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UNIT-5 

DECISION MAKING 

Operations decision range from simple judgments to complex analyses, which also involves judgment. 

Judgment typically incorporates basic knowledge, experience, and common sense. They enable to blend 

objectives and sub-objective data to arrive at a choice. 

 The appropriateness of a given type of analysis depends on   The significant or long lasting decisions,    The time availability and the cost of analysis, and the degree of complexity of the decision.  

 

The significant or long lasting decisions deserve more considerations than routine ones. Plant investment, 

which is a long-range decision, may deserve more thorough analysis. The time availability and the cost of 

analysis also influence the amount of analysis. The degree of complexity of the decision increases when many 

variables are involved, variables are highly independent and the data describing the variables are uncertain.  
Business decision-makers have always had to work with incomplete and uncertain data. In some situations 

a decision-maker has complete information about the decision variables; at the other extremes, no 

information is available. Operations management decisions are made all along this continuum. Complete 

certainty in decision-making requires data on all elements in the population. If such data are not available, 

large samples lend more certainty than do small ones. Beyond this, subjective information is likely to be 

better than no data at all. 

 

FRAMEWORK IN DECISION MAKING 

An analytical and scientific framework for decision implies the following systematic steps: 

 Defining the problem.    Establish the decision criteria. Formulation of a model.    Generating alternatives.  

 Evaluation of the alternatives.  

 Implementation and monitoring.  

 

DEFINING THE PROBLEM  
Defining the problem enables to identify the relevant variables and the cause of the problem. Careful 

definition of the problem is crucial. Finding the root cause of a problem needs some questioning and 

detective work. If a problem defined is too narrow, relevant variable may be omitted. If it is broader, many 

tangible aspects may be included which leads to the complex relationships. 

 
 
ESTABLISH THE DECISION CRITERIA  
Establish the decision criterion is important because the criterion reflects the goals and purpose of the work 

efforts. For many years profits served as a convenient and accepted goal for many organizations based on 

economic theory. Nowadays organization will have multiple goals such as employee welfare, high 

productivity, stability, market share, growth, industrial leadership and other social objectives. 

FORMULATION OF A MODEL 
 
Formulation of a model lies at the heart of the scientific decision-making process. Model describes the 

essence of a problem or relationship by abstracting relevant variables from the real world situation. Models 

are used to simplify or approximate reality, so the relationships can be expressed in tangible form and 

studied in isolation.  
Modeling a decision situation usually requires both formulating a model and collecting the relevant data to 

use in the model. Mathematical and statistical models are most useful models for understanding the 
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complex business of the problem. Mathematical models can incorporate factor that cannot readily be 

visualized. With the aid of computers and simulation techniques, these quantitative models reflexible. 

 
 
GENERATING ALTERNATIVES  
Alternatives are generated by varying the values of the parameters. Mathematical and statistical models are 

particularly suitable for generating alternatives because they can be easily modified. The model builder can 

experiment with a model by substituting different values for controllable and uncontrollable variable. 

 
 
EVALUATION OF THE ALTERNATIVES  
Evaluation of the alternatives is relatively objective in an analytical decision process because the criteria for 

evaluating the alternatives have been precisely defined. The best alternative is the one that most closely 

satisfies the criteria. Some models like LPP model automatically seek out a maximizing or minimizing 

solution. In problems various heuristic and statically techniques can be used to suggest the best course of 

action. 

 
 
IMPLEMENTATION AND MONITORING  
Implementation and monitoring are essential for completing the managerial action. The best course of action 

or the solution to a problem determined through a model is implemented in the business world. Other 

managers have to be convinced of the merit of the solution. Then the follow-up procedures are required to 

ensure about appropriate action taken. This includes an analysis and evaluation of the solution along with 

the recommendations for changes or adjustments. 

 

 

DECISION METHODOLOGY 

 

The kind and amount of information available helps to determine which analytical methods are most 

appropriate for modeling a given decision. Figure illustrates some useful quantitative methods that are 

classified according to the amount of certainty that exists with respect to the decision variables and possible 

outcomes. These analytical techniques often serve as the basis for formulating models, which help to reach 

operational decisions. 

 

COMPLETE CERTAINTY METHODS  

 Under complete certainty conditions, all relevant information about the decision variables and outcomes is 

known or assumed to be known. Following are some of the methods used: 

 

Algebra: This basic mathematical logic is very useful for both certainty and uncertainty analysis. With valid 

assumptions, algebra provides deterministic solutions such as break-even analysis and benefit cost analysis.  

 

Calculus: The branch of mathematics provides a useful tool for determining optimal value where functions 

such as inventory costs, are to be maximized or minimized.  

