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Abstract: During the last years multiobjective optimization has attracted the interest of those involved in the optimization field. 
Real problems usually involve the simultaneous optimization of several objectives, a fact that makes multiobjective 
optimization a priority. In 2001 Harmony Search Algorithm (HSA), a new optimization technique was presented. This 
novel metaheuristic is based on the observation that the aim of music creation is the quest of the perfect state of 
harmony. This quest is relevant to the optimization procedures that seek the optimum solutions. Since then, HSA was 
used successfully in various single – objective optimization problems and from 2010 and on, applications of HSA in 
multiobjective optimization (MO–HSA) increase in numbers. In the present paper MO–HSA is implemented towards 
the optimization of a pump scheduling, multiobjective problem. Additionally, Medley HSA, a powerful 
multiobjective variant, is introduced by the authors and compared to the traditional method. The application concerns 
the optimum management of a pumping station which consists of five pumps. The objectives include the simultaneous 
minimization of the energy consumption and the electric energy’s consumption peak and the minimization of the 
pumps’ wear. At the same time the pumped quantity must satisfy the demands of the urban area. The problem was 
solved for three different sizes of reservoirs. Varying the size of the reservoir causes a change in the search space and 
the Pareto – front. Moreover a sensitivity analysis of both Algorithms was made, based on the number of 
iterations/run. The optimal solutions that both methods detected are presented in 3D graphs along with analysis, 
comparison and comments. 
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1. INTRODUCTION 

During the last years, scientists focus on multiobjective problems and thus multiobjective 
optimization is a scientific field of continuously growing interest. Besides, real problems usually 
involve the simultaneous optimization of competing objectives. As a rule these problems don’t have 
a single solution which optimizes all objectives of the problem. For this reason, multiobjective 
optimization leads to a set of alternative solutions. 

Defining alternative solutions leads to the determination of the “Pareto front” of the searching 
space. A candidate solution X is Pareto – dominating a solution Y if X is at least as good as Y in all 
objectives and superior to Y in at least one objective. On the other hand, neither X or Y dominates 
the other if X is better in some aspects while Y is better in others. The best options, known as 
“Pareto front” or “Pareto set”, are the set of solutions which are non – dominated (Luke S., 2009). 
These solutions are optimal in the sense that an improvement in one objective cannot be achieved 
without the deterioration of at least one other objective. 

2. HARMONY SEARCH ALGORITHM (HSA) 

In the present paper the optimization of a multiobjective problem using Multiobjective Harmony 
Search Algorithm (MO–HSA) is described. Moreover, a novel multiobjective variant, Medley HSA, 
is presented and used as a powerful multiobjective optimization tool. 
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HSA was introduced by Z.W. Geem in 2001 (Geem et. al, 2001). It is inspired from the music 
creation process and imitates the musicians’ behavior. During a performance, a musician either 
plays the well-known melody of the performed song, the ‘theme’, or varies this theme by changing 
its melody or rhythm. A third option is to start an improvisation and create a totally new melody. 

HSA consists of three basic mechanisms that imitate the above options in order to create new 
solutions (Harmonies) for the examined problem. Harmony Memory Consideration occurs with 
probability HMCR%, Pitch Adjusting Rate with probability PAR% and Randomization with 100-
HMCR%. Description of these mechanisms can be found in (Kougias & Theodossiou, 2010a). 

3. MULTIOBJECTIVE OPTIMIZATION 

3.1 Multiobjective Harmony Search Algorithm (MO-HSA) 

Recently, in 2010, Zong Woo Geem presented a multiobjective HSA. His implementation 
managed to locate the non–dominated set in a bi–objective problem concerning time–cost trade–off. 

In order to solve a multiobjective problem, the HSA is adjusted. In single – objective problems 
Harmony Memory (HM) includes the solutions detected during the repetitive process, the values of 
the variables of the problem and the corresponding value of the objective function. However, in 
multi-criterion problems HM must also contain the corresponding values of every other objective. 

