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Abstract 

An optimal operating strategy is proposed for integrated energy systems under 
economic, environmental, and social benefits based on a modified cuckoo search 
(MCS) algorithm. Each optimal operating strategy is a solution to a multi-
objective optimization problem with non-linear constraints. The MCS algorithm 
is applied for finding out the optimal operating strategy of integrated energy 
systems. The cuckoo search (CS) algorithm is modified to increase the 
convergence speed where the first modification relates to the size of the Lévy 
flight step size and the second modification includes the addition of information 
exchange between the top eggs or the best results. The proposal is implemented 
to the integrated IEEE 10-generator energy system. The obtained results confirm 
the proposal’s effectiveness for optimization of economic, environmental, and 
social benefits of integrated energy systems. The particle swarm optimization 
(PSO) and CS algorithms are used to make comparisons showing the superiority 
of the MCS algorithm, as well as confirming the MCS algorithm’s potential, 
especially in integrated energy systems. 
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1. Introduction 
The classical optimal operating problem is to search an optimal operating strategy 
for generators [1-9]. Furthermore, due to environmental concerns arising from 
the emissions produced by fossil-fuelled thermal power plants, the classical 
problem of optimization can no longer be only considered to optimize the total 
cost of fuel. The environmental problem is proposed to optimize the emissions of 
sulphur oxides, SOx and nitrogen oxides, NOx caused by fossil-fuelled thermal 
power plants [10-13]. 

Additionally, it is important that the generated power has to be provided reliably 
to society. There is also a social impact on power outages [14]. This paper presents 
the optimal operating problem, taking into account the economic, environmental, 
and social benefits. Especially, the problem is applied for an integrated energy 
system including thermal, wind and solar power plants [8, 14-22]. Obviously, the 
integrated energy system depends on uncontrollable natural conditions creating 
difficulties in the optimization. 

There has been much research using various approaches to solve the optimal 
operating problem such as a distributed algorithm of the convex relaxation and dual 
decomposition which does not require any initialization process and robust to 
various changes [1]; an application of barnacles mating optimizer which is based 
on the behaviour of barnacles seeking of mating [2]; a combination of a bee 
algorithm and tabu search algorithm [3]; a particle swarm optimization algorithm 
[4, 8]; a teaching learning based optimization technique which is inspired by the 
teaching and learning process in a classroom environment [5]; a stochastic whale 
optimization algorithm [6]; an adaptive piecewise-quadratic under-approximation 
[7]; a cuckoo search algorithm [9, 11]; an evolutionary algorithm [10, 13, 15], etc. 

It can be realized that there has recently been a significant number of modern 
meta-heuristic algorithms proposed for solving the optimal operating problem. 
These algorithms which are emerging and becoming increasingly popular are 
inspired by nature. There are two main characteristics of intensification and 
diversification in these algorithms. The effectiveness or ineffectiveness of a meta-
heuristic algorithm obviously relies upon a proper trade-off between exploration 
and exploitation. If the trade-off is poor, then it will result in an unacceptable 
optimization approach. Amongst meta-heuristic algorithms, the PSO algorithm and 
its variants are used popularly in the optimal operation problem, because they are 
simpler to implement than other existing optimization algorithms [8]. However, the 
PSO algorithms are easy to be stuck in a local optimum and result in premature 
convergence [23]. Recently, the CS algorithm is also applied to resolve the optimal 
operation problem however, its convergence capability is sometimes poor [9].  

This paper proposes a MCS algorithm for the optimal operating problem of the 
integrated energy systems. The proposed MCS algorithm is to optimize the fuel cost, 
emission, and risk cost of the integrated IEEE 10-generator energy system. The paper 
is organized as follows. The integrated energy system including thermal, solar and 
wind plants and a load model is described in Section 2. The optimization of the 
integrated energy system is introduced in Section 3. A novel application of a MCS 
algorithm for the optimal operating problem is proposed in Section 4. The obtained 
results and comparisons follow to validate the proposal in Section 5. Finally, the 
proposal’s advantages are summarized in Section 6. 
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2. Integrated energy systems 
An optimization of the integrated energy system is obtained by harvesting 
maximum renewable energy during its availability. The integrated energy system 
includes the thermal, solar and wind plants in this paper, where solar power is 
produced either by solar PV panels, solar thermal plants, or both, while wind power 
is produced by wind turbines. The solar and wind powers are presented in sections 
2.1-2.2 followed by a description of the load model. 