 

Mathematical programming: Programming techniques have found extensive applications in making a 

product mix decisions, minimizing transportation costs, planning and scheduling production and other areas.  

 

RISK AND UNCERTAINTY METHODS 

In risk and uncertainty situations, information about the decision variables or the outcomes is probabilistic. 

Following are some of the useful approaches: 

Statistical analysis: Objective and subjective probabilities with the use of probability and probability 
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distribution, Estimation and tests of hypothesis, Bayesian statistics, Decision theory, Correlation and 

regression technique for forecasting demand and Analysis of variance are some of the techniques used for 

decision-making.   
Queuing theory: The analysis of queues in terms of waiting-time length and mean waiting time is useful in 

analyzing service systems, maintenance activities, and shop floor control activities.  

Simulation: Simulation duplicates the essence of an activity. Computer simulations are valuable tools for the 

analysis of investment outcomes, production processes, scheduling and maintenance activities.  

Heuristic methods: Heuristic methods involve set of rules, which facilitate solutions of scheduling, layout 

and distribution problems when applied in a consistent manner.   
Network analysis techniques: Network approaches include decision trees, CPM and PERT methods. They 

are helpful in identifying alternative course of action and controlling the project activities.  

Utility theory: Utility theory or preference theory allows decision-makers to incorporate their own 

experience and values into a relatively formalized decision structure.  

 

EXTREME UNCERTAINTY METHODS 

 

Under extreme uncertainty, no information is available to assess the likelihood of alternative outcomes. 

Following are some of strategies to solve this:  
Game theory: Game theory helps decision-makers to choose course of action when there is no information 

about what conditions will prevail.   
Coin flip: Flipping a coin is sometimes used in situation where the decision-makers are wholly indifferent.  

 

DECISION-MAKING UNDER UNCERTAINTY 

 

No information is available on how likely the various states of nature are under those conditions. Four 

possible decision criteria are Maximin, Maximax, Laplace, and Minimax regret. These approaches can be 

defined as follows: 

Maximin: Determine the worst possible pay-off for each alternative, and choose the alternative that has the 

est o st.  The Ma i i  app oa h is esse tiall  a pessi isti  o e e ause it takes into account only the 

worst possible outcome for each alternative. The actual outcome may not be as bad as that, but this 

app oa h esta lishes a gua a teed i i u .    
Maximax: Determine the best possible pay-off, and choose the alternative with that pay-off. The Maximax 

app oa h is a  opti isti , go fo  it  st ateg ; it does ot take i to a ou t a  pa -off other than the best.  

Laplace: Determine the average pay-off for each alternative, and choose the alternative with the best 

average. The Laplace approach treats the states of nature as equally likely.   
Minimax regret: Determine the worst regret for each alternative, and choose the alternative ith the est 

o st.  This app oa h seeks to i i ize the diffe e e et ee  the pa -off that is realized and the best 

pay-off for each state of nature.  

 

1: Referring to the pay-off table, determine which alternative would be chosen under each of these 

strategies: (a) Maximin, (b) Maximax, and (c) Laplace. 
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Possible future demand 

in Rs. 
 

      

Alternatives Low  Moderate  High 

      

Small facility 10  10  10 

      

Medium facility 7  12  12 

      

Large facility (4)  2  16 

      

 

SOLUTION 
 
(a)  Using Maximin, the worst pay-offs for the alternatives are:  
Small facility: Rs.10 million Medium facility: 7 

million  

Large facility: 4 million 

Hence, since Rs.10 million is the best, choose to build the small facility using the maximum strategy. 

 

(b)  Using Maximax, the best pay-offs are:  
Small facility: Rs.10 million Medium facilities: 12 

million 

Large facility: 16 million 
 
The best overall pay-off is the Rs.16 million in the third row. Hence, the Maximax criterion leads to building 

a large facility. 

 

(c) For the Laplace criterion, first find the row totals, and then divide each of those amounts by the 

number of states of nature (three in this case). Thus, we have: 

 

 Raw total Raw average 

 (Rs.Million) (Rs.Million) 

   

Small facility 30 10.00 

   

Medium facility 31 10.33 

   

Large facility 14 4.67 

   

 

Because the medium facility has the highest average, it would be chosen under the Laplace criterion. 

 

 

 

2: Determine which alternative would be chosen using a minimax regret approach to the capacity-planning 
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program. 