An additional adjustment concerns the Selection procedure of the solutions which are created 
during the repetitive process. According to Pareto dominance theory, a solution is dominant to 
another only if it shows equal performance for every objective function and better performance for 
at least one objective of the problem. In MO-HSA the authors designed a selection procedure which 
includes routines and subroutines that lead to a Pareto – based selection of the solutions. 

3.2 Medley Multiobjective Harmony Search Algorithm (MEMO-HSA) 

The Medley Multiobjective Harmony Search Algorithm (MEMO-HSA) is a novel multiobjective 
variant of the HSA, introduced by the authors, which deals with complex multiobjective problems. 
In multiobjective optimization it is quite common to make consecutive runs of the algorithm in 
order to locate the Pareto – optimal set. In every run the initial solutions that comprise the Harmony 
Memory are, as a rule, random solutions which, most likely, are not close to the optimal front. 
However, after each run, the decision maker receives segments of the optimal front, located by the 
algorithm. Why then does one need to start every run with random initial solutions in the HM when 
he/she can insert some of the solutions found so far? Shouldn’t this boost the process? 

The Medley Multiobjective HSA creates solutions in each run in a similar way with MO-HSA. 
However, it has a unique ability. As it performs one run after the other, it saves the best solutions 
found so far in a table (enhance table) and uses them in future runs. Initially, an empty table is 
created before the algorithm starts. In every run, new optimal solutions are located by the Algorithm 
and are added to this table. A sorting mechanism ensures that from all the old and new solutions, the 
best will be selected. This mechanism compares the solutions in a Pareto sense and the table 
includes only the Pareto optimal solutions found so far.  

In order to use the elements of the enhance table in the initial Harmony Memory the “Enhance 
Ratio”, a new parameter, is introduced. Enhance Ratio takes a value equal to the percentage of the 
initial solutions in the Harmony Memory that originate from the table of the best solutions.  

The basic ability of the Medley Multiobjective HSA (MEMO–HSA) is that it “enhances” the 
initial Harmony Memory in the beginning of each run, with solutions from the table of the best 
solutions found so far. The percentage of this mechanism is appointed by the user. It can vary from 
0%, which transforms the Medley algorithm to the normal MO-HSA algorithm, to 100% which 
leads to an initial Harmony Memory that consists only of solutions, members of the enhance table. 
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Alternatively, the algorithm fills the Harmony Memory partially with elements of the best 
solutions table and the rest with random solutions. The Enhance Ratio determines in that case the 
percentage of each source. This strategy has been proved to lead to programs that perform better. 
Detailed description of the Medley MO-HSA is illustrated in Figure 1. 

Both Algorithms have adopted a decimal coding scheme. Moreover, a penalty has been included 
in the program, ensuring that all the restraints will be satisfied. 

 

Figure 1: Flow chart of Medley Multiobjective Harmony Search Algorithm 

4. PUMP SCHEDULING. MULTIOBJECTIVE OPTIMIZATION 

A specific model has been chosen to be optimized with both the Multiobjective HSA and the 
Medley MO-HSA. This model is using five pumps and it is based on an operational pumping field 
in Paraguay (Savic et al., 1997). 

The model is presented in Figure 2 and the pumping station is composed of 5 pumps. The 
combinatorial function of different pumps is assigned with a fixed water discharge and corresponds 
to fixed electric energy consumption. The characteristics of the different combinations of hourly 
discharge – energy consumption are available in the literature (Savic et al., 1997). The daily 
demand is presented in Figure 3. 
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Figure 2: Multiobjective pump scheduling problem 

 

Figure 3: Water demand curve 1. 

4.1 Mathematical formulation of the problem 

The objectives of the present problem include the minimization of: 

4.1.1 Electric energy cost 

All the pumps of the pumping station consume electric energy during their operation. This cost is 
an important objective of the problem, since it represents the main cost of the operational station. 

