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Route optimization problem using vehicle routing problem (VRP) and time
window constraint is explained as finding paths for a finite count of vehicles
to provide service to a huge number of customers and hence, optimizing the
path in a given duration of the time window. The vehicles in the loop have
restricted intake of capacity. This path initiates from the depot, delivers the

goods, and stops at the depot. Each customer is to serve exactly once. If the

arrival of the vehicle is before the time window “opens” or when the time
Keywords: window “closes,” there will be waiting for cost and late cost. The challenge
involved over here is to scheduling visits to customers who are only
available during specific time windows. Ant colony optimization (ACO)
algorithm is a meta-heuristic algorithm stimulated by the growing behaviour
of real ants. In this paper, we combine the ACO algorithm with graph
network henceforth increasing the number of vehicles in a particular depot
for increasing the efficiency for timely delivery of the goods in a particular
time width. This problem is solved by, an efficient technique known as the
ACO+graph algorithm.
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1. INTRODUCTION

Vehicle routing problem with time windows (VRPTW) has been a basic issue to transport goods
that are to be delivered within a time bandwidth is a trending topic for research in the upcoming years. This
task is elaborated as selecting routes for restricted number of vehicles to serve a group of customers in the
allotted time window. The vehicle has a specific capacity. It initially begins from the depot and ends at the
depot. All the customers are to be served exactly once. The main objective of the proposed system is to
reduce the total transport costs. This paper presents a transportation system for graph database to process the
required information. The databases used here demand information collected from all sources like vehicle
maps, and timetable, the path traversed from source to destination to incorporate the features to find an
optimal path, which will handle many users, to achieve efficiency to scale the system. Relationship between
the objects to integrate the primary constraints where a transport stops. To achieve efficiency to select a
particular algorithm in the form of a computer memory. Graph databases are chosen based on the concept of
structured query language (SQL). The possibility of storing a graph in a graph based system. To determine
the efficiency and scalability to use data integrity along with accessibility.
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As a result, an evolutionary algorithm (EA) is presented to handle optimization difficulties [1],
hence enhancing efficiency. Particle swarm optimization (PSO) is one of these techniques that has proven to
be effective in solving a variety of challenging optimization problems. We describe an improved ant system
approach for the vehicle routing problem (VRP) with a single central depot and several similar vehicles in
this work. The goal is to solve combinatorial optimization issues by mimicking the behavior of ant colonies
based on observations of real ants hunting for food. Real ants have been discovered to use a fragrant essence
called pheromone to relay information about food sources. The behavioral mechanism described above can
be used to solve combinatorial optimization problems by simulation.

Wang et al. [2] offer an improved ant system solution for the VRP by increasing the total number of
vehicles for timely product delivery, and show that the ant pattern for food finding may be employed to
provide competitive outcomes. Cluster analysis is a type of mathematical analysis method encountered, as
well as a type of machine learning method without supervisor monitoring that belongs to NP difficult
problems [3], but the analysis method over here has been widely applied in image identification, information
retrieval, data mining, statistics, machine learning, spatial database [4], and bifurcation analysis. ACO has
improved the results of a series of combinatorial optimization solutions, and by applying ACO to practical
problems, Braekers et al. [5] researchers have proposed the artificial ant colony concept; artificial ant colony
and real ant colony have many similarities, but artificial ant colony has unique skills that real ant colony
lacks. In the section, based on introducing ACO thought, it designs the algorithm prototype system, provides
optimization, and improves the opinions for the system. The goal of VRPTW [6]-[8] is to choose the best
vehicle route from a set of possible options. The goal is to keep the whole cost as low as possible. The
dimension’s encoding approach is used for the VRPTW with demand points in this paper due to the unknown
number of cars. Two dimensions are involved for each demand point. The serial number of the vehicle that
serviced the demand point is the first point. The serial of the serviced demand point is the second point. Each
particle conveniently correlates to a matrix in which the first dimension corresponds to the serial number of
vehicles and the second dimension corresponds to the serial number of consumers.