SOLUTION: The first step in this approach is to prepare a table of opportunity losses, or regrets. To do this, 

subtract every pay-off in each column from the best pay-off in that column. For instance, in the first column, 

the best pay-off is 10, so each of the three numbers in that column must be subtracted from 10. Going down 

the column, the regrets will be 10 – 10 = 0, 10 – 7 = 3, and 10 – (– 4) = 14. In the second column, the best 

pay-off is 12. Subtracting each pay-off from 12 yields 2, 0, and 10. In the third column, 16 is the best pay-off. 

The regrets are 6, 4, and 0. These results are summarized in a regret table: 

  Regrets (in Rs. million)  

     

Alternative Low Medium High Worst 

     

Small facility 0 2 6 6 

     

Medium facility 3 0 4 4 

     

Large facility 14 10 0 14 

     

 

The second step is to identify the worst regret for each alternative. For the first alternative, the worst is 6; 

for the second, the worst is 4; and for the third, the worst is 14. The best of these worst regrets would be 

chosen using minimax regret. The lowest regret is 4, which is for a medium facility. Hence, that alternative 

would be chosen. 

 

DECISION-MAKING UNDER RISK 

Between the two extremes of certainty and uncertainty lies the case of risk: The probability of occurrence 

for each state of nature is known. (Note that because the states are mutually exclusive and collectively 

exhaustive, these probabilities must add to 1.00.) A widely used approach under such circumstances is the 

expected monetary value criterion.  
The expected value is computed for each alternative, and the one with the highest expected value is 

selected. The expected value is the sum of the pay-offs for an alternative where each pay-off is weighted by 

the probability for the relevant state of nature. 

3: Determine the expected pay-off of each alternative, and choose the alternative that has the best-

expected pay-off. Using the expected monetary value criterion, identify the best alternative for the 

previous pay-off table for these probabilities: low = 0.30, moderate = 0.50, and high = 0.20. Find the 

expected value of each alternative by multiplying the probability of occurrence. 

 

  

Possible future demand in 

Rs.  

      

Alternatives Low  Moderate  High 

      

Small facility 10  10  10 

      

Medium facility 7  12  12 

      

Large facility (4)  2  16 

      

SOLUTION: For each state of nature by the pay-off for that state of nature and summing them: EVsmall = 
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0.30 (Rs.10) + 0.50 (Rs.10) + 0.20 (Rs.10) = Rs.10 

EVmedium = 0.30 (Rs.7) + 0.50 (Rs.12) + 0.20 (Rs.12) = Rs.10.5 
 

EVlarge = 0.30 (–4) + 0.50 (Rs.2) + 0.20 (Rs.16) = Rs. 3 
 

Hence, choose the medium facility because it has the highest expected value. 

 

4: Global Telecom Corp. must choose one of three partnering firms (X Co., Y Co., or Z Co.) with which to 

develop a personal communicator. The possible states of nature are that future demand may be low, 

medium, or high. Estimated dollar pay-offs (in net present value terms) for each alternative under each 

state of nature are shown in the accompanying Table. Which partnering firm should be chosen under the 

criterion of (a) maximax, (b) Maximin, and (c) Laplace? 

 

SOLUTION 
 
(a) Maximax: Choose the alternative that offers the best possible (highest) pay-off. The highest pay-off is 

Rs.140 million with Z Co. Therefore choose Z Co.  
(b) Maximin: For each alternative, locate the worst possible pay-off. The  hoose the est of these o st  

values. The best of the worst is X Co. with a minimum profit of Rs.10 million.  
(c) Laplace: Find the average pay-off for each alternative, and choose the alternative with the best. The 

highest average is Z Co. [(0 + 20 + 140)/3 = Rs.0.53.3 m]. Choose Z Co. 

 

Alternatives 

Profit (Rs. million) If Future Demand Is  

    

Low Medium High 

 

  

     

X Co. partner 10 50 70  

     

Y Co. partner –10 44 120  

     

Z Co. partner 0 20 140  

     

When probability values, P(X), are assigned to the states of nature of a pay-off table, two additional decision 

criteria can be considered: maximum probability and expected monetary value. The expected monetary 

value approach utilizes the highest average, or expected value, E (X). 

 

E(X) = Σ  [X.P(X)] 

 

5: For the data in illustration 8, assume probabilities of:  

P (low demand) = 0.3  

P(medium demand) = 0.5 

P (high demand) = 0.2 

Which partnering firm should be chosen under the criterion of (a) maximum probability and (b) Expected 

Monetary Value (EMY)? 

