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Abstract
Cost minimization of power generation is one of the most 
important power system problems. In this paper, an attempt is 
made to minimize the cost for generation in a power system. 
The aim of this paper is to find the optimum set of power to be 
generated for a given loading conditions. In this paper, a new 
algorithm teaching learning based optimization is developed 
and applied to ED problem. The proposed TLBO do not have 
the drawbacks of the classical heuristics such as local optimal 
trapping due to premature convergence, insufficient capability to 
find nearby extreme points, and lack of efficient mechanism to 
treat the constraints. The algorithm describes two basic modes of 
the learning: (i) through teacher (known as teacher phase) and (ii) 
interacting with the other learners (known as learner phase). The 
effectiveness and feasibility of the proposed TLBO method were 
demonstrated on 6 and 14-unit test systems and then compared 
with other algorithms like PSO and HSA. The experiments showed 
that the proposed approach was capable of determining higher 
quality solution while addressing the complex ED problems.
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I. Introduction
The Engineers have been very successful in increasing the 
efficiency of boilers, turbines and generators so continuously that 
each new added to the generating unit plants of a system operates 
more efficiently than any older unit on the system. In operating 
the system for any load condition the contribution from each plant 
and from each unit within a plant must be determined so that the 
cost of the delivered power is a minimum. Any plant may contain 
different units such as hydro, thermal, gas etc. These plants have 
different characteristic which gives different generating cost at 
any load. So there should be a proper scheduling of plants for 
the minimization of cost of operation. The cost characteristic of 
the each generating unit is also non-linear. So the problem of 
achieving the minimum cost becomes a non-linear problem and 
also difficult. Many numerical methods such as lambda iteration 
method, gradient method and quadratic programming method [1] 
applied for solving ED problem by assuming that the incremental 
cost curve as piecewise-linear monotonically increasing function. 
Lin et al.[2] presented integrated evolutionary programming, tabu 
search (TS) and quadratic programming (QP) methods to solve 
non-convex ED problems. This integrated artificial intelligence 
method also requires two-phase computations. 
Various mathematical programming such as linear and non-linear 
programming have been applied for solving convex ED problems. 
The traditional algorithms, dynamic programming imposes no 
restrictions on the nature of the cost curve and therefore it can 
solve ED problems. However, this method cannot be applied to 
solve large dimensional problems due to requirement of enormous 
computational efforts. Hence stochastic search algorithm such as 
genetic algorithm [3] may prove to be very effective in solving 

nonlinear ED problems without any restrictions on the shape of 
the cost curves. A very fast and effective non-iterative lambda 
logic based method is applied to solve economic dispatch of 
thermal units in [4]. Some of the well-known meta-heuristics 
developed during the last three decades are: Genetic Algorithm 
(GA) [5] which works on the principle of the Darwinian theory of 
the survival of the fittest and the theory of evolution of the living 
beings; Particle Swarm Optimization (PSO) [6] which works on 
the foraging behavior of the swarm of birds; Differential Evolution 
(DE) [7] which is similar to GA with specialized crossover and 
selection method; Harmony Search (HS) [8] which works on the 
principle of music improvisation in a music player; Shuffled Frog 
Leaping (SFL) [9] which works on the principle of communication 
among the frogs; Shuffled Differential Evolution (SDE) [10-12] 
which works similar to DE with specified crossover and selection 
method; Modified Shuffled Frog Leaping Algorithm (MSFLA) 
[13-14] which works on the principle of communication among 
rogs; 
A novel optimization method called ‗teaching-learning-based 
optimization (TLBO) has been proposed by Rao et al. [15] for 
constrained optimization problems. The method bases on the effect 
of influence of a teacher on learners and the effect of learners 
each other. Rao et al. [15] presented five different constrained 
benchmark test functions in order to demonstrate the robustness 
of TLBO. The results obtained from the design examples were 
compared with the other meta-heuristic optimization methods. The 
comparisons showed that the TLBO showed better performance 
with less computational effort over other meta-heuristic 
optimization methods. Rao et al. [16] developed the TLBO method 
for large scale non-linear optimization problems for finding global 
solutions. The results proved that the TLBO method is effective 
in terms of the computational effort, consistency and obtaining 
the near optimum solutions. After the pioneering studies of Rao et 
al. [15, 16, 17], the TLBO was employed for optimum design of 
planar steel frames [18]. The efficiency of the method was verified 
by using three steel frames previously optimized by the GA, HS, 
and improved ACO. With regard to the number of analyses and 
the results for the frames presented in the study, the TLBO method 
demonstrated outstanding performance over the GA, ACO, HS, 
and improved ACO [18].