They propose that a multiswarm cooperative particle swarm optimizer (MCPSO), which is a variant
of the PSO form [9]. It employs a multiswarm cooperative evolutionary method in which the master swarms
alter their particles based on their own knowledge and that of the slave swarms' particles, while the slave
swarms carry out PSO separately to obtain particle diversity. In the context of faster route generation by
implementing artificial intelligence (Al) technique onto it, implemented on an intelligent system to estimate
the consumption of energy and estimate the travel time by application of heuristics algorithms to solve
vehicle routing problems. An efficient meta-heuristic technique selected to be applied on this generalization
for vehicle routing problem to achieve better performance. A theoretical approach is carried out which states
that a generic approach is used to combine different techniques to solve this problem [10]. The technique is
based on re-optimizing or re-routing approach. This approach is tested with seven different techniques and
the results are obtained based on the heuristic approach. This also involves by minimizing the no of
customers for service. The feasibility of the solution approach decreases for path optimization by reducing
the number of vehicles. The infeasibility problem occurs while there will the customer no longer serviced in a
specific time window. A deep learning based automatic vehicle location system (AVLS) system-modelling
technique is proposed to develop vehicle routes in this system [11]-[14]. An optimization-based approach is
significantly using deep reinforcement learning strategy to estimate the parameters of the model. This
approach is sensitive to many parameters like time, which is quite time consuming. A neural network-based
optimization strategy is developed for vehicle routing in minimum computation time. Figure 1 shows the
sample representation of a graph network. Consider a road network below consists of vertices and arcs.
Vertices are depots, intersections, and customers, arcs are roads, which are directed or undirected [15].

Figure 1. Sample representation of a graph network
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2. RELATED WORK

The multi-compartment electric vehicle routing problem (EVRP) with a soft time window and
multiple charging kinds is discussed here [16], [17] where electric multi-compartment cars are used that are
environmentally benign but require charging during the transportation process. The goal of this optimization
issue is to minimize the function composed of vehicle cost, distribution cost, time window penalty cost, and
billing service cost using a mathematical model. An estimation of the distribution algorithm based on Lévy
flight (EDA-LF) is presented to overcome this problem by doing a local search at each iteration to avoid the
algorithm from falling into a local optimum [18]. The EDA-LF method finds better solutions and is more
robust than the basic EDA algorithm, according to experimental results. A graph data model consists of data
structures [19], different constraints while implementing a task to perform connections in transport
environment. These databases refer to the category of NoSQL databases. They have high efficiency and
handle many users, while using a graph database to enhance the quality of the system to shorten the response
time and simply implement different functions. The vehicle routing problem along with time window
constraints along with road-network information [20]. At first, a customer-based graph is introduced to solve
the problem of specificity. The vehicle routes are defined for customer-based graphs, a dynamic approach is
considered for to estimate the travel-time with minimum cost and derive optimal solutions for the problem.
Vehicle routing problems are solved by customer graphs where many attributes are embedded in road
segments, alternate paths are considered on different customer graphs [21], [22]. Two methods are used to
handle customer-based graphs to represent different attributes defined in road segments.

To represent multigraph road networks where an arc is introduced for each path, an exact solution is
developed to determine the paths, which are not dominated by linking a set of points interested in a road
network. The proposed algorithm used here is multi-dimension multi-objective searching strategy. The
efficiency to solve a road network problem to reduce the cost. The optimal solution to the road network to
find instances, which are not feasible to use the shortest path, which is carried to in the form of simple
representation [23]. Significant research is carried out to solve problems related to VRP to accomplish the
objectives to reduce the total cost, total distance, the solutions for VRP are classified into three types exact
methods, heuristics and meta heuristics, the exact methods are further classified into branch and X, constant
programming and dynamic programming. VRP problems are said to be NP-hard, solving these problems is
time-consuming. The customer-based graph for time dependent VRPTW to build two algorithms with road
network for multigraphs. Several vehicle routing problems to compute customer-based graph network. The
main goal here is to emphasize on tackling large class of vehicle routing problem. The possible enhancement
for recent advancement in technology to obtain the real-time traffic condition scenario [24], [25]. A graph
database is implemented to find an optimal solution while connecting two stops in vehicle routing scenario.
Graph databases are categorized using segmentation known as non-relational database known as NoSQL
database. A graph model is constructed for transportation problem for vehicle routing in task orientation to
traverse an optimal search path. The path-shift from public transport system to classic modelling of the graph
technique has been exploited to transform between different relations of a database. A detailed representation
of public transportation system is carried out and a relational graph-based model is developed [26].