SOLUTION 
 
(a) Maximum probability: Find the most likely state of nature, and choose the best alternative within that 

state. Most likely is [P(medium demand) = 0.5]. Choose X Co., where pay-off is Rs.50 m. 
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(b) Expected monetary value: For each alternative, multiply the value of each possible outcome (X) by its 

probability of occurrence, P (X). Then sum across all outcomes, i.e., L [X. P(X)] to get the expected value, 

E(X), of each alternative. The alternative with the highest expected outcome is designated the expected 

monetary value, EMV*. 
 
E (X Co.) = 10(0.3) + 50(0.5) + 70(0.2) = 42 E(Y Co.) = –10(0.3) + 44(0.5) + 120(0.2) = 43 

EMY* = Rs. 43 m 
 
E (Z Co.) = 0(0.3) + 20(0.5) + 140(0.2) = 38. 

 

HURWITZ DECISION RULE  

The Criterion of Realism decision rule is an attempt to make a tradeoff between complete risk indifference 

(as in the Maximax rule), and total risk aversion (as in the Maxi- min rule). With this procedure, the decision 

maker will decide how much emphasis to put on each extreme. 

Tod do this, he ust hoose a Coeffi ie t of Realis , alled alpha α , hi h is a de i al u e  et ee   
and 1. This number provides the emphasis on the optimistic view. The number (1-α , the , is the a ou t of 
emphasis that is placed on the most pessimistic outcome. For example, if a manager chose an alpha of 0.6, 

he would be placing 60% emphasis on a risky, high return (Maximax-type) outcome, and 40% emphasis (since 

1-0.6 = 0.4 or 40%) on a low-risk, pessimistic, (Maxi min-type) outcome. 

Explained another way, the Criterion of Realism calculates a weighted average of the best and worst 

outcomes for each alternative, using α and (1-α  as the eights, espe ti el . 

To determine the decision under the Criterion of Realism decision rule, a column is added on the right side 

of the payoff table. In this column the decision maker must calculate the factor by multiplying the best 

outcome in the row by α, ultipl i g the worst outcome in the row by (1-α , and adding the two result 

together. 

Note that the sign on the payoffs is important, and frequently the worst payoff in a row will be a negative 

number. Make sure you add positive and negative numbers correctly! 

From these calculated numbers in each row, identify the highest one, and that will be in the row of the 

decision alternative to be selected under this rule. 

 

THE ANALYTIC HIERARCHY PROCESS METHOD 

AHP is one of MDS methods widely used in the evaluation of multiple criteria and goals in problems 

characterized by their complexity and subjectivity (Shimizu, 2006; Shin et al, 2013). Created by Thomas L. 

Saaty in the 1970s, this method consists in the development of a model that reflects the workings of the 

human mind in the evaluation of the alternatives facing a complex decision problem. 
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Moreover, the method allows us to deal with problems involving both tangible and intangible values, thanks 

to its ability to create measures for qualitative variables based on subjective judgments made by the decision 

makers (Saaty, 1991). The AHP allows treating complex problems in a simple way (Costa et Moll, 1999). 

According to Saaty (1991), the application of AHP comprises the following stages: structuring of criteria and 

alternatives; collecting judgments; calculating priorities; checking the consistency of judgments; and lastly, 

calculating the overall priorities of the alternatives. The structuring of the criteria consists in modeling the 

decision problem in a hierarchical structure, which, starting from the main goal is decomposed in the 

different criteria needed to achieve the referred goal, forming thus a layer of criteria. Each element of this 

layer, in turn, can be decomposed into two or more criteria, and so on, making easier the understanding and 

processing of the problem. Each element of the last level (children-element) is decomposed into alternatives, 

allowing an assessment in the perspective of each parent goal. 

However, according to Miller (1956), we must use a maximum of 7 ± 2 elements in each level in order to 

achieve higher accuracy in the comparisons. Also, Alves et Alves (2015) concluded that a large number of 

comparisons may cause a risk of inconsistencies in the judgments. Saaty (1991) mentions that there is no 

standard procedure for selecting criteria and goals. The author suggests the use of brainstorming with 

experts and / or bibliographic research to assist in clarifying the criteria and goals. 

According to Saaty (1991), following the hierarchy modeling of criteria comes their evaluation by the decision 

makers. These judgments are carried out through pairwise comparisons between two elements of the same 

level against the next element on a higher level. The elements are compared from a square matrix, whose 

order is equal to the number of elements subordinate to the next higher node. Subordinate elements are 

arranged in the same order, forming the rows and columns of the matrix. 

According to that author, during the evaluation, each element in the line is compared with each column 

element and the score of the judgment is then registered in the matrix, in the row and column position 

regarding the compared elements. Table 1 shows the generic judgment matrix of n alternatives (a1, a2,..., 

an) compared to the criterion C1, where xij represents the judgment inputs i and j that range from 1 to n. 