II. Formulation of Economic Dispatch Problem
Generally economic dispatch is defined as the process of allocating 
generation levels to the generating units, so that load is supplied 
entirely and most economically. In an electrical power system, 
economic dispatch is the one of the most important optimization 
problem and it is a crucial task in the economic operation. The 
main objective of this economic dispatch problem is to determine 
the optimal combination of power outputs for all generating 
units that minimizes the total fuel cost while satisfying load 
demand and operating constraints that are equality and inequality 
constraints.

A. ED Problem With Smooth Cost Function
The ED problem is to find the optimal combination of power 
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generations that minimizes the total generation cost while 
satisfying an equality constraint and inequality constraints. The 
most simplified cost function of each generator can be represented 
as a quadratic function as given in whose solution can be obtained 
by the conventional mathematical methods.

 
)(

1
i

N

i
iT PFF ∑

=

=
    (1)

iiiiiii cPbPaPF ++= 2)(     (2)
Where FT is the total fuel cost, Fi(Pi) is Fuel cost function of 
generator i. ai, bi, ci are fuel cost coefficients of generator i, Pi is 
electrical output of generator i, N is total no of generators.
While minimizing the total generation cost, the generation should 
satisfy the following constraints.

B. Equality Constraint
While minimizing the total generation cost, the total generation 
should be equal to the total demand plus the network transmission 
losses.
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Where PD is the total system demand and PL is the transmission line 
loss. In this paper transmission line losses are not considered.

C. Inequality Constraint
The generation output of each unit should be between its minimum 
and maximum    limits. That is, the following inequality constraint 
for each generator should be satisfied.

iii PPP max,min, ≤≤
    (4)

Where and is the minimum and maximum output of 
generator i.  

D. ED Problem With Valve Point Loading Effect
The generator with multi valve steam turbines has very difficult 
input-output curve compared with the smooth cost function. 
Typically, the valve-point results in, as each steam valve starts to 
open the ripples like in the fig. 1 shown below. 

Fig. 1: Cost Function With and Without Valve Point Loading

To take these effects into the consideration, sinusoidal functions 
are added to the quadratic cost functions as follows

))(*sin(*)( min,
2

iiiiiiiiiii PPfecPbPaPF −+++=  (5)

where ei and fi are the coefficients of generator i with respect to 
valve point effect.

III. The Teaching Learning Based Optimization 
Algorithm
Like other algorithms Teaching-Learning based optimization is 
also a stochastic, and population–based evolutionary computer 
algorithm for problem solving .It uses a population of solutions 
to proceed to the global solution. The teaching-learning based 
optimization algorithm was first described in 2011 by Rao et al.[15] 
for constrained optimization problems. This algorithm inspired 
by passing on knowledge within a classroom environment, where 
learners first acquire knowledge from a teacher (i.e., Teacher 
Phase) and then from classmates (i.e., Learner Phase).

A. The Basic Idea Behind the TLBO
Teaching-Learning-Based Optimization (TLBO) is firstly proposed 
by R. V. Rao et al in 2011 [15] for handling the optimization of 
mechanical design problems by considering the influence of a 
teacher on learners. The basic philosophy of TLBO method can 
be gave by observing the following Figure 2 and Figure 3. Assume 
there are two different teachers, i.e., T1 and T2, which teach a 
subject with the same content to the same merit level learners 
in two different classes. Fig. 2 shows the distribution of marks 
obtained by the learners of two different classes evaluated by 
the teachers. Curves 1 and 2 represent the marks obtained by 
the learners taught by teacher T1 and T2 respectively. A normal 
distribution is assumed for the obtained marks, but in actual 
practice it can have skewness. The normal distribution is defined 
as

   (6)
Where σ2 is the variance, μ is the mean and x is any value for 
which the normal distribution function is required.