Edge computing, traffic management are studied in detail in the transportation of green vehicle
systems. There are different mechanisms for different state-of-art approaches to attain the necessary energy
efficiency for various green vehicle systems [27]. Offloading circumstances, in edge computation for
outsourcing the requirements by predicting the estimated arrival of different workloads, employing Al
technique to facilitate between switching the harvesting states from one state to another. In 6G era, numerous
vehicles are connected using the same infrastructure providing secure communication for vehicle routing for
different problems. The unauthorized users pose a security threat to different vehicle owners by intruding the
system while accessing the system resources. The similarities between VRP and JSPs problem are studied,
they have the same scenario in execution of their tasks, and their resources are constrained based on the
capacity to process their number of tasks. Here exists a time interval that depends on the consecutive
execution of tasks to minimize the various lengths of the windows to be executed while specifying a new
relationship altogether as far as the capacity constraints are considered [28]. An optimizing the criteria for
minimizing various definitions to compress the length of activities to minimize each transition time. A
similar technology is used for scheduling as well as vehicle routing problems.

The customer-based graphs representing a road network, to analyze different graph routing problems
to achieve alternate paths to handle different limits [28]. The efficiency to tackle the problem on the road
network is compared along the multigraph approach. They have developed a multigraph approach for branch-
and-price algorithm to improvise the solution of to conduct and analyze the characteristics of VRPTW, which
effect the performance with road network and multigraph settings. First step is to develop an algorithm to
estimate the associated shortest paths based on the road network to find the instances of expected departure
time. To adapt a road network which is based on time-dependent algorithm. The optimal solution found for the
road network for different instances, which are not feasible to use the shortest path for the representation.
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Friggstad [11] a VRPTW plays a key role in all business operations, recently this has allowed the operations to
be carried out in a real time scenario. Latest technologies also possess new problems to the business
management techniques, which affects the decision-making approach for dynamic VRPTW problems as well. A
generic approach is proposed here to solve this problem, this algorithm serves as a basis for other new
algorithms like the insertion approach and DVRPTW, as well as MACS, and these algorithms were compared
with many state-of-art-techniques, the best performing algorithm is selected in comparison with other literature
review techniques [29]. Meta—heuristics technique requires more CPU time, and are very complex for
implementation purposes. The real-life applications choose flexible approach, to cluster these practical
applications; few methods are more attractive and effective for tackling complex constraints. The solution
approach for local meta-heuristic techniques improves the complex constraints involved in it. The ACO
approach is implemented by considering the analogy of real ant colonies for food [30].

3. PROPOSED METHOD

The optimization according to the path by considering three parameters: i) a depot where many
customers are serviced, ii) many vehicles serviced starting from the starting point, and iii) to traverse the path
starting from the depot to the termination point. A customer is served by one particular vehicle, another
constraint is the vehicle should meet the time-window constraint; this should meet the requirements such as
customer satisfaction, minimizing the cost, to find the optimal path. A penalty cost is provided for early or
late arrivals that improvise customer fulfilment. The penalty obtained for late arrival is high in aspect of early
arrival. When delivery is concerned taking into account several aspects involved with optimal distribution of
path apart from goods requirement, refrigerated vehicle weight as well as time window is considered.
Consider a graph G = (V, A) a fully connected graph that depicts the network of the distribution of vehicles.
Specifically V = {0, 1, 2, ....., n} be the set of nodes, where 0 represents the distribution center and 1, 2, 3,
........ , n depicts the customer points. A= {(a, b): a,beN, a # b} that depicts the routes. Considering the
distribution center, customer location, and the demand known in prior. The distance is calculated between
two customers (a, b) by Euclidean distance measure.

3.1. Cost evaluation

The cost of the vehicle consists of vehicle wear maintenance, the total expense, and the salary of the
driver. Let g, depict the used vehicle h. a’;y is a 0-1 decision variable where x{‘j denotes that the vehicle k
departs from the distribution center to the customer i and j, else a;,=0. The vehicle fixed cost FC is by given
(1). The customer’s demand is used to estimate the distribution cost of the vehicle. TC Represents the burden
per unit weight and d,;, the distance between the customers a and b, m® denotes the cargo demand of the
customer a. The transportation cost is mentioned in (2). The products, which are perishable, that consist of
cargo damage from wear and tear the timestamp that at which the vehicle leaves the distributed center, the
products that are delivered within specific time requirement. The cargo damage occurs within a time window
as accepted by the customer. The association between the distance and damage coefficient grows
exponentially; t is the declining co-efficient to detect the freshness of the product and ¢; is the actual
estimated time to reach the customer a and t, the time window required by the customer. The total damage
cost can be find by (3).

