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Abstract: This paper addresses the optimization of the Travelling Salesman Problem (TSP) using parametric
analysis. The TSP is an NP-hard problem where the total distance and time traveled by an agent (e.g., a
salesman delivering pizzas from a center to multiple centers in a city) are minimized. In the present work, a
fuzzy optimization perspective has been adopted by considering center-to-center distances as parametric
variables. Using a-cuts, we converted the fuzzy TSP into a crisp optimization problem by slicing the fuzzy
numbers at various levels of certainty. MATLAB programming is used to analyze how parametric modifications
in the variables lead to changes in the optimal solution. At the end of a numerical illustration is given to justify
the proposed method and solution algorithm.
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1. Introduction

The delivery of a certain product from several sources to multiple destinations at the lowest
possible cost is the focus of transportation difficulties. There are several optimization
challenges in a variety of fields, including economics, engineering design, production
systems, and the sciences. To investigate the practical, extremely useful optimization
problems, which is a need for effective computational techniques and reliability. It can be
applied to solve optimization problems in a variety of application domains [6].

One of the well-known NP-hard combinatorial optimization classes is the Traveling
Salesperson Problem (TSP). The Travelling Salesperson Problem (TSP) has been solved
by numerous renowned researchers using a variety of optimization techniques, including
[2], [10], [18], [21], [22], [23], and [24]. Assume for the moment that a list of towns or
cities along with separations between every pair of cities. So that the shortest trip that only
makes one stop in each city must be found. Assume, for instance, that the salesman at
Domino's Pizza has the responsibility of traveling in Jaipur city to multiple other centres
just once to sell his or her goods before returning to the starting city. The salesman's primary
objective is to find the shortest route that will minimize the overall distance and time [4],
[7]. The salesman's ability to carry out their task efficiently and successfully is the main
obstacle to this issue. A TSP solution's performance can be examined using techniques like
situational analysis, parameter variation, and sensitivity analysis, helping to discover
principal factors and direct decision-making in ambiguous situations.

2. OR Tool

OR-Tools is a versatile optimization tool that supports various algorithms. It is allowing
users to tackle different types of optimization problems. Its time efficiency is high, allowing
for faster problem-solving in practical applications and research fields. It helps to solve
complicated problems. OR-Tools integrates well with other tools and allows you to use
multiple programming languages, making it accessible to researchers and developers. As
an open-source project, it is continually updated and improved by the community. OR-
Tools is a fast and portable tool for combinatorial optimization. It is a method of one of the
generic probabilistic C++, JAVA, or PYTHONS, which are crucial techniques for resolving
problems of the NP-hard class. They are also employed to find an approximate solution for
most global optimization issues.
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3. Mathematical Formulation
Reducing the overall distance travelled is the TSP's goal.
Equation (1) used to express distance travelled:
Minimize Z = Z(i,j)ET dU .xl-j
)
e Where:T is the collection of every city pair (i.e., every edge in the graph).
e d;j is distance between city i and city j.
e x;j isabinary decision variable:

o {1, if the route from city i to city j is chosen (2)
U 0, otherwise

Z is the total distance of the tour.
Constraints

i) Visit Each City Exactly Once: Each city must be visited exactly once, and
the salesman must return to the starting city. Mathematically, this can be
stated as follows (3):

D(izjer Xij =1 Vi (3)

This ensure that from each city i, exactly one path is taken.

ii.)  Return to the Starting City: Equation (4) is true since the salesman needs to
go back to the starting city (4).

Y(zierXji =1 V] (4)
As a result, the salesman will arrive in city j precisely once.

iii.)  Subtour Elimination: To avoid the creation of subtours (tours that do not
include all cities), we add a constraint. For a TSP with n cities, we use the
following subtour elimination constraints (using the Miller-Tucker-Zemlin
formulation) in equation (5):

w—ujtn-x;<n—1Vi,j ({#))
©)
Where u; is an additional variable used to order the cities in the tour.
3.1. Fuzzy optimization to formulate the TSP.

The fuzzy total distance is now the objective, which we define as its minimisation.
Equation (6) can be used to express the tour's total fuzzy distance:

Z(X) = Y jer dij
(6)
where T is the collection of tour routes. The goal is to find the tour T that minimizes
this fuzzy total distance.