The energy cost per KWh varies during a 24 hour operation and this variation depends on the 
tariff structure. In the present problem the cost of electric energy is constant between 7am and 11pm 
and reduced by 50% during the night (11pm – 7am): 
 High Cost: From 7:00 to 23:00 (CH= 0,05625 € / KWh) 
 Low Cost: From 23:00 to 7:00 (CL= 0,02812 € / KWh) 
 
The objective function of the electric energy cost has the following formation: 

16 24

1 17
C H i L i

i i

E C cp C cp
 

      (1) 

where cpi is the electric energy consumption during the time step i. 
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4.1.2 Electric energy peak consumption 

Electricity companies have often an additional factor in their charging policy, the peak power 
consumption which acts as a penalty if the maximum energy demand exceeds a certain limit. Thus, 
it is important to keep the maximum consumption among all time intervals as low as possible. 

The objective function of the electric energy cost has the following formation: 

( ) max( )i iPeak cp cp  (2) 

4.1.3 Pump maintenance cost 

The cost of maintenance of the pumping system can be an important parameter, sometimes as 
important as the cost of electric energy. Using indirect methods to predict the wear of a pumping 
system is an advisable method. Such a method suggests that the number of switches corresponds to 
the maintenance cost, because a change in the state of a pump causes a considerable wear. This idea 
was presented for the first time by Lansey and Awumah in 1994. 

Obviously a pump that was working in a preceding time interval and continues to work doesn’t 
constitute a switch. Similarly, a pump that was off in the previous time step and doesn’t work in the 
present interval doesn’t constitute a switch, too. 

Reducing the number of switches in the daily operation of the system has been proved to be 
beneficial to the pump maintenance cost. The number of switches is expressed by the equation: 
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    (3) 

4.2 Scenarios 

MO-HSA and Medley Multiobjective HSA optimized three different scenarios of the problem.  
In each scenario the size of the elevated reservoir or the number of iterations are altered.  
For all cases, the results were obtained after consecutive runs of the program and processed in 3d – 
diagram software. 

For each scenario 2 diagrams were produced. The first contains the solutions that offer maximum 
flow rate, minimum cost and minimum peak of the electricity demand, while the second shows the 
solutions that offer maximum flow rate, minimum cost and minimum damage for the pumps. The 
pumps were considered to be damaged exclusively when a switch occurred. 

In all diagrams the flow rate of each solution and the corresponding energy cost are represented 
in the same axes. The 3rd axis represents in ‘a’ diagrams the peak of the electricity demand, while 
in the ‘b’ diagrams the number of switches. The different solutions are represented by dots, while 
lines connecting the solutions illustrate the actual Pareto front. 

In all cases the total water demand was the same and equal to 54788 m3. However, every 
solution offers a different daily water supply. The accepted ones offer a daily supply between  
90% · 54778 m3 and 110% · 54788 m3. 

In case a constraint was included and accepted solutions had to offer an exact daily supply of 
54788 m3, the convergence would be very slow. Furthermore, it is quite realistic to consider that the 
total daily demand will vary during the days of the year and moreover it may change in the future. 
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4.3 Parameter setting of the algorithms 

Both algorithms performed for each case the same number of runs and iterations. All the 
parameters of the algorithms were set to take the same values, except for the Enhance Ratio, which 
only exists in the Medley Algorithm.  

Two different series of runs were executed. One consists of runs of 100000 iterations and the 
other of only 1000 iterations. This second series of runs was executed in order to compare the 
ability of the 2 algorithms to converge quickly to the Pareto Front. 

4.4 Results 

The results consist of 2 parts. In the first part graphs are presented, showing the Pareto Fronts 
that both methods located for different scenarios. The graphs show the Pareto optimal solutions for 
3 different scenarios. The solutions located by the MO HSA are followed by those obtained by the 
Medley MO HSA. 

In the second part, a comparison of the 2 algorithms is presented, based on their results for all the 
different scenarios and for both groups of runs (100000 and 1000 iterations).  

In Figures 5 - 9 the form of the Pareto fronts is illustrated. As expected, the MO-HSA performed 
much better for the runs that included 100000 iterations compared to those with 1000 iterations. 

The electricity peak can only take certain, discrete values while the damage of pumps has a wide 
range of values. This is due to the fact that all 5 pumps consume a certain amount of electric energy. 
This leads to a restricted width of the electricity peak in the results. 

With a closer look, it is obvious that for the minimum amount of water supply, solutions that 
include high electricity peak or high pump damage are not numerous (if there are any). This was 
expected, because fewer combinations of pumps can lead to the lower amounts of water supply and 
the majority of them do not require great amounts of electricity. 