2.1. Solar energy source 
The power of solar PV panels is obtained at the maximum power point (MPP) as 
follows [8]: 
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where PPV: The PV power at the MPP (W), PPV,STC: The rated PV power at the MPP 
and standard testing condition (STC) (W), GT: The irradiation level (W/m2), ct: The 
power temperature coefficient at the MPP (%/0C), T: The cell temperature (0C), 
NPVs and NPVp: The number of modules in series and in parallel composing the PV 
generator, respectively. 

The power of a solar thermal plant is given by: 

TcTher GAP ××=η              (2) 

where PTher: The power of a solar thermal plant (W), η: The collector efficiency, 
and Ac: The collector area (m2). 

2.2.Wind energy source 
The mechanical power recovered by a wind turbine is given by [8]: 

3

2
1

windsewind VACP ××××= ρ                 (3) 

where Pwind: The mechanical power of a wind turbine (W), Ce: The efficiency factor 
depending on the wind speed and the system architecture, ρ: The density of air 
(kg/m3), ρ=1.225 kg/m3, As: The surface area traversed by the wind (m2), and Vwind: 
the wind speed (m/s).  

2.3. Load model  
It is obvious that the above integrated energy system depends on uncontrollable 
natural conditions forming challenges for optimizing. In order to simplify this issue, 
the harvested solar and wind powers are assumed as negative loads. Then, the actual 
load power is given by: 

( )windsolar
Total

load
Actual

load PPPP +−=                 (4) 

where Actual
loadP : the actual load power (W), Total

loadP : the total load power (W), solarP : 
the solar generation power (W), and windP : the wind generation power (W). 
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3.Optimization of integrated energy systems 
In this paper, the optimization is to minimize the objective functions of the fuel 
cost, emission and risk cost with several equality and inequality constraints. Based 
on the characteristics of thermal, solar and wind power generations, this multi-
objective optimal operation is established as follows.  

3.1. Objective function 
3.1.1. Economic benefit based objective function   

The economic benefit based objective function, f1 is based on the fuel cost curves 
of thermal generators which are quadratic functions with a sine component to 
represent the valve loading effects. It is given by [8]: 

( ) ( )[ ]∑
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where C(PG): the total fuel cost  $/h, ai, bi and ci: the cost coefficients of the ith 
generator, di and ei: the cost coefficients of the ith generator reflecting valve-point 
effects, PGi: the active output power of the ith generator (W), PGi

min: the lower limit 
of the active output power of the ith generator (W), PGi

max: the upper limit of the 
active output power of the ith generator (W), PG: the vector of the active output 
powers of generators defined as follows: PG = [PG1, PG2, . . .,PGNg], and Ng: the total 
number of thermal generators in a power system. 

3.1.2. . Environmental benefit based objective function 

The environmental benefit based objective function, f2 is based on the total 
emission of atmospheric pollutants such as sulphur oxides, SOx and nitrogen 
oxides, NOx caused by fossil-fuelled thermal power plants. It is described by the 
polynomial and exponential terms of thermal generators as follows [24]: 
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where E(PG): the total emission (ton/h), and αi, βi, γi, ξi and ωi: the emission 
coefficients of the ith generator. 

3.1.3. . Social benefit based objective function 

The social benefit based objective function, f3 is based on a risk cost caused by 
solar and wind powers. The risk is the power outage producing social losses. It is 
as follows [14]: 
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where Rt: the coefficient of the risk cost in tth hour caused by solar and wind powers 
($/hW), Pt

reserved = PGi
max

 - PGi
t: the spinning power reserved in tth hour (W), and 

Pt
renewable: the output solar and wind powers in tth hour (W). 

3.2. Constraint conditions 
The constraint conditions including power balance, power operation limit, ramp 
rate limit, and security operation are as follows: 

3.2.1. Power balance 

The power balance constraint is described by: 
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where Ploss: the active power loss in transmission lines (W), and Bij, Bi0 and B00: the 
B-coefficients of the power loss of the power system which depend on the 
impedance parameters of the transmission lines. 

3.2.2. . Power operation limit 

The power generation should be within the minimum and maximum limits as follows: 
maxmin

GiGiGi PPP ≤≤ , i = 1, . . ., Ng              (11) 
max0 solarsolar PP ≤≤                 (12) 
max0 windwind PP ≤≤                 (13) 

where max
solarP : the upper limit of the solar generation power (W), and max

windP : the 
upper limit of the wind generation power (W). 