The fuzzy objective can be managed using ranking methods or a-cuts. Using a-
cuts, we convert the fuzzy problem into a crisp optimization problem by slicing the
fuzzy numbers at various levels of certainty (e.g., 0.2, 0.5, 0.7) and then solving the
resulting deterministic TSP for each level.
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4. Parametric Analysis and Application
The parametric approach allows for adaptive decision-making and flexibility, ensuring

minimal total time and distance for the delivery process. Parametric study, where supply
and demand parameters were varied, can vary the distances between centers within their
fuzzy ranges. We can perform parametric analysis by solving the TSP for different alpha-
cut levels:

At a = 1, we use the "core" of the fuzzy numbers, treating distances as crisp values
in their most certain range.

At a = 0, We make use of the entire range of distance uncertainty.
We solve the TSP for each alpha-cut by minimizing the total distance using the OR-Tools
approach.

5. Numerical Illustration

A travelling salesman in a pizza center of Jaipur City who needs to cover from
Malviya Nagar center to all the other centers in Jaipur once and only once to deliver
his pizza and return to the starting center. The salesman wants to find the shortest
possible route by which the total distance and total time taken will be minimized. The
big challenge of this problem is that how can the salesman manage the route?

The TSP is solved using parametric analysis, where a parametric approach is
introduced to the given distance matrix.

Table 1. Distance Matrix

Malviya DP Raj Pink Vaishali Triton

Nagar GT | WTP | Mansarovar Metro MGF Mandir | Square | Nagar VDN Mall Jhotwara
Malviya 0 02 | 03 5 7 8 8 10 12 12 | 14 18
Nagar
GT 0.2 0 0.1 5.1 7 8 8 10 12 12 14 17
WTP 0.3 0.1 0 5 7 8 8 10 11 11 14 18
Mansarovar 5 5.1 5 0 3 2 2 3 5 5 7 11
DP Metro 7 7 7 3 0 15 1 2 4 4 6 10
MGF 8 8 2 1.5 0 1 2 4 4 6 12
Raj Mandir 8 8 2 1 0 2 4 4 10 10
Pink 10 | 10] 10 3 2 2 2 0 2 1 4 8
Square
Vaishali 12 |12 u 5 4 4 4 2 0 1 2 6
Nagar
VDN 12 12 11 5 4 4 4 1 1 0 4
Triton Mall 14 14 14 7 6 6 10 4 2 2 0 25
Jhotwara 18 17 18 11 10 12 10 8 6 4 2.5 0

5.1. The Distance Matrix's Parametric Definition

Some of the centres' distances will be treated as parameters instead of constants. For
instance, real-world circumstances like traffic may cause modest variations in the
distances between nodes like Malviya Nagar and GT. To investigate their effect on
the ideal TSP solution, these parameters can be changed.

5.2. Analysing Parametric:
We take into consideration LPP, where the data is linearly dependent on a single
parameter. Parametric analysis of LPP is the process of solving such LPPs for a subset
of parameter values that fall inside a certain range. We consider only those cases in
which the parameter affects either:

(1) The objective function coefficients ¢; or

(i) The right-hand side resource vector b.

Objective Function of Parametric Analysis: With parametric distances, the

objective function becomes:
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Minimize Z(a,B,y)

= Z(i,j)ETdij(a'ﬁ'y)-xij
(7
where d;;(a, B,y) represents the parametric distance between cities i and j, were the
distances,
d-MG., d-GW., and d-vv. vary based on parameters «, 3, and y, respectively.
Z(a, B,v) is the total distance for the optimal tour under the parametric values.

We introduce the parametric variation by focusing on some uncertain distances.
Let us say the distances between Malviya Nagar and GT, GT and WTP, and Vaishali
Nagar and VDN might vary due to traffic or road conditions. These distances are
represented by parameters that have a minimum and a maximum value.

Distance between Malviya Nagar and GT:
dye(a) =10.1,0.2,0.3]
Distance between GT and WTP:
dew(B) = [0.05,0.1,0.15]
Distance between Vaishali Nagar and VDN:

5.3. Procedure for Applying the Parametric Approach
Step (i): Specify Fuzzy Parameter Ranges

We provide a range of variation in the distances between these centres:
e dy; €[0.1,0.3]
e dgy €[0.05,0.15]
e dyy €[0.8,1.2]

Step (ii): Determine Several Parameter Values

OR-Tools is used to solve the TSP for each of the parametric variables. For various
parameter choices, we run the TSP solution and observe how the ideal trip varies.
Using parametric changes of certain distances between cities (pizza centres), we are
attempting to solve the Traveling Salesman Problem (TSP). To return to the starting
city, the TSP seeks the shortest path that makes precisely one stop in each city.