FC = 55:1 Z;=1 Yr=1 a§z Yn (1)
TC = Y31 Xy=1 251 @), dgpym® (2
TDC = ¥¥ 1 Y5-1 201 a5, dgpym®(1 = f 12t — ) 3)

3.2. Distribution cost

The measure of time the distribution center that responds to the requirements of the customer known
as satisfaction. The expected time of the customer to deliver the goods, the satisfaction is higher, the expected
time period of the customer in the interval is given by [ f,,[,]. The arrival time is given by AT, for the
number of customers is given as n. the total satisfaction is considered as 100 for the delivery, the penalty
denoted as &, for early delivery penalty factor is denoted as &, and for late delivery &,, here §; < &, ,the
satisfaction of a single customer is termed as C; is defined as (4), (5).

Int J Reconfigurable & Embedded Syst, Vol. 12, No. 3, November 2023: 403-413



Int J Reconfigurable & Embedded Syst ISSN:2089-4864 a 407

100 fa—ATq .
C = {__81— lffa > AT,

)
n fa

(2 if fa < AT, < g @)

(2= 8,50 if 1, > AT,

la

DC=58, f‘% + 108, 72 (5)
3.3. Optimization of the ACO+graph network model

Various factors such as vehicle cost, distribution cost, and customer satisfaction cost is determined
by (6), (7), (8). In (9) and (10) determines that each customer is serviced by one vehicle service. Equation
(11) the delivery vehicle leave the distribution center for delivering the goods and then return back to the
distribution center, in (12), the total weight of the goods indeed required by the customer could not exceed
the load of the vehicle. In (13) we can say that the no of vehicles in the distribution center is limited. In (14)
the relationship of customers from y to y+1. In (15) once the y-th customer is serviced the weight of the
vehicle is estimated by d?, the vehicle leaving the distribution enter is the same vehicle as the one returning
the distribution center, the value taken by the decision variable should not be negative in the range 0-1, the
time window wherein the delivery vehicle arrives late or early.

Minytqs = FC+TC +TDC (6)
Min, = Aﬁb%(y (,u B + %+PC) Ja)h @)
Mas =[50 — 2522 S0 |50 =y 220 ®)
2:1,3/:1 a1 ay;=1, 9)
D=1 P az, — X7-1 YX-1af, =0,b€n, (10)
e XEe1 W = X1 a0y, =X, Vy,z € Gx € X (11)
b-1,a3¢ DY < Dg,Vx €X,e€ Ey (12)
XYl af <X, Vx € X (13)
7=0(Dzy — Dy) = d”,VY(y,2) € G (14)
N=1 252003, = Xx=12yz=005y, V X,y €G,x €EX,
dy =>0,Vyea

a;‘z(l—a;‘z) =0,Vy,z €GXEX,
fy <AT, <l,,y€n
fy —AT, >0,Vy €G
l,— AT, < 0Vy €G

(15)

Ant colony optimization technique is employed here to solve the optimization problems to
understand the pattern of ants searching for food they find a short route from food to their particular nest they
follow each other by releasing a chemical known as pheromone, the replication of their above procedure of
the ants following the trail makes the trail more accurate. The algorithm proposed here to develop each
vehicle for the respected duration of time window. This model can be applied to a multiple start point with
multiple delivery points who source us to have a pickup and delivery source from source to destination while
in the process of selecting the best node to the delivery point. We have chosen an algorithm here for selecting
the appropriate route if it satisfies the particular criteria or it can select the next node until it fits into the
constraints. Algorithm 1 displays the improvised ACO+graph network.
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Algorithm 1. Improvised ACO+graph network

Step 1: initialize the parameters, consisting of number of ants max, the number of levels
is given as Lpya , the pheromone repetitions 1is given by P,, weights associated with
pheromone level is given as p and p. The max and min values of pheromone are given as Pmax

andfmin -

Step 2: To place the m ants randomly, initialization Pheromone.,ncentrations considering the
adjacent node based on given node.

Step 3: Updation and restriction of Pheromone.,ncentration, value between min and max of
pheromone, transition probability of each node 1is obtained. Thereby visiting each node and
completely visit all nodes.