3.2.3. Ramp up and down rate power limit 

The ramp up and down rate power constraints for thermal generating units are 
described as follows:  

( ) ( )
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GtGtG iii
PPP ≤− −1                (14) 

( ) ( )
down

GtGtG iii
PPP ≤−−1                (15) 

where up
Gi

P  and down
Gi

P : the ramp up and down rate power limits of the ith generator, 

respectively (W). 

3.2.4. . Security operation 

For security operation, the transmission line loading, Sl is restricted by its upper 
limit as follows: 
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max
lili SS ≤ , i=1, . . ., nl               (16) 

where Sli: the transmission line loading, Smax
li: the upper limit of the transmission 

line loading, and nl: the number of transmission lines. 

3.3. Optimization model 
This paper presents the three optimization models for integrated energy systems 
including the economic optimization model; the economic and environmental 
optimization model; and the economic, environmental, and social optimization 
model. The description of each optimization model is detailed as follows: 

The economic optimization model is based on the fuel cost function of thermal 
generators. Then, the objective function, f1 is minimized. 

The economic and environmental optimization model is described by the 
functions of the fuel cost and the emission respectively, f1 and f2. This is to optimize 
the fuel cost and the emission of thermal generators. 

The economic, environmental, and social optimization model is established by 
the functions of the fuel cost, the emission, and the risk cost respectively, f1, f2 and 
f3. This model is optimized to ensure that the fuel cost and the emission of thermal 
generators as well as the risk cost caused by solar and wind powers are minimal. 
The MCS algorithm is proposed to solve the models of the economic optimization; 
the economic and environmental optimization; and the economic, environmental, 
and social optimization of the integrated energy system with the thermal, wind and 
solar powers. 

4. Modified cuckoo search algorithm based optimization. 
The CS algorithm is a stochastic global search algorithm based on the interesting 
breeding behaviour such as brood parasitism of certain species of cuckoos [25]. 
The CS and MCS algorithms are presented in detail in sections 4.1 - 4.2. 

4.1. Cuckoo search algorithm 
The breeding strategy of some cuckoos by laying their eggs in the nest of host birds 
is utilized where the cuckoo randomly chooses the nest position to lay an egg that is 
a new solution, 1

,
+iter

kGi
P  in the optimization through the Lévy flight behaviour [25]. 

( )σε LevyPP iter
kG

iter
kG ii

⊕+=+
,

1
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where ε > 0: the step size, k: the kth host nest, k=[1,…, m], l: the lth random nest, 
l=[1,…, m], m: the number of the host nest, iter: the iterth iteration, Itermax: the 
number of maximum iterations, ⊕: the product of the entry wise multiplications, 
and pa: the possibility of an alien egg to be discovered by host bird, pa∈[0, 1]. 

The step length, Lévy(σ) is given by: 
Lévy(σ) = t-σ, σ∈(1, 3] (18) 

The flowchart of the CS algorithm applied for the optimal operating problem is 
shown as in Fig. 1. 
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Fig. 1. CS algorithm flowchart applied for the optimal operating problem. 

4.2.  Modified cuckoo search algorithm 
It is obvious that the CS algorithm is always converged, however the convergence 
speed and value are sometimes poor. A MCS algorithm has been introduced to 
improve the convergence for optimizing of the integrated energy system. The 
objective functions are in (5)-(8) as well as the equality and inequality constraints 
are in (9)-(16).The modifications are described as follows [26]: 

The first modification is made to the Lévy flight step size, ε that is a constant 
value, ε=1 [25] in the CS algorithm. This affected the ability of the localized 
searching when the solution gets closer to the best one. In the MCS algorithm, the 
value of ε is made to decrease as the number of generations increases so that the 
searching performance is improved. An initial value of the Lévy flight step size, 
ε0=1 is chosen and then, a new Lévy flight step size is calculated at each generation 
as follows: 

Initialize randomly a population of k host nests, PGi,k (k=1,2,...,m) 

Start 

Get randomly a cuckoo by     Lévy flights, k 

Evaluate the fitness, PGi,k 

Get randomly a nest among m, l 

PGi,l ≤ PGi,k 

Let l as the solution. 

Replace l by the new solution. 

Abandon a fraction, pa of worst nests and build new ones at new 
locations via Lévy flights. 