Here, we introduce parametric values for three key distances:
e dy : distance between Malviya Nagar and GT
e dgy: distance between GT and WTP
e dyy: distance between Vaishali Nagar and VDN

We compute the TSP solution for different values of these distances (minimum,
average, and maximum) and observe how the optimal tour and the total distance
change.
1. For the minimum values of the parameters:
dye = 0.1, dgyw = 0.05, dyy =0.8
2. For the average values:
dyc = 0.2, dgw = 0.1, dyy = 1.0
3. For the maximum values:
dyc =03, dgw = 0.15, dyy = 1.2.
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In the context of the TSP, we modify the distance matrix for each case, updating the

values of the parameters dy;, dgw, and dyy.

Case 1, the distance matrix becomes:

Dmin -

0
0.1

0.1
0
0.05

0.05
0

0.8

each case, we use the corresponding values of dy, dgw, and dyy.
Step(iii): Compute the Optimal Tours
After computing the optimal tours by MATLAB software, we get the output.

6. Result and discussion

VOLUME 9 ISSUE 6 2025

MATLAB COMMAND WINDOW

>> tsp_parametric

Optimal Tour:

1 2 3 5 9
Minimum Distance
Optimal Tour:

1 2 3 5 9
Minimum Distance
Optimal Tour:

1 2 3 5 9
Minimum Distance
Optimal Tour:

1 2 3 5 9
Minimum Distance
Optimal Tour:

1 2 3 5 9
Minimum Distance
Optimal Tour:

1 2 3 5 9
Minimum Distance

Optimal Tour:

11 12
:30.65

11 12
:30.65

11 12
:30.65

11 12
:30.7

11 12
:30.7

11 12
:30.7

10

10

10

10

10

10

1 5 9 11 12 10 8 7

Minimum Distance

Optimal Tour:

: 30.75

1 5 9 11 12 10 8 7

Minimum Distance

Optimal Tour:

:30.75

1 5 9 11 12 10 8 7
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Minimum Distance: 30.75
Optimal Tour:

1 5 9 11 12 10
Minimum Distance: 30.75
Optimal Tour:

1 5 9 11 12 10
Minimum Distance: 30.75
Optimal Tour:

1 5 9 11 12 10
Minimum Distance: 30.75
Optimal Tour:

1 5 9 11 12 10
Minimum Distance: 30.8
Optimal Tour:

1 5 9 11 12 10
Minimum Distance: 30.8
Optimal Tour:

1 5 9 11 12 10
Minimum Distance: 30.8
Optimal Tour:

1 5 9 11 12 10
Minimum Distance: 30.85
Optimal Tour:

1 5 9 11 12 10
Minimum Distance: 30.85
Optimal Tour:

1 5 9 11 12 10
Minimum Distance: 30.85
Optimal Tour:

1 5 9 11 12 10
Minimum Distance: 30.85
Optimal Tour:

1 5 9 11 12 10
Minimum Distance: 30.85
Optimal Tour:

1 5 9 11 12 10
Minimum Distance: 30.85
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Optimal Tour:

1 3 2 5 9 11 12 10 8 7 6 4 1
Minimum Distance: 30.9

Optimal Tour:

1 3 2 5 9 11 12 10 8 7 6 4 1
Minimum Distance: 30.9

Optimal Tour:

1 3 2 5 9 11 12 10 8 7 6 4 1
Minimum Distance: 30.9

Optimal Tour:

1 5 9 11 12 10 8 7 6 4 3 2 1
Minimum Distance: 30.95

Optimal Tour:

1 5 9 11 12 10 8 7 6 4 3 2 1
Minimum Distance: 30.95

Optimal Tour:

1 5 9 11 12 10 8 7 6 4 3 2 1
Minimum Distance: 30.95

Optimal Tour: This indicates the sequence of cities (pizza centers in this case) that form
the shortest possible route for the TSP. The cities are represented by numbers, with city 1
(Malviya Nagar) serving as the starting and finishing point.