On the contrary, for the middle and high values of water and cost, it is clear that there are 
solutions that are not close to the majority of the rest (for similar water supply). The explanation to 
this phenomenon is that a small number of solutions offer smaller peak or less damage to the 
pumps, even though the cost of them is relevantly higher. However, these solutions also belong to 
the optimum ones. For the greater amounts of water supply this phenomenon becomes more intense, 
due to the reason that all different combinations of pumps can be used. Consequently, several 
different electricity peaks and pump damages may occur in these solutions. 

4. ALGORITHM COMPARISON 

In order to compare the algorithms in an efficient way information about the quality of the 
results and the time needed to locate the optimum fronts were used. MO-HSA was extensively 
evaluated by the authors in Kougias et al. (2012). 

An important evaluation of the algorithms included a comparison of the solutions that each 
method located. This test clearly shows which algorithm managed to find better results than the 
other. In order to do that, the solutions that the two Algorithms found were combined in one table. 
Subsequently, the solutions were sorted to dominated and non-dominated. This process illustrates in 
what extent the results that each method detects, dominate the results obtained by the other method.  

In both type of runs (100000 and 1000 iterations per run), the Medley MO-HSA performed much 
better. 
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100.000 iterations per run: 

1st Scenario: Water Deposit Volume = 15400 m3  

MO-HSA 

 
Figure 4a: Peak of electricity demand    Figure 4b: Damage of pumps 

Medley-HSA: 

 
      Figure 5a: Peak of electricity demand          Figure 5b: Damage of pumps 
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2nd Scenario: Water Deposit Volume = 18200 m3 

MO-HSA: 

 
Figure 6a: Peak of electricity demand   Figure 6b: Damage of pumps 

Medley-HSA: 

 
 

Figure 7a: Peak of electricity demand   Figure 7b: Damage of pumps 
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1000 iterations per run: 
 
3rd Scenario: Water Deposit Volume = 18200 m3 

MO-HSA: 

 
Figure 8a: Peak of electricity demand   Figure 8b: Damage of pumps 

Medley-HSA: 

 
 

Figure 9a: Peak of electricity demand   Figure 9b: Damage of pumps 
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For the runs with 100000 iterations the percentages of the Pareto-dominant solutions for the 
Medley MO-HSA varied from 67% to 92% and for the MO-HSA varied from 19% to 67%. 

 
Table 1: The average percentages (100000 iterations) for all scenarios: 

 Electricity Pumps Total 
Medley-HSA: 75% 82% 78.5% 
MO-HSA: 50% 39% 45%. 

 
For the runs with 1000 iterations the percentages of Pareto-dominant solutions for the Medley 

algorithm varied from 98% to 100%. For the MO-HSA they varied from 0% to 18%. 
 

Table 2: The average percentages (1000 iterations) for all scenarios: 

 Electricity Pumps Total 
Medley-HSA: 99% 99% 99% 
MO-HSA: 6% 5% 5.5%. 

 
It is obvious that the Medley HSA outperformed MO-HSA. As the number of iterations 

increases, it is expected that the quality of the results is balanced, since a large number of iterations 
gives the opportunity to both algorithms to locate Pareto – optimal solutions.  

From the previous comparison, another difference occurs for the two tri-objective problems. 
Weather electricity peak or the damage of the pumps is the third objective, is also a factor that 
affects the results. Besides, it is expected that a different objective leads to a different problem. And 
each problem, as a rule, behaves in a different way while optimized by Harmony – based methods. 
This serious difference can be particularly noticed in solutions given by 100000 iterations. 

In the next table a comparison of the results that were detected with runs of 100000 iterations 
and 1000 iterations using the same Algorithm, is presented. The method of comparing the results is 
the same as in the previous. 

 
Table 3: Medley Multiobjective HSA. Percentage of Pareto-optimal solutions 

Medley-HSA: Lowest Highest 
100000 iterations: 66% 90% 

1000 iterations: 10% 66%. 