Keep the current best 

iter ≤ Itermax 

Find the best nest, PGiopt 

End 

Yes 

No 

Yes 

No 

Evaluate the fitness, PGi,l 
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iteri
0εε =                 (19) 

where ε0: The initial value of the Lévy flight step size. 

The second modification is to speed up the convergence by adding information 
exchange between top solutions which is not available in the CS algorithm. The 
information exchange in the MCS algorithm is described as follows: 

A fraction of the eggs with the best fitness are put into a group of top elite eggs 
and each of the top elite eggs randomly picks a second elite egg. A new egg is then 
generated along the line connecting these two top elite eggs. If both eggs have the 
same fitness, then the new egg will be generated at the midpoint. There is a 
possibility that the same egg is picked twice in this step. In this case, a local Lévy 
flight search is performed from the randomly picked nest that the Lévy flight step 
size, ε is given by: 

2iteri
εε =                 (20) 

The MCS algorithm is proposed to find out optimal powers, PGi in order to 
ensure the optimization of the economic, environmental, and social benefits of the 
integrated energy system.  

5. Numerical Results 
The numerical results of the optimal operating problems are implemented on the 
integrated IEEE 10-generator energy system with the solar and wind energy sources 
by using the MCS algorithm is shown in Fig. 2. 

 
Fig. 2. IEEE 10-generator energy system. 
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The fuel cost coefficients and active generation limits; the emission 
coefficients; and the values of the B-coefficients matrix for the IEEE 10-generator 
energy system are in Tables 1-3 [2524]. The solar power, Psolar including the PVs' 
power, Ppv and the power of solar thermal plants, PTher as well as the power of wind 
turbines, Pwind of the 24 hours are assumed; and then, the total and actual load 
demands are calculated as in Table 4. The upper limits of the solar and wind 
generation powers are 100 MW. The ramp up and down rate power limits of the ith 
generator is set as 10% of its maximum power. Figure 3 obviously shows that the 
total power of traditional thermal generators has been cut down by the solar and 
wind powers. The average reduction is 22.64%. In the period of 8 h - 12 h, the total 
power of the renewable energy sources generated is highest, 170 MW including the 
solar power, Psolar = 90 MW and the wind power, Pwind = 80 MW. Furthermore, the 
percentage of the total power of traditional thermal generators cut down is largest 
in the period of 5 h - 8 h, 26.79%. These positively impact on the factors concerning 
the fuel cost and emission minimization of the power system. This also confirms a 
tendency towards modern power systems including renewable energy sources in 
the future. Table 5 shows the parameters of the CS and MCS algorithms. The 
difference between these two algorithms is the chosen value of the Lévy flight step 
size, ε. 

 
Total

loadP  Actual
loadP  solarP  windP  windsolarP +  

Fig. 3. Total and actual load powers and the solar and wind powers obtained. 

Table 1. Fuel cost coefficients and active power 
 generation limits of the IEEE 10-generator energy system. 

Gi ai bi ci di ei PGi
min PGi

max 

1 1000.403 40.5407 0.12951 33 0.0174 10 55 
2 950.606 39.5804 0.10908 25 0.0178 20 80 
3 900.705 36.5104 0.12511 32 0.0162 47 120 
4 800.705 39.5104 0.12111 30 0.0168 20 130 
5 756.799 38.5390 0.15247 30 0.0148 50 160 
6 451.325 46.1592 0.10587 20 0.0163 70 240 
7 1243.531 38.3055 0.03546 20 0.0152 60 300 
8 1049.998 40.3965 0.02803 30 0.0128 70 340 
9 1658.569 36.3278 0.02111 60 0.0136 135 470 

10 1356.659 38.2704 0.01799 40 0.0141 150 470 
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Table 2. Emission coefficients of the IEEE 10-generator energy system. 
Gi αi βi γi ξi ωi 

1 360.0012 -3.9864 0.04702 0.25475 0.01234 
2 350.0056 -3.9524 0.04652 0.25475 0.01234 
3 330.0056 -3.9023 0.04652 0.25163 0.01215 
4 330.0056 -3.9023 0.04652 0.25163 0.01215 
5 13.8593 0.3277 0.00420 0.24970 0.01200 
6 13.8593 0.3277 0.00420 0.24970 0.01200 
7 40.2669 -0.5455 0.00680 0.24800 0.01290 
8 40.2669 -0.5455 0.00680 0.24990 0.01203 
9 42.8955 -0.5112 0.00460 0.25470 0.01234 

