1 2 3 4 5 6 7
1 3.28 2.22 1.77 2.27 1.43 2.71 1.55
A 2 3.49 4.72 1.43 4.02 2.89 3.61 2.89
3 3.08 5.00 1.32 3.00 3.86 3.27 4.04
4 3.17 2.24 4.62 3.27 2.87 3.56 2.82
1 76.39 9.13 79.16 8.44 73.02 62.48 73.02
- 2 4.56 8.40 77.96 78.60 6.65 40.82 6.69
3 4997  46.54 4.13 1345  45.39 3470  45.40
4 57.32  58.08 76.83 71.23 55.32 3.00 55.32
1 181.58 18522 468.85 468.91 181.41 175.00 181.41
2 458.03 26391 17526 181.21 45831 22245 45831
¢ 3 396.24 331.06 176.45 289.32 39130 45690 391.30
4 22593 418.63 175.00 227.42 22396 22391 223.96
1 17.67  20.00 19.06 17.55 16.64 17.46 17.19
2 16.46 18.59 19.68 18.71 16.70 17.54 16.70
D 3 18.02 18.61 19.77 19.49 19.09 19.31 19.09
4 16.87 16.31 18.59 17.71 17.33 18.52 17.61
1 650.73 846.39 848.46 817.81 64939 169.82 649.39
E 2 0.01 40.07 0.27 13.81 4.15 13.81 4.15
3 199.11 650.54 849.28 847.33 20130 045 201.30
4 18.99 3.16 1.09 3197 2234 36.23 22.37
1 6.58 3.19 7.57 6.36 4.58 5.39 4.58
2 5.61 6.54 3.78 4.83 4.81 5.58 4.21
F 3 3.85 5.80 5.76 5.15 3.76 4.21 3.76
4 6.09 5.52 5.05 3.46 5.51 6.07 5.51
MOPSO oz, Sl 53 4t s 555k slagly -¥ Ui
Table 3. Pareto optimal solutions in MOPSO algorithm
Row 1 2 3 4 5 6 7
PCV 0.0000 6.1250 0.0833 14.5416 16.2916 0.7916 8.9583
MIR (kg/day) 1.4363 1.1166 1.2573 0.9139 0.9040 1.1210 1.0408
Journal of Water and Wastewater NS 5 Ol dlore
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Fig. 5. Chlorine concentrations for the monitoring period at sources a) A, B and Cb) D, E and F
in the Brushy Plains network in the optimal solution selected in MKH Pareto
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Fig. 6. Chlorine concentrations for the monitoring period at nodes 3, 10, 13, 19, 33 and 35 in the
Brushy Plains network in the optimal MKH Pareto solution
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