When comparing the two elements the assessors must take into account which one is the most important 

element based on the focus criterion and the intensity of this importance. 

As Saaty (1991) states, the comparison matrix generates reciprocal relations as shown in Table 1. Thus, for 

each judgment position recorded in line i and column j, represented by xij, there is a value equal to 1/xij in 

the reciprocal position, i.e., it is in column j, row i position. Considering the positions of line and column 

elements i and j which, respectively, range from 1 to n, the xij elements obey the following rules: 

Rule : If ij = α, the  ji = /α, α≠ , he e α is the u e i al alue of the judg e t ased o  “aat ’s s ale 
(1991). So, xji = 1/xij. 

Rule 2: If ai is judged as equally important as aj, then xij = 1 and xji = 1; and, in particular, xij = 1, ∀i=j 

Table 1. Judgment Matrix 

 

Source: Based o  “aat ’s o k  
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The judg e t shall e ased o  the “aat ’s scale (1991) as shown in Table 2, aiming first to the conceptual 

judgment and then to conversion to a numerical scale in order to register the result, as well as its reciprocal 

associated evaluation, in the matrix. It is necessary to perform n (n-1) / 2 comparisons for the decision maker, 

as n is the number of compared elements (Gomes et al., 2004). 

Table 2. “aat ’s Judg e t “ ale 

 

Source: Based o  “aat ’s o k  

The next stage is to calculate local and global priorities. In other words, it is to calculate the relative 

contribution of each element into hierarchical structure relative to the immediate goal and in relation to the 

main goal. First, the calculation regarding the priority of each element (node) in relation to its immediately 

upper element is made, and the local mean priority of the node is established. Then we calculate the global 

priority (regarding the main goal) of the respective element, multiplying its local average priority by the local 

average priorities of the hierarchically superior nodes (Vargas, 2010). 

According to Saaty (1991), the local average priorities of elements compared in the judgment matrix can be 

obtained by matrix operations, calculating and normalizing matrix main eigenvector. However, that author 

presents other simpler procedures to generate the vector of priorities with approximate values. One of these 

procedures was used by Vargas (2010) and is adopted for this study, as follows: i) we calculate the sum of 

the judgments recorded in each column of the judgment matrix; ii) we create a new normalized matrix in 

which each element is initialized by the element of the original matrix divided by the total of its respective 

column; iii) we then calculate priority by the arithmetic mean of the elements of each row of the normalized 

matrix. 

The result in each row is the total percentage of relative priorities or preferences in relation to the immediate 

goal focused. The resulting vector of priorities is called matrix eigenvector, and the sum of its elements is 

equal to 1. After the calculation of local priorities for each next higher node, we then calculate the 

consistency of such judgments. 

When considering the intrinsic difficulties of the human being to make decisions on issues with too much 

information and multiple criteria, Saaty (1991) proposed a procedure to calculate inconsistencies derived 

from the value judgment between the elements compared in a complex decision problem. The author admits 

a 10% tolerance range for any inconsistencies. Vargas (2010) describes in a simple way the steps to check 

the consistency of judgment. 

According to Vargas (2010), in the first step, we calculate the largest eigenvalue of the judgment matrix 

λMa   getti g the su  of the p odu t of ea h total i  olu  j of the o igi al judg e t atrix by each 
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element in the position j of the priority vector, considering j as the column of judgment matrix that ranges 

from 1 to n. Considering the judgment matrix, the priorities vector (the calculated priorities of the elements) 

and the order (n) of the matrix array, calculating the eigenvalue can be represented by the following formula: 

 (1) 

Where Tj is the sum of the column j of judgment matrix and Pj is the calculated priority for the criterion 

located in row j. 

In the second step, we calculate the Consistency Index (CI) as follows: 

 (2) 

In the third step, we calculate the Consistency Ratio (CR): 

 (3) 

According to Saaty (1991), the Random Index (RI) is the consistency index of a reciprocal matrix generated 

randomly by the Oak Ridge laboratory. Table 3 shows the RI table containing the random indexes calculated 

by the Oak Ridge laboratory for reciprocal square matrices of order n. As Saaty (1991) stated, if the CR 

calculated is less than or equal to 0.10, the judgment matrix is considered consistent. Otherwise, the array 

is considered inconsistent, and the judgment step must be redone. 

Table 3. Random consistency index table 

 

Source: Saaty (1991) 

After checking the consistency of judgments, we calculate the overall performance of the alternatives. 