10 42.8955 -0.5112 0.00460 0.25470 0.01234 

Table 3. Values of the B-coefficient matrix for the IEEE 10-generator energy system. 
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Table 4. Total and actual load demands of 24 hours. 
t 

(h) 
Pload

Total 
(MW) 

Psolar 
(MW) 

Pwind 
(MW) 

Psolar+ 
Pwind 

(MW) 

Pload
Actual 

(MW) 
∆∑PGi 
(%) 

0-5 168.00 2.25 38.00 40.25 127.75 23.96 
5-8 308.00 22.50 60.00 82.50 225.50 26.79 

8-12 712.00 90.00 80.00 170.00 542.00 23.88 
12-18 476.00 45.00 70.00 115.00 361.00 24.16 
18-24 336.00 5.00 40.00 45.00 291.00 13.39 
Total 2000.00 164.75 288.00 452.75 1547.25 22.64 

Table 5. Parameters of the CS and MCS algorithms. 

Parameter Value 
CS MCS  

Number of nests, m 10 10 
Number of maximum iterations, Itermax 200 200 
Lévy flight step size, ε 0.5 Using (18) and (19) 
Possibility of alien egg, pa 0.6 0.6 

In the numerical results, the Lévy flight step size is a constant value, ε=0.5 in the 
CS algorithm and is a generation-varying variable in the MCS algorithm. This is to 
improve the convergence ability of the CS algorithm including the convergence speed 
and value. In both the CS and MCS algorithms, the number of nests is 10; the number 
of maximum iterations is 200; and the probability of an alien egg is 0.6. Figures 4-8 
show the convergence characteristics of the fuel cost minimization with the solar and 
wind energy sources using the CS and MCS algorithms. With the CS algorithm, the 
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economic optimization problem converges at the 39th, 44th, 43rd, 41st and 40th 
iterations whereas with the MCS algorithm, it converges at the 14th, 15th, 16th, 17th

, 
and 16th iterations in the periods of 0 h - 5 h, 5 h - 8 h, 8 h - 12 h, 12 h - 18 h and 18 
h - 24 h respectively. It is obvious that the convergence speed of the MCS algorithm 
is always faster than that of the CS algorithm. 

Furthermore, in the period of 0 h - 5 h, the optimal fuel costs are 0.0559×105 $/h, 
0.0598×105 $/h, 0.0617×105 $/h and 0.0643×105 $/h using the MCS, CS, Chaos PSO 
and time varying acceleration based PSO (TVAC-PSO) algorithms respectively 
which show that the convergence value of the MCS algorithm is better than that of 
the CS, Chaos PSO and TVAC-PSO algorithms in the economic optimization, Table 
6. This is also similar in the periods of 5 h - 8 h, 8 h - 12 h, 12 h - 18 h and 18 h - 24 
h. Obviously, both the convergence speed and value are improved using the MCS 
algorithm compared with the CS, Chaos PSO and TVAC-PSO algorithms in the 
economic optimization. The improvement is due to the Lévy flight step size being 
made to decrease as the number of generations increases in order to improve the 
searching performance as well as there is the information exchange between the 
solutions in an attempt to speed up convergence to an optimal solution.  

 
Fig. 4. Convergence characteristic of the fuel cost minimization with the  

solar and wind energy sources using the CS and MCS algorithms, t=(0-5)h. 

 
Fig. 5. Convergence characteristic of the fuel cost minimization with the 

 solar and wind energy sources using the CS and MCS algorithms, t=(5-8)h. 
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Fig. 6. Convergence characteristic of the fuel cost minimization with 

 the solar and wind powers using the CS and MCS algorithms, t=(8-12)h. 

 
Fig. 7. Convergence characteristic of the fuel cost minimization with  

the solar and wind powers using the CS and MCS algorithms, t=(12-18)h. 

 
Fig. 8. Convergence characteristic of the fuel cost minimization with  

the solar and wind powers using the CS and MCS algorithms, t=(18-24)h. 
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Tables 6-8 show the best solutions for the economic optimization problem of 
the fuel cost minimization; the economic and environmental optimization problem 
of the fuel cost and emission minimization; and the economic, environmental, and 
social optimization problem of the total cost and emission minimization of the 
integrated IEEE 10-generator energy system using the MCS, CS, Chaos PSO and 
TVAC-PSO algorithms. In the period of 0 h - 5 h, using the MCS algorithm, the 
optimal total cost is 0.0559×105 $/h in the economic optimization problem, Table 
6. The optimal total cost is 0.0440×105 $/h in the economic and environmental 
problem, Table 7 which is significantly reduced as compared with the optimal total 
cost, 0.0559×105 $/h in the economic optimization problem, Table 6.  