It is seen from fig. 3 that curve-2 represents better results than 
curve-1 and so it can be said that teacher T2 is better than teacher 
T1 in terms of teaching. The main difference between both the 
results is their mean (M2 for Curve-2 and M1 for Curve-1), i.e. a 
good teacher produces a better mean for the results of the learners. 
Learners also learn from interaction between themselves, which 
also helps in their results. Based on the above teaching process, 
a mathematical model is prepared and implemented for the 
optimization of a unconstrained non-linear continuous function 
with TLBO. Fig. 3 shows a model for the marks obtained for 
learners in a class with curve-A having mean MA.

Fig. 2: Distribution of Marks Obtained by Learners Taught by 
Two Different Teachers
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Fig. 3: Model for the Distribution of Marks Obtained Learners

The teacher is considered as the most knowledgeable person in 
the society, so the best learner is mimicked as a teacher, which is 
shown by TA in fig. 3. The teacher tries to disseminate knowledge 
among learners, which will in turn increase the knowledge level 
of the whole class and help learners to get good marks or grades. 
So a teacher increases the mean of the class according to his or 
her capability. In fig. 3, teacher TA will try to move mean MA 
towards their own level according to his or her capability, thereby 
increasing the level of learners to a new mean MB. Teacher TA 
will put maximum effort into teaching his or her students, but 
students will gain knowledge according to the quality of teaching 
delivered by a teacher and the quality of students present in the 
class. The quality of the students is judged from the mean value 
of the population. Teacher TA puts effort in so as to increase the 
quality of the students from MA to MB, at which stage the students 
require a new teacher, of superior quality than themselves, i.e., in 
this case the new teacher is TB. Hence, there will be a new curve-B 
with new teacher TB. For TLBO, the population is considered as a 
group of learners or a class of learners. In optimization algorithms, 
the population consists of different design variables. In TLBO, 
different design variables will be analogous to different subjects 
offered to learners and the learners’ result is analogous to the 
‘fitness’, as in other population-based optimization techniques. 
The teacher is considered as the best solution obtained so far.
The process of TLBO is divided into two parts. The first part 
consists of the ‘Teacher Phase’ and the second part consists of 
the ‘Learner Phase’. The ‘Teacher Phase’ means learning from 
the teacher and the ‘Learner Phase’ means learning through the 
interaction between learners.

B. Teacher Phase
During this phase a teacher tries to increase the mean result of 
the class in the subject taught by him or her depending on his or 
her capability. Let Mi be the mean and Ti be the teacher at any 
iteration i.  Ti will try to move mean Mi towards its own level, so 
now the new mean Ti will be designated as Mnew. Calculate the 
mean of the population column-wise, which will give the mean 
for the particular subject as
MD = [m1, m2, ……, mD]    (7)
The best solution will acts as a teacher for that iteration
Xteacher = Xf(x)=min    (8)                                                               

)(* iFnew MTMrDifference −=                          (9)
Where TF is the teaching factor that decides the value of mean to 
be changed, r is the random number in the range [0,1]. The value 
of TF can be either 1 or 2, which is again a heuristic step and 
decided randomly with equal probability as                                          

)]12(*)1,0(*1[ −+= randroundTF                    (10)
This difference modifies the existing solution according to the 
following expression      

differenceXX ioldinew += ,,                                   (11)
where Xnew,i  is the updated value of Xold,i. Accept if it gives better 
function value. All the accepted function values at the end of the 
teacher phase are maintained and these values become the input 
to the learner phase. The learner phase depends on the teacher 
phase.    

C. Learner Phase
Learners increase their knowledge by two different ways: one 
through input from the teacher. And the other through learners 
increases their knowledge by interaction among themselves. A 
learner interacts randomly with other learners for enhancing his 
or her knowledge. A learner learns new things if the other learner 
has more knowledge than him or her. Considering a population 
size of ‘Pn’, the learning phenomenon of this phase is expressed 
below.
Randomly select two learners i, j and   where i≠j

)(*,, jiioldinew XXrXX −+=   if  )()( ji XfXf <

)(*,, ijioldinew XXrXX −+= if )()( ji XfXf >  (12)
Accept Xnew,i  if it gives better function value.