According to Saaty (1991), and based on the hierarchical structure of the AHP, the global priorities calculated 

for each criterion correspond to the importance of each criterion in relation to the main goal. 

However, at alternatives level, the priority value found by multiplying the local priority of an alternative in 

relation to a specific focus by the global priority of this alternative reflects its impact regarding the main goal 

to a single criterion. Therefore, in order to obtain the global priority of alternatives, we must calculate the 

sum of the global priorities of the alternatives calculated for each criterion. This priority will determine the 

contribution of the alternative to the main goal. 
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TABU SEARCH & METAHEURISTIC  

TABU Search is a meta-heuristic that guides a local heuristic search procedure to explore the solution space 

beyond local optimality. One of the main components of TABU Search is its use of adaptive memory, which 

creates a more flexible search behavior. Memory-based strategies are therefore the hallmark of TABU search 

app oa hes, fou ded o  a uest fo  i teg ati g p i iples,   hi h alte ati e fo s of e o  a e 
appropriately combined with effective strategies for exploiting them. In this chapter we address the problem 

of training multilayer feed-forward neural networks. These networks have been widely used for both 

prediction and classification in many different areas. Although the most popular method for training these 

networks is back propagation, other optimization methods such as TABU search have been applied to solve 

this problem. This chapter describes two training algorithms based on the TABU search. The experimentation 

shows that the procedures provide high quality solutions to the training problem, and in addition consume 

a reasonable computational effort. 

TS is based on the premise that problem solving, in order to qualify as intelligent, must incorporate adaptive 

memory and responsive exploration. The adaptive memory feature of TS allows the implementation of 

procedures that are capable of searching the solution space economically and effectively. Since local choices 

are guided by information collected during the search, TS contrasts with memoryless designs that heavily 

rely on semi random processes that implement a form of sampling. The emphasis on responsive exploration 

(and hence purpose) in TABU search, whether in a deterministic or probabilistic implementation, derives 

from the supposition that a bad strategic choice can often yield more information than a good random 

choice, and therefore provides a basis for progressively improved strategies that take advantage of search 

history. TS can be directly applied to virtually any kind of optimization problem. We focus here on the 

nonlinear problem with continuous variables that arises in the context of neural network training. 

In its best known form, TABU search can be viewed as beginning in the same way as ordinary local or 

neighborhood search, proceeding iteratively from one point (solution) to another until a chosen termination 

criterion is satisfied. Each solution x has an associated neighborhood N(x) ⊂ X, and each solution x′∈ N ( ) x 

is reached from x by an operation called a move. We may contrast TS with a simple descent method where 

the goal is to minimize f(x). Such a method only permits moves to neighbor solutions that improve the 

current objective function value and ends when no improving solutions can be found. The final x obtained 

by a descent method is called a local optimum, since it is at least as good as or better than all solutions in its 

neighborhood. The evident shortcoming of a descent method is that such a local optimum in most cases will 

not be a global optimum, i.e., it usually will not minimize f(x) over all x ∈X. TABU search permits moves that 

deteriorate the current objective function value and selects the moves from a modified neighborhood N* 

(x). Short and long term memory structures are responsible for the specific composition of N* (x). In other 

words, the modified neighborhood is the result of maintaining a selective history of the states encountered 

during the search. In TS strategies based on short term considerations, N* (x) characteristically is a subset of 

N(x), and the TABU classification serves to identify elements of N(x) excluded from N* (x). In TS strategies 

that include longer term considerations, N* (x) may also be expanded to include solutions not ordinarily 

found in N(x), such as solutions found and evaluated in past search, or identified as high quality neighbors 

of these past solutions. Characterized in this way, TS may be viewed as a dynamic neighborhood method. 

This means that the neighborhood of x is not a static set, but rather a set that can change according to the 

history of the search. The structure of a neighborhood in TABU search differs from that used in local search 

in an additional manner, by embracing the types of moves used in constructive and destructive processes 

(where the foundations for such moves are accordingly called constructive neighborhoods and destructive 

neighborhoods). Such expanded uses of the neighborhood concept reinforce a fundamental perspective of 