The reduction percentage of the total cost is 21.29%. Additionally, the optimal 
total cost is 0.0463×105 $/h in the economic, environmental, and social optimization 
problem, Table 8 which is a little higher than the optimal total cost, 0.0440×105 $/h 
in the economic and environmental optimization problem, Table 7. The increment 
percentage is 4.97%. This is due to the consideration of the social benefit in the 
economic, environmental, and social optimization problem. Then, the total cost in the 
economic, environmental, and social optimization problem is increased compared 
with this in the economic and environmental problem. Obviously, it is necessary to 
consider the social benefit to manage the risk of power systems integrated with the 
solar and wind energy sources because of their randomness.  

The result analysis is the same in the periods of 5 h - 8 h, 8 h - 12 h, 12 h - 18 h and 
18 h - 24 h which shows the MCS algorithm’s stability in both the convergence speed 
and value. Similarly, in the period of 0 h - 5 h, the optimal emission amounts are 
233.4862 (ton/h); 254.2705 (ton/h); 257.5096 (ton/h) and 269.9262 (ton/h) using the 
MCS, CS, Chaos PSO and TVAC-PSO algorithms, respectively. This also shows that 
the convergence value of the MCS algorithm is better than that of the CS, Chaos PSO 
and TVAC-PSO algorithms in the economic and environmental optimization. This is 
also the same in the periods of 5 h - 8 h, 8 h - 12 h, 12 h - 18 h and 18 h - 24 h, Table 7. 
The MCS algorithm also shows its advantages in the convergence values of the optimal 
total cost and emission amount of the economic, environmental, and social optimization 
in the periods of 0 h - 5 h, 5 h - 8 h, 8 h - 12 h, 12 h - 18 h and 18 h - 24 h, Table 8. 

Table 9 shows the comparison of the best solution for the economic, 
environmental, and social optimization of the total cost and emission minimization 
of the IEEE 10-generator energy system with and without the solar and wind powers 
using the MCS algorithm. In the period of 0 h - 5 h, the total costs are 0.0463×105 $/h 
and 0.0538×105 $/h respectively with and without the solar and wind powers. The 
total cost reduction is 0.0075×105 $/h and the improvement percentage of the total 
cost is 13.96%.  

Table 6. Comparison of the best solution for the optimal  
economic operation of the fuel cost minimization with the solar and wind 

energy sources using TVAC-PSO and Chaos PSO, CS and MCS algorithms.  

t (h) Fuel cost, FC $/h×105 
TVAC-PSO Chaos PSO CS MCS 

0-5 0.0643 0.0617 0.0598 0.0559 
5-8 0.1134 0.1089 0.1055 0.0987 

8-12 0.2726 0.2617 0.2535 0.2372 
12-18 0.1816 0.1743 0.1689 0.1580 
18-24 0.1464 0.1405 0.1362 0.1274 
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Table 7. Comparison of the best solution for the optimal  
economic and environmental operation of the fuel cost and emission 

minimization with the solar and wind energy sources using TVAC-PSO 
and Chaos PSO, CS and MCS algorithms. 
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0-5 0.0508 269.9262 0.0486 257.5096 0.0478 254.2705 0.0440 233.4862 
5-8 0.0896 476.4646 0.0857 454.5472 0.0842 448.8297 0.0777 412.1419 
8-12 0.2154 1145.2054 0.2061 1092.5260 0.2025 1078.7835 0.1868 990.6027 
12-18 0.1435 762.7659 0.1373 727.6787 0.1349 718.5255 0.1244 659.7925 
18-24 0.1157 614.8612 0.1107 586.5776 0.1088 579.1993 0.1003 531.8549 

Table 8. Comparison of the best solution for the optimal economic, 
environmental, and social operation of  the total cost and emission 

minimization with the solar and wind  energy sources using TVAC-PSO, 
Chaos PSO, CS and MCS algorithms. 

 t (h) TVAC-PSO Chaos PSO CS MCS 
 Total 

cost, TC 
 $/h×105 

Emission, 
E(ton/h) 