Step 4: Estimate the total cost evaluation, calculate the optimized path for minimal cost
and customer satisfaction by using the Pareto optimal principle, when N reaches the max
value, the Pheromone.oncentration 1S 1nitialized again.

Step 5: The value of N is less than the maximum, go to step 2 else finish the iteration,
output the Pareto optimal principle and optimize the distribution path.

3.4. Data and parameter selection

The dataset considered is Solomon standard considering 0 to 100 customers, considering the
parameters like customer satisfaction, the time in which the goods are serviced in time window constraints.
The ant colony optimization algorithm, the number of levels considered in Pheromone oncentration- 1N
number of ants considered has a direct influence on the optimization of the path for effective transmission.
The cost minimization needed to be considered for different levels in the ant colony optimization algorithm.
VRP integrated along graph network, of multigraph-based model known as ACO+graph network model.

4. RESULTS AND ANALYSIS
4.1. Dataset details

The data is selected based on analysis of the Pareto optimum solution, which is the most effective
solution to the multiple aims programming scenario. The best version of it suppresses the sub-objectives to
achieve the main objective quickly. As a result, there is very little potential for conflict between objectives
and sub-objectives, and a solution is obtained after noise removal. The proposed ACO+graph network
method outperforms the competition in numerous test cases and 100 customers in three different
circumstances. This information is organized in a Pareto optimal solution format. Because no one of the
resolutions in the Pareto front has been subjugated through solutions which are outside, (or by solutions
inside the Pareto front curve), the non- subjugated explanations have the few objective disruptions. This
feature gives the decision-maker more options to choose from. Multi-objective optimization of cost, carbon
emissions, and customer happiness is explored in this study, with the result determined as a Pareto optimal
solution.

4.2. Result analysis

The analysis of result is carried out using the Pareto optimal solution, which concludes that project
benefit of 80% work comes from 20% of work carried out. This is optimized further to state that the sub-
objectives are curbed in effectively achieving the objective. Due to this issue, there is less scope to achieve
the objectives and to obtain a solution without noise. The results are tested with test cases of 25, 50, 75, and
100 customers using the proposed approach to provide a better solution. The detailed description of each
result is shown below. The abbreviations considered in graph are: cost in CNY (C(CNY), carbon emissions
(CE), customer satisfaction (CS), and number of vehicles used (NY).

4.3. Test case for 25 customers

The path is optimized to achieve efficient performance for the C101 (25) to obtain the results using
Pareto optimal principle. We can find from the graph that the algorithm ACO+graph theory gives better
results in comparison with that of other state-of-art-techniques. Figure 2 shows the comparison of
ACO+graph network, ACOMO, ACO for c101_25 customers. The proposed algorithm ACO+graph network
which sums up the total cost to 3,139, the vehicle used to get an optimal path is (0, 5, 3, 7, 8, 10, 11, 9, 6, 4,
2,1, and 0), (0, 13, 17, 18, 19, 15, 16, 14, 12, 0) and (0, 20, 24, 25, 23, 22, 21, 0). Figure 3 displays the
solution for c101 with 25 customers.

4.4. Test case for 50 customers

The analysis here is carried out on the test set for 50 customers with c101 (50), 5 vehicles have been
deployed with the paths considered. The total cost estimated here sums up to 5943. Figure 4 displays
comparison of ACO+graph network, ACOMO, ACO for ¢c101 50 customers. Figure 5 displays the solution
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for ¢101 with 50 customers. Optimal path is (0, 43, 42, 41, 40, 44, 46, 45, 48, 50, 49, 47,0), (0, 5, 3, 7, 8, 10,

11,9, 6, 4, 2,1,0), (0, 20, 24, 25, 27, 29,
13,17, 18, 19, 15, 16, 14, 12, 0).