Average percentages: 
 Electricity Pumps Total 

100000 iterations: 74% 84% 79% 
1000 iterations: 57% 21% 39%. 

 
Table 4: Multiobjective HSA. Percentage of Pareto-optimal solutions. 

MO-HSA: Lowest Highest 
100000 iterations: 92% 100% 

1000 iterations: 2% 21%. 

Average percentages: 
 Electricity Pumps Total 

100000 iterations: 97% 98% 97.5% 
1000 iterations: 13% 7% 10%. 

 
This comparison shows how well Medley HSA performs with few iterations – and consequently 

in a short computing time.  
By the percentages presented above, it is totally clear that the Medley HSA performs much better 

compared to MO-HSA when iterations are kept relatively few. Naturally, the results obtained with 
higher number of iterations are clearly better. However, in the results that include the electricity 
peak even with 1000 iterations, the solutions are satisfactory. On the contrary, it is obvious that 
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MO-HSA cannot perform well, when the number of iterations is small. 
In the following table, the results that Medley HSA obtained after only 1000 iterations, are 

compared with those traditional MO-HSA has located after 100000 iterations: 
 

Table 5: Comparison of the two methods 

 Lowest Highest 
MO-HSA 100000 iter: 52% 82% 
Medley-HSA 1000 iter: 31% 76%. 

Average percentages: 
 Electricity Pumps Total 

MO-HSA 100000 iter: 66% 73% 69% 
Medley-HSA 1000 iter: 65% 43% 54%. 

 
This comparison leads to the conclusion that Medley HSA in only 1000 iterations locates Pareto 

optimal solutions in a comparable percentage to MO-HSA, when it runs for 100000 iterations. 
Regarding the solutions that include the peak of electricity the algorithms gave equally good 
solutions. This is very important, because it proves the ability of Medley-HSA to converge very 
quickly. 

Apart from all the above, information about the quantity of the obtained Pareto-optimal solutions 
and the computation time will be presented. Regarding the number of Pareto-optimal solutions, the 
Medley-HSA detected in average 37% more results when the runs included 100000 iterations and 
353% more when 1000 iterations were completed. Especially as the number of iteration decreases 
the Medley MO-HSA seems to be performing considerably better, providing the user with a much 
larger amount of solutions. 

 
Table 6: Average number of Pareto optimal solutions that the Algorithms located: 

100000 iter: Electricity Pumps Total 
Medley-HSA: 201.17 189.50 195.33 

MO-HSA: 153.17 132.17 142.67 
    

1000 iter: Electricity Pumps Total 
Medley-HSA: 225.17 165.30 194.33 

MO-HSA: 40.67 45.17 42.92 

 
Lastly, the factor of time is examined. Medley HSA, has some extra abilities and also performs 

an extra mechanism than the MO-HSA. These differences result to the fact that Medley algorithm 
needs more computation time per run. For a number of iterations equal to 1000, the computational 
time was fractional for both Algorithms, as expected. However, when the number of iterations 
increased, Medley Algorithm needed considerably more computation time. Still, it is a firm belief 
of the writers that further improvements in the programming code of Medley HSA, can bridge this 
difference and although it may still exist, it will be relatively small. 

5. CONCLUSIONS 

In the present paper, Harmony Search has been applied towards the optimization of a demanding 
multiobjective problem. Both algorithms used in the application on a pump scheduling problem 
showed a remarkable performance. They optimized three different scenarios for different size of 
deposit. The solutions obtained, covered the entire Pareto – fronts. In these figures the decision – 
maker can find optimal solutions, members of the Pareto – optimal set, and choose applicable 
solutions to each situation. 

Multiobjective HSA and its implementation on water resources management problems can be a 
robust tool towards multiobjective optimization. Besides, in the present paper it is shown that MO – 
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HSA and Medley-HSA provide high quality results in complex multiobjective water management 
problems. 

Lastly, it can be of high interest that the Medley-HSA, which makes use of the results it obtains 
during the process of multiple runs, seems to show a remarkably fast performance, converging to 
Pareto optimal solutions after a small number of iterations. This new variant, proposed by the 
authors, can be successfully applied in future problems, providing excellent results in complex 
multiobjective problems. 
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