TS, which is to define neighborhoods in dynamic ways that can include serial or simultaneous consideration 

of multiple types of moves. TS uses attributive memory for guiding purposes (i.e., to compute N* (x)). Instead 

of recording full solutions, attributive memory structures are based on recording attributes. This type of 

memory records information about solution properties (attributes) that change in moving from one solution 

to another. The most common attributive memory approaches are regency based memory and frequency-

based memory. Regency-based memory is the most common memory structure used in TS implementations. 
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As its name suggests, this memory structure keeps track of solutions attributes that have changed during 

the recent past. To exploit this memory, selected attributes that occur in solutions recently visited are 

labeled TABU-active, and solutions that contain TABU-active elements, or particular combinations of these 

attributes, are those that become TABU. This prevents certain solutions from the recent past from belonging 

to N* (x) and hence from being revisited. Other solutions that share such TABU-active attributes are also 

similarly prevented from being visited. Although the TABU classification strictly refers to solutions that are 

forbidden to be visited, by virtue of containing TABU-active attributes (or more generally by violating certain 

restriction based on these attributes), moves that lead to such solutions are also often referred to as being 

TABU. Frequency-based memory provides a type of information that complements the information provided 

by regency-based memory, broadening the foundation for selecting preferred moves. Like regency, 

frequency often is weighted or decomposed into subclasses that can refer to particular sub regions of the 

search space. Also, frequency can be integrated with regency to provide a composite structure for creating 

penalties and inducements that modify move evaluations.  

A key element of the adaptive memory framework of TABU search is to create a balance between search 

intensification and diversification. Intensification strategies are based on modifying choice rules to 

encourage move combinations and solution features historically found good. They may also initiate a return 

to attractive regions to search them more thoroughly. Diversification strategies, on the other hand, seek to 

incorporate new attributes and attribute combinations that were not included within solutions previously 

generated. In one form, these strategies undertake to drive the search into regions dissimilar to those 

already examined. It is important to keep in mind that intensification and diversification are not mutually 

opposing, but are rather mutually reinforcing. Most types of intensification strategies require a means for 

identifying a set of elite solutions as basis for incorporating good attributes into newly created solutions. 

Membership in the elite set is often determined by setting a threshold that is connected to the objective 

function value of the best solution found during the search. Two simple variants for elite solution selection 

have proved quite successful. One introduces a diversification measure to assure the solutions recorded 

differ from each other by a desired degree, and then erases all short term memory before resuming from 

the best of the recorded solutions. The other keeps a bounded length sequential list that adds a new solution 

at the end only if it is better than any previously seen, and the short term memory that accompanied this 

solution is also saved. A degree of diversification is automatically created in TS by short term memory 

functions, but effective diversification is particularly supported by certain forms of longer term memory. TS 

diversification strategies are often based on modifying choice rules to bring attributes into the solutions that 

are infrequently used. Alternatively, they may introduce such attributes by periodically applying methods 

that assemble subsets of these attributes into candidate solutions for continuing the search, or by partially 

or fully restarting the solution process. Diversification strategies are particularly helpful when better 

solutions can be reached onl   ossi g a ie s o  hu ps  i  the solutio  spa e topolog . 

A TS process based strictly on short term strategies may allow a solution x to be visited more than once, but 

it is likely that the corresponding reduced neighborhood N* (x) will be different each time. The inclusion of 

longer term considerations effectively removes the risk of duplicating a previous neighborhood upon 

revisiting a solution and more generally of making choices that repeatedly visit only a limited subset of X. 

 

TRAVELLING SALESMAN PROBLEM 

The traveling salesman problem is a problem in graph theory requiring the most efficient (i.e., least total 

distance) Hamiltonian cycle a salesman can take through each of  cities. No general method of solution is 

known, and the problem is NP-hard. 

The Wolfram Language command find shortest tour [g] attempts to find a shortest tour, which is 

a Hamiltonian cycle (with initial vertex repeated at the end) for a Hamiltonian graph G if it returns a list with 

first element equal to the vertex count of G. 
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A traveler needs to visit all the cities from a list, where distances between all the cities are known and each 

city should be visited just once. What is the shortest possible route that he visits each city exactly once and 

returns to the origin city? 

Travelling salesman problem is the most notorious computational problem. We can use brute-force 

approach to evaluate every possible tour and select the best one. For n number of vertices in a graph, there 

are (n - 1)! Number of possibilities. 

Instead of brute-force using dynamic programming approach, the solution can be obtained in lesser time, 

though there is no polynomial time algorithm. 

Let us consider a graph G = (V, E), where V is a set of cities and E is a set of weighted edges. An edge e (u, 

v) represents that vertices u and v are connected. Distance between vertex u and v is d (u, v), which should 

be non-negative. 

Suppose we have started at city 1 and after visiting some cities now we are in city j. Hence, this is a partial 

tour. We certainly need to know j, since this will determine which cities are most convenient to visit next. 

We also need to know all the cities visited so far, so that we don't repeat any of them. Hence, this is  an 

appropriate sub-problem. 