IV. Application of TLBO for ED Problem
When any optimization process is applied to the ED problem 
some constraints are considered. In this paper two different 
constraints are considered. Among them the equality constraint 
is summation of all the generating power must be equal to the sum 
of load demand and losses. The inequality constraint is the powers 
generated must be within the limit of maximum and minimum 
active power of each unit. The sequential steps of the proposed 
TLBO method are given below.
Step-1: Input the required information of the ED problem.
Initialize the total number of learners, number of subjects offered 
to the learners, cost coefficients, loss coefficients, load demand 
and limits of the constraints. Here the number of learners in a class 
is considered as population and the number of subjects offered to 
the learner is considered as generators. 
Step-2: Representation of the learner:
Each learner indicates a solution for the power generation of the 
units for the Dn design variables.
Step-3: Generation of the initial population with constraint 
handling:
The learner solution of each individual (generating units’ output) is 
randomly initialized in the feasible range, which would satisfy the 
equality and inequality constraints. For satisfying the constraints 
the value of power mismatch is calculated for each Pi,j  of the 
matrix. 
Step-4: The fuel cost function of each individual Pi   is calculated 
in the population using the evaluation function Fi(Pi). Here Fi(Pi)  
is

 ))(*sin(*)( min,
2

iiiiiiiiiii PPfecPbPaPF −+++=   
Step-5: Calculate the fitness function using the equation

                
Step -6: Teacher phase: In the current iteration i, the best solution 
is selected for the teacher Xteacher and the mean value of the class  
Mi  is calculated using equations (7) and (8).
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Step -7: Learner phase:
Learners try to improve themselves via the interaction process 
described in Section III-C. Step -8: Update procedure: The initial 
population is updated based on the new   improved learners.
Step -9: Checking the convergence criteria:
If the convergence criteria are satisfied, terminate the optimization 
process and select the best learner as the optimal solution, otherwise 
return to step-6 and repeat the process.     

V. Comparison of TLBO With Other Algorithms
Like GA, PSO, ABC, HS, etc., TLBO is also a population based 
technique which implements a group of solutions to proceed 
for the optimum solution. Many optimization methods require 
algorithm parameters that affect the performance of the algorithm. 
GA requires crossover probability, mutation rate, and selection 
method;  PSO requires learning factors, variation of weight, and 
maximum value of velocity; ABC requires number of employed 
bees, onlooker bees and value of limit; HS requires harmony 
memory consideration rate, pitch adjusting rate, and number of 
improvisations: SFLA requires number of memeplexes, iteration 
per memeplexes: ACO requires exponent parameters, pheromone 
evaporation rate and reward factor. Unlike other optimization 
techniques TLBO does not require any algorithm parameters to 
be tuned, thus making the implementation of TLBO simpler. As 
in PSO, TLBO uses the best solution of the iteration to change 
the existing solution in the population thereby increasing the 
convergence rate. TLBO does not divide the population like ABC 
and SFLA. Like GA which uses selection, crossover and mutation 
phase and ABC which uses employed, onlooker and scout bees 
phase, TLBO uses two different phases, ‘Teacher Phase’ and 
‘Learner Phase’. TLBO uses the mean value of the population to 
update the solution. TLBO implements greediness to accept the 
good solution like ABC.

VI. Simulation Results
In order to validate the proposed procedure, the TLBO algorithm 
was tested on standard load dispatch problem with valve-point 
loading effect consisting of two cases and the 2 cases are 6 
and 14-unit systems respectively. The proposed algorithm was 
implemented using MATLAB 7.10.0(R2010a) running on i3 
processor, 2.27GHz, 4GB RAM, PC.

A. Test case 1: Six unit system
Table 1: Comparison of Simulation Results for 6 Unit System

Unit no HS PSO TLBO

1 443.52 498.93 498.76

2 153.66 149.74 200.00

3 266.09 230.03 229.09

4 144.55 97.25 85.15

5 186.97 199.64 200.00

6 68.20 87.41 50.00
Minimum cost in 
$/hr 15469.00 15401.00 15375.00

Total power in 
MW 1263 1263 1263

A system consisting of six thermal units with valve-point loading 
effect is studied in this case. The expected load demand to be met 
by all the generating units is 1263MW. The system data can be 

taken from [19]. To find the efficiency of the proposed method, 
20 independent trails have been made at 60-population with 100 
iterations per trail. The comparisons of the global generations of 
global cost and the minimum cost of each trail were tabulated 
in Table 1 and 2 respectively. The convergence characteristics 
are also plotted for the global generations and independent trails 
which can be shown in Figure 5 and 6 respectively.