30, 28, 26, 23, 22, 21,0), (0, 32, 33, 31, 35, 37, 38, 39, 36, 34,0), (O,
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Figure 2. Comparison of ACO+graph network, ACOMO, ACO for c101_25 customers
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Figure 4. Comparison of ACO+graph network, ACOMO, ACO for ¢101_50 customers
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Solution for Case: ¢101 with 50 Customers

120 T T T T T T T T T T
110 L *  Center
®  Customer Location
100 - n
90 - 1
® = =
= B0 - [ -] -
3 = =
T 70 F:ki -
o
60 [~ n
50 - :: =g H —— i
" = =
40 | = | = / i
= a = =
a0 b e | -
1 1 1 1 1 1 1 1 1 1
-5 0 5 10 15 20 25 30 35 40 45 50

Abscissa

Figure 5. Solution for ¢101 with 50 customers

4.5. Test case for 75 customers

The test dataset used here is ¢101 (75) has been used for analysis. To optimize an efficient path 8
number of vehicles are used for the analysis of results. Figure 6 displays the comparison of ACO+graph
network, ACOMO, ACO for c101_75 customers. Figure 7 shows the solution for c101 with 75 customers.
Optimal path is (0, 43, 42, 41, 40, 44, 46, 45, 48, 51, 50, 52, 49, 47, 0), (0, 5, 3, 7, 8, 10, 11, 9, 6, 4, 2, 1, 75,
0), (0, 32, 33, 31, 35, 37, 38, 39, 36, 34, 0), (0, 67, 65, 63, 62, 74, 72, 61, 64, 68, 66, 69, 0), (0, 20, 24, 25, 27,
29, 30, 28, 26, 23, 22, 21, 0), (0, 57, 55, 54, 53, 56, 58, 60, 59, 0), (0, 13, 17, 18, 19, 15, 16, 14, 12, 0) and (0,
71,70, 73,0)

25000 C101_75 _—
20196
20000
g 15000
9 10640
10000
5000
55 100 94,9 99,5 112
0
C (CNY) CE cs C (CNY) CE cs C (CNY) CE cs
ACO+Graph Network ACOMO ACO
METHODOLOGY ]
Figure 6. Comparison of ACO+graph network, ACOMO, ACO for ¢c101_75 customers
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Figure 7. Solution for ¢101 with 75 customers
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4.6. Test case for 100 customers

The test set used here is c101 (100) dataset. The total cost achieved is 1362 by deploying 10
vehicles, to choose the most optimal path. Below mentioned Figure 8 shows comparison of ACO+graph
network, ACOMO, ACO for ¢101_100 customers. Figure 9 shows the solution for c101 with 100 customers.
Optimal path is (0, 5, 3, 7, 8, 10, 11, 9, 6, 4, 2, 1, 75, 0), (0, 43, 42, 41, 40, 44, 46, 45, 48, 51, 50, 52, 49, 47,
0), (0, 20, 24, 25, 27, 29, 30, 28, 26, 23, 22, 21, 0), (0, 67, 65, 63, 62, 74, 72, 61, 64, 68, 66, 69, 0), (0, 90, 87,
86, 83, 82, 84, 85, 88, 89, 91, 0), (0, 57, 55, 54, 53, 56, 58, 60, 59, 0), (0, 98, 96, 95, 94, 92, 93, 97, 100, 99,
0), (0, 32, 33, 31, 35, 37, 38, 39, 36, 34, 0), (0, 13, 17, 18, 19, 15, 16, 14, 12, 0), (0, 81, 78, 76, 71, 70, 73, 77,
79, 80, 0).
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3 20000
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70 100 130 99,7 135,5 98,6
0
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Figure 8. Comparison of ACO+graph network
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Figure 9. Solution for ¢101 with 100 customers

By comparison of this results with other state-of-art-techniques we can conclude that our proposed
ACO+graph network performs better with other existing methods, by employing a smaller number of
vehicles for to achieve effective performance by minimizing the cost value and the proposed system shows
the effective performance to be countered with real-world problems. Our proposed system shows the total in
reducing the cost management purposes, for modified ACO+graph network algorithm. This technique
outperforms the ACO algorithm.
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5. CONCLUSION

This paper here involves combining the features of graph theory and ACO to solve the vehicle
routing problem with time window constraints. Implementing the task solution for optimal path using the
graph-based network, here we try to integrate the VRP problem with time window constraints by merging it
with the graph network. Our proposed model works effectively in comparison with other state of art
techniques. The VRP problem while considering other measures such as minimizing cost, and optimal path to
achieve better performance. A multi-objective optimization model is achieved in a real-time scenario, and an
improved ACO algorithm integrated along with a graph network is considered here for satisfying the
customers by delivering the goods in a specific time window. We have used Pareto optimal principle over
here for multi-objective optimization. Future work to be carried out here suggests that we consider other
parameters like temperature for perishable goods; this also establishes the amount of energy consumed by the
vehicle during transportation of goods from source to destination.
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