For a subset of cities S Є { , , , n} that includes 1, and j Є S, let C(S, j) be the length of the shortest path 

visiting each node in S exactly once, starting at 1 and ending at j. 

When |S| > 1, we define C(S, 1) = ∝ since the path cannot start and end at 1. 

Now, let express C(S, j) in terms of smaller sub-problems. We need to start at 1 and end at j. We should 

select the next city in such a way that 

C(S, j) =min C (S− {j}, I) +d (I, j) where I ∈ Sand i ≠ j 

There are at the most 2n.n2n.n sub-problems and each one takes linear time to solve. Therefore, the total 

running time is O (2n.n2) O (2n.n2). 

In the following example, we will illustrate the steps to solve the travelling salesman problem. 

 

From the above graph, the following table is prepared. 
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“ = Φ 

Cost(2,Φ,1)=d(2,1)=5Cost ,Φ, =d , =  

Cost(3,Φ,1)=d(3,1)=6Cost ,Φ, =d , =  

Cost(4,Φ,1)=d(4,1)=8Cost ,Φ, =d , =  

S = 1 

Cost(i,s)=min{Cost(j,s–(j))+d[i,j]}Cost(i,s)=min{Cost(j,s–(j))+d[i,j]} 

Cost(2,{3},1)=d[2,3]+Cost(3,Φ,1)=9+6=15Cost ,{ }, =d[ , ]+Cost ,Φ, = + =  

Cost(2,{4},1)=d[2,4]+Cost(4,Φ,1)=10+8=18Cost ,{ }, =d[ , ]+Cost ,Φ, = + =  

Cost(3,{2},1)=d[3,2]+Cost(2,Φ,1)=13+5=18Cost ,{ }, =d[ , ]+Cost ,Φ, = + =  

Cost(3,{4},1)=d[3,4]+Cost(4,Φ,1)=12+8=20Cost ,{ }, =d[ , ]+Cost ,Φ, = + =  

Cost(4,{3},1)=d[4,3]+Cost(3,Φ,1)=9+6=15Cost ,{ }, =d[ , ]+Cost ,Φ, = + =  

Cost(4,{2},1)=d[4,2]+Cost(2,Φ,1)=8+5=13Cost ,{ }, =d[ , ]+Cost ,Φ, = + =  

S = 2 

Cost(2,{3,4},1)={d[2,3]+Cost(3,{4},1)=9+20=29d[2,4]+Cost(4,{3},1)=10+15=25=25Cost(2,{3,4},1)={d[2,3]+Cos

t(3,{4},1)=9+20=29d[2,4]+Cost(4,{3},1)=10+15=25=25 

Cost(3,{2,4},1)={d[3,2]+Cost(2,{4},1)=13+18=31d[3,4]+Cost(4,{2},1)=12+13=25=25Cost(3,{2,4},1)={d[3,2]+C

ost(2,{4},1)=13+18=31d[3,4]+Cost(4,{2},1)=12+13=25=25 

Cost(4,{2,3},1)={d[4,2]+Cost(2,{3},1)=8+15=23d[4,3]+Cost(3,{2},1)=9+18=27=23Cost(4,{2,3},1)={d[4,2]+Cost

(2,{3},1)=8+15=23d[4,3]+Cost(3,{2},1)=9+18=27=23 

S = 3 

Cost(1,{2,3,4},1)={d[1,2]+Cost(2,{3,4},1)=10+25=35d[1,3]+Cost(3,{2,4},1)=15+25=40d[1,4]+Cost(4,{2,3},1)=2

0+23=43=35Cost(1,{2,3,4},1)={d[1,2]+Cost(2,{3,4},1)=10+25=35d[1,3]+Cost(3,{2,4},1)=15+25=40d[1,4]+Cost

(4,{2,3},1)=20+23=43=35 

The minimum cost path is 35. 

Start from cost {1, {2, 3, 4}, 1}, we get the minimum value for d [1, 2]. When s = 3, select the path from 1 to 

2 (cost is 10) then go backwards. When s = 2, we get the minimum value for d [4, 2]. Select the path from 2 

to 4 (cost is 10) then go backwards. 

When s = 1, we get the minimum value for d [4, 2] but 2 and 4 is already selected. Therefore, we select d 

[4, 3] (two possible values are 15 for d [2, 3] and d [4, 3], but our last node of the path is 4). Select path 4 

to 3 (cost is 9), then go to s = Φ step. We get the minimum value for d [3, 1] (cost is 6). 
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We hope you find these notes useful. 

You can get previous year question papers at  

https://qp.rgpvnotes.in . 

 

If you have any queries or you want to submit your 

study notes please write us at 
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