Fig. 4: Distribution of Generation Conceded by Six Generators

Table 1 shows the comparison of simulation results for 6unit 
system with valve point loading effect. The transmission line 
losses are not considered in this paper. As shown in Table 1, six 
generators share the total power by satisfying the equality and 
inequality constraints.  The global cost obtained by HS algorithm 
is 15469$/hr and the global cost obtained by PSO is 15401$/hr. 
The global cost obtained by proposed TLBO algorithm is 15375$/
hr at total load demand of 1263MW. Fig. 5 shows the graphical 
representation of total generation shared by six generators. In 
Figure 5, X-axis shows the number of generators and Y-axis shows 
the power obtained by the generator. The cost obtained for 20 
trails for different methods are tabulated in Table 2.
As shown in Table 2 the minimum cost obtained by HS, PSO 
and TLBO are 15469, 15401 and 15375$/hr respectively. The 
maximum cost obtained by HS, PSO and TLBO are 15560, 15488 
and 15484$/hr respectively. The average cost obtained by HS,PSO 
and TLBO are 15507, 15443 and 15415$/hr respectively.

Table 2: Comparison of min cost obtained for 20 trails
No. of Trails HS PSO TLBO
1 15469.00 15413.00 15468.00
2 15477.00 15414.00 15488.00
3 15472.00 15413.00 15404.00
4 15482.00 15414.00 15441.00
5 15478.00 15414.00 15461.00
6 15521.00 15413.00 15451.00
7 15513.00 15404.00 15465.00
8 15498.00 15414.00 15404.00
9 15539.00 15414.00 15418.00
10 15491.00 15375.00 15431.00
11 15481.00 15414.00 15437.00
12 15481.00 15414.00 15466.00
13 15536.00 15414.00 15455.00
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14 15536.00 15401.00 15458.00
15 15524.00 15413.00 15463.00
16 15560.00 15414.00 15461.00
17 15525.00 15402.00 15401.00
18 15531.00 15414.00 15451.00
19 15524.00 15414.00 15401.00
20 15534.00 15484.00 15460.00
Min cost in $/hr 15469.00 15375.00 15401.00
Max cost in $/hr 15560.00 15484.00 15488.00
Avg cost in $/hr 15507.00 15415.00 15443.00
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Fig. 5: Comparison of Convergence Characteristics for 6unit 
System

Fig. 6: Comparison Characteristics of Minimum Cost Obtained 
for 20 Runs

Fig. 5 shows the comparison of convergence characteristics for 
6unit system at load demand of 1263MW.As shown in fig. 5 there 
are three plots with three different colors. The plot with red color 
shows the convergence curve obtained by HS and green color 
plot is here for PSO and the plot with blue color shows the cost 
convergence curve obtained by TLBO. From the fig. 5 the total 
cost obtained by HS is 15700$/hr, the cost obtained by PSO is 
around 15550$/hr while the cost obtained by TLBO is 15530$/hr 
at iteration1.Finally the global minimum obtained by HS at 2nd  
iteration, the global minimum obtained by PSO at 87th iteration 
while the global minimum obtained by TLBO at 85th iteration. 
Figure 6 shows the graphical representation of comparison results 
that are tabulated in Table 2.

B. Test case 2: Fourteen Unit System
A system consisting of fourteen thermal units with valve-point 
loading effect is studied in this case. The expected load demand to 
be met by all the generating units is 2000MW. The system data can 
be taken from [20]. To find the efficiency of the proposed method, 
20 independent trails have been made at 140-population with 500 
iterations per trail. The comparisons of the global generations of 
global cost and the minimum cost of each trail were tabulated 
in Table 3 and 4 respectively. The convergence characteristics 
are also plotted for the global generations and independent trails 
which can be shown in fig 9 and 10 respectively. Table 3 shows 
the comparison of simulation results for 14-unit system with valve 
point loading effect. As shown in Table 3, 14 generators share the 
total power by satisfying the equality and inequality constraints.  
The global cost obtained by HS algorithm is 9196$/hr and the 
global cost obtained by PSO is 9103$/hr. The global cost obtained 
by proposed TLBO algorithm is 9075$/hr at total load demand 
of 2000MW.