Total 
cost, TC 
 $/h×105 

Emission 
E (ton/h) 

Total 
cost, TC 
 $/h×105 

Emission
, 

E (ton/h) 

Total 
cost, TC 
 $/h× 105 

Emission, 
E (ton/h) 

0-5 0.0558 262.6382 0.0531 247.7242 0.0519 243.8454 0.0463 215.0408 

5-8 0.0983 463.6001 0.0937 437.2744 0.0916 430.4276 0.0817 379.5827 
8-12 0.2364 1114.2849 0.2253 1051.0100 0.2201 1034.5534 0.1965 912.3451 
12-18 0.1575 742.1712 0.1501 700.0269 0.1466 689.0659 0.1309 607.6689 
18-24 0.1270 598.2599 0.1210 564.2876 0.1182 555.4521 0.1055 489.8384 

Table 9. Comparison of the best solution  
for the optimal economic, environmental, and social  

operation of the total cost and emission minimization with  
and without the solar and wind powers using MCS algorithm. 

t (h) 

Without the solar and 
wind powers 

With the solar and 
wind powers 

Comparison between with and without 
the solar and wind powers 

Total 
cost, 
TC 

$/h×105 

Emission, 
E(ton/h) 

Total 
cost, TC 
$/h×105 

Emission, 
E(ton/h) 

∆TC 
 $/h×105 

∆TC 
(%) 

∆E 
(ton/h) 

∆E 
(%) 

0-5 0.0538 226.7605 0.0463 215.0408 0.0075 13.96 11.7197 5.17 
5-8 0.0960 418.1483 0.0817 379.5827 0.0143 14.92 38.5656 9.22 
8-12 0.2277 1060.4187 0.1965 912.3451 0.0312 13.70 148.0736 13.96 

12-18 0.1524 688.7319 0.1309 607.6689 0.0215 14.13 81.0630 11.77 
18-24 0.1160 527.3110 0.1055 489.8384 0.0105 9.07 37.4726 7.11 

TOTAL 0.6460 2921.3705 0.5609 2604.4759 0.0851 13.17 316.8946 10.85 

Similarly, the emission amounts are 215.0408 (ton/h) and 226.7605 (ton/h) 
respectively with and without the solar and wind powers. The emission reduction is 
11.7197 (ton/h) and the improvement percentage of the emission amount is 5.17%. 
Obviously, the improved percentages of the total cost and the emission amount are 
always higher than 9% and 5% respectively by integrating the solar and wind powers. 
Especially, the improved percentage of the total cost is highest in the period of 5 h - 
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8 h with 14.92%, since the percentage of the total power of traditional thermal 
generators cut down is largest in the period of 5 h - 8 h, 26.79%.  

The improved percentage of the emission amount is highest in the period of 8 h - 
12 h with 13.96%. This is due to the solar and wind powers generated are highest, 
170 MW in the period of 8 h - 12 h. These show the effectiveness of integrating solar 
and wind powers into the energy system in the total cost and emission amount. 
However, it is obvious that this research also has several issues which need to be 
detailed in the future work such as the consideration of the cost functions of the solar 
and wind power sources, as well as the effect of the real time weather condition in 
the optimal operation. 

6. Conclusions 
The paper proposed the optimization model of the integrated energy system 
detailed in the optimization of the economic, environmental, and social benefits. 
Especially, the optimization of the social benefit which is based on the risk cost of 
the solar and wind power sources, has been mentioned in this paper. This 
contribution is valuable and necessary as the solar and wind power systems are 
increasingly encouraged to integrate into the traditional power system of the 
thermal and hydro power sources. In order to solve this multi-objective optimal 
operation problem, the MCS algorithm is a variant of the CS algorithm with the 
generation varying Lévy flight step size which has been proposed to find out an 
optimal solution for the integrated energy system. 

The obtained numerical results indicated that the fuel cost, emission, and risk 
cost of the integrated energy system are always less than those without the 
integration. It means that the solar and wind powers have efficiently supported to 
optimize the economic, environmental, and social benefits.  

Furthermore, the achieved results also validated the proposed application of the 
MCS algorithm for the optimal operation. It is obvious that the results of using the 
MCS algorithm are always better than those of using the CS, Chaos PSO and 
TVAC-PSO algorithms in the convergence speed and value. These results are 
particularly important in the optimal operation of the power system taking into 
account the renewable energy sources. 
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