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1. Introduction

In recent years, the logistics business has grown significantly worldwide [1, 2].
Increasing customer demand and demand fulfillment are challenges to logistics activities
|3, 4]. Distribution activities are important in moving goods from producers to consumers
on time, in the right quantity, and good condition [5]. Limited vehicle capacity and
customer time windows are crucial issues and create challenges in this activity [6, 7]. One
of the important decisions in distribution activities is the determination of delivery routes
from depots to customers [8-10]. Optimizing distribution routes with limited vehicle
capacity and customer time windows is called the Vehicle Routing Problem with Time
Windows (VRPTW) [11].

VRPTW is a route determination problem with time window constraints in
fulfilling each customer's demand [12, 13]. Solving this problem is to minimize the number
of vehicles used. In addition, this problem aims to minimize the total mileage with capacity
constraints and time windows. According to Truden, et al. [14], VRPTW produces a series
of optimal routes carried out by a fleet of vehicles to serve a set of customers within set
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time windows. In this problem, time windows are two-sided, meaning each customer must
be served at the earliest and before the customer's latest time. If a vehicle arrives before
the earliest time, it results in idle or waiting time. On the other hand, when the vehicle
arrives after the latest time, the vehicle is tardy [11, 15]. There is also a service time
required to serve each consumer.

In the last three years, there have been several studies on VRPTW problems. Most
of them use metaheuristic methods. Wang, et al. [16] used the multi-Ant System algorithm
in solving the VRPTW problem by considering service time. The algorithm is a
development of the ant colony optimization algorithm. Hybrid Evolutionary Algorithm
was developed to solve VRPTW by Zhang, et al. [17]. Numerical experiment results in a
state that the algorithm provides effective and higher-quality results. Ant Colony
Optimization algorithm was also developed by Suppan, et al. [18] with hard time windows.
In the study, ACO was stated to perform better than genetic algorithms. Metaheuristics
are widely recognized as efficient approaches to solving non-polynomial hard optimization
problems. Meanwhile, according to Elshaer and Awad [19], metaheuristic algorithms can
be classified into single solution-based and population-based. This method can also be
called an approximate method because, in the search process, it cannot be guaranteed to
find the best solution [20]. The population-based method is further divided into
evolutionary computation, for example, Genetic Algorithm (GA). Meanwhile, one of the
swarm intelligence procedures is Ant Colony Optimization (ACO) [19].

ACO takes inspiration from the foraging behavior of ants. These ants deposit
pheromones on the ground to mark clear paths other colony members should follow. ACO
exploits a similar mechanism to solve optimization problems [21]. According to Liu [22],
this algorithm simulates an ant colony searching for paths during the foraging process.
ACO is a type of paradigm development used in solving optimization problems with a
collection of algorithms that use probabilistic methods. This algorithm replicates the
behavior of a group of ant colonies in finding food. Along with the times, the ACO
algorithm requires an improvement to get more optimal results. Many researchers are
interested in developing the ACO algorithm, then called Improved Ant Colony
Optimization (IACO). The improvement used does not combine the ACO algorithm with
other algorithms. However, the improvement is in the form of changing the strategy in the
ACO algorithm stages—for example, strategies in pheromone update and local search.
Improvements aim to produce better results with minimal computing time [23].

This research proposes the Improved Ant Colony Optimization (IACO) algorithm
for solving VRPTW. The contribution focuses on the developed algorithm's Mutation and
Local Search processes. Improvements to the conventional ACO algorithm must be made
to be sensitive to vehicle capacity constraints and time windows. IACO algorithm is
proposed by adding mutation and a local search process. The mutation process considers
the resulting distance, and local search considers time windows. The proposed IACO
algorithm is implemented in a real case study. It is expected to overcome the problem of
delayed product delivery.

2. Literature Review

This section presents the results of previous research literature studies that solve
VRP problems with metaheuristic methods [24-26]. Li, et al. [27] developed an ACO
algorithm to solve multi-depot VRP problems with an innovative approach to updating
pheromones. The results show that improved ACO produces higher quality than
conventional ACO. Huang, et al. [1], completed a case study of a Vehicle Routing Problem
with a Drone (VRPD) utilizing the ACO algorithm with the 2-opt method for local search.
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The results of numerical experiments state that the ACO algorithm performs well in
solving classic VRP problems. ACO algorithm for the VRPTW case study was developed
by adding a saving algorithm and A-interchange mechanism by Ding, et al. [28]. The
proposed algorithm successfully improved the search speed in large-scale problems.

Table 1. Literature Review

VRP Method Fungsi Tujuan
Min- .
Authors o MN PD TW ACO TABU @A Dmprovement o) Mar-  Min-
Profit DIstance
Cost
Li, et al. ) ) Pheromone |
. ! ! . v
[27] Updating
I:Ilu il_ﬁg ety N Local Search