Table 3: Comparison of simulation results for 14unit system
No. of Units HSA PSO TLBO
1 329.5183 329.5195 329.5196
2 224.78 284.9530 299.5997
3 94.7726 94.7992 94.7998
4 69.866 119.7331 119.7331
5 249.7309 249.7316 299.5997
6 233.1239 135.0000 135
7 184.3823 184.8658 135
8 159.7282 109.8663 109.8666
9 124.733 124.7331 124.7331
10 137.1911 137.1997 137.1998
11 20 57.3995 80
12 57.3981 57.3999 57.5488
13 62.3991 62.3999 62.3999
14 52.3765 52.3993 15
Minimum 
cost in $/hr 9196.80 9103.30 9075.40

Total power 
in MW 2000.00 2000.00 2000.00

Fig. 7: Time Taken to Obtain the Minimum Cost by Different 
Methods
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Table 4: Comparison of Min Cost Obtained for 20 Trails for 14-
Unit System
No. of trails HSA PSO TLBO
1 9506.60 9289.30 9075.40
2 9294.80 9140.00 9078.20
3 9439.90 9158.30 9215.10
4 9291.90 9209.20 9213.50
5 9469.70 9278.10 9306.20
6 9196.80 9384.50 9185.40
7 9570.60 9198.20 9213.10
8 9418.70 9078.20 9119.20
9 9397.30 9172.50 9228.70
10 9479.90 9241.40 9308.20
11 9522.20 9198.00 9342.50
12 9472.20 9313.00 9341.90
13 9449.40 9333.00 9345.90
14 9340.30 9314.90 9128.80
15 9336.00 9433.30 9168.00
16 9326.30 9244.90 9218.30
17 9361.40 9103.30 9209.00
18 9322.80 9330.30 9340.20
19 9347.00 9296.90 9159.70
20 9319.20 9196.80 9159.70
Min cost in $/hr 9196.80 9103.30 9075.40
Max cost in $/hr 9570.60 9433.30 9345.90
Avg cost in $/hr 9393.10 9245.70 9217.90
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Fig. 8: Comparison of Convergence Characteristics for 6unit 
System

Fig. 7 shows the graphical representation of time taken to obtain 
the minimum cost by different methods. In fig. 7, X-axis shows 
the different methods and Y-axis shows the time in seconds. The 
cost obtained for 20 trails for different methods are tabulated in 
Table 4.
As shown in Table 4 the minimum cost obtained by HS, PSO and 
TLBO are 9196.80 9103.30 and 9075.40$/hr respectively. The 
maximum cost obtained by HS, PSO and TLBO are 9570.60, 
9433.30 and 9345.90$/hr respectively. The average cost obtained 
by HS, PSO and TLBO are 9393.1, 9245.7 and 9217.9$/hr 
respectively.

Fig. 8 shows the comparison of convergence characteristics for 
14-unit system at load demand of 2000MW.As shown in Figure 
8 there are three plots with three different colors. The plot with 
red color shows the convergence curve obtained by HS and green 
color plot is here for PSO and the plot with blue color shows the 
cost convergence curve obtained by TLBO.

Fig. 9: Comparison Characteristics of Minimum Cost Obtained 
for 20 Runs

From the fig. 8 the total cost obtained by HS is 15700$/hr, the 
cost obtained by PSO is around 15550$/hr while the cost obtained 
by TLBO is 15530$/hr at iteration1. Finally, the global minimum 
obtained by HS at 2nd iteration, the global minimum obtained 
by PSO at 87th iteration while the global minimum obtained by 
TLBO at 85th iteration. Fig 10 shows the graphical representation 
of comparison results that are tabulated in Table 4.

VII. Conclusion
All the evolutionary and swarm intelligence algorithms require 
proper tuning of algorithm specific parameters in addition to 
the tuning of common controlling parameters. A change in the 
tuning of the specific parameters influences the effectiveness of 
the algorithm. The recently proposed TLBO algorithm does not 
require any kind of algorithm-specific parameters. It only requires 
the tuning of the common controlling parameters of the algorithm 
for its working. In this paper, a latest optimization algorithm such 
as TLBO   has been successfully applied to solve power system 
ED problem considering valve point loading effect. The feasibility, 
effectiveness of the proposed algorithm has been investigated on 
economic dispatch problem having 6 unit and 14-unit system. 
The better cost is obtained by TLBO as compared with other 
algorithms. Results have shown the satisfactory performance 
of TLBO algorithm for the constrained optimization problems. 
The proposed algorithm may be easily customized to suit the 
optimization of any system involving large number of variables 
and objectives.
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