Optimal Tour:1 2 3 5 9 11 12 10 8 7 6 4 1

According to this order, the salesperson begins in city 1 (Malviya Nagar), travels to cities
2,3,5,9,11,12, 10, 8, 7, 6, and 4, and then circles back to city 1 to finish the journey.

Minimum Distance: Using the current set of parametric distances, this is the total
distance covered on the ideal tour. A particular variant of the fuzzy parameters is associated
with each distance (e.g., distinct values for the distances between certain cities like Malviya
Nagar and GT). 30.65 is the minimum distance. Accordingly, in that specific parametric,
the tour's total distance is 30.65 units (kilometers).

6.1. An examination of the findings:

Multiple Runs: You are seeing different results for each set of parameter values because in
the result (tsp_parametric function) loops over different parametric values (for the distances
between certain pairs of cities, such Malviya Nagar to GT, GT to WTP, and Vaishali Nagar
to VDN). The algorithm determines the best tour and matching minimal distance for every
set of distances.

Repetition of Results:

The similar ideal tour is visible for the initial several parametric sets (between 30.65 and
30.65):

The ideal tour:
1,2,3,5,9, 11,12,10,8,7,6,4
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This indicates that this specific trip stays ideal for these parametric values, with only little
changes in the overall distance (from 30.65 to 30.7).

Following minor adjustments to the parameters, the ideal tour becomes:
The ideal tour:
1,5,9,11,12,10,8,7,6,4,3,2,1

This indicates that a slightly larger total distance (from 30.7 to 30.75) was the new optimal
tour that the computer discovered for the subsequent set of parametric variables.

Parametric Variation and Solution Stability: The best solution (tour) may or may not vary
as the parametric variables do. Sometimes the same tour produces the best results for
slightly different distances, which results in modest differences in the minimum distance
(30.65 vs. 30.7). In some instances, the system locates an alternative tour that is comparable
but has a marginally greater overall distance (e.g., 30.75 vs. 30.85).

Increasing Distance Gradually: As the parametric distances are changed, we can see that
the distances progressively get longer:

30.65 — 30.7 — 30.75 — 30.8 — 30.85 — 30.9 — 30.95

The overall distance of the ideal route is gradually increasing as a result of the growing
values of the parametric distances between cities, according to this.

Variation of Minimum Distance Across Parametric Sets
[ [ [

30.95 0%

309 - .
30.85 - 308%¢

308, |

30.7; 30.7; 30.7; a

30.8

30.75

Minimum Distance

30.65 - 063306y 3065 |

30.6

=

| | | | | |
0 2 4 6 8 10
Parametric Set (Variations of Distance)

Figure 1. Variation of Minimum distance across Parametric sets.

The X-axis parametric set represents different combinations of parametric values. A
specific set of values for the distances between specific city pairs is represented by each
point on the X-axis, and the lowest distance of the ideal TSP tour for each parameter set is
shown on the Y-axis. The graph will demonstrate how changing the parameter values
affects the minimum distance. Most likely, as a result of shifting parametric values, we saw
a slow rise in the minimum distance.

The minimum distance, 30.65, keeps the same for the first few parametric sets (1 to 3). The
minimum distance marginally rises to 30.7 as we proceed to sets 4 through 6, suggesting
that the parametric variables have begun to impact the solution. From parametric sets 7 to
12, the minimum distance keeps becoming longer, coming in at 30.95 for the last set. We
can see from this graph how responsive the TSP solution is to variations in specific distance
values between cities. Before growing, it also shows how stable the answer is for a few
ranges (constant distance for parametric sets 1-3 and 4-6).
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Use footnotes sparingly (or not at all) and place them at the bottom of the column of the
page on which they are referenced. Use Times New Roman 9-point type, single-spaced. To
help your readers, avoid using footnotes altogether and include necessary peripheral
observations in the text (within parentheses, if you prefer, as in this sentence).

7. Conclusion

In this study, we present a comprehensive approach to solve the Travelling Salesman
Problem (TSP) using parametric analysis under a fuzzy environment. By introducing
variable distances between pizza delivery centers using OR-Tools to solve the proposed
TSP. The result shows that slight changes in parameters can lead to variations in the overall
distance and optimal route. In the result we explained and highlighted the stability of the
solution across parameter ranges. The result demonstrates the sensitivity analysis of the
TSP to changes in specific distance values. This method can be effectively utilized for
practical applications, such as delivery routing problems, where conditions like traffic may
alter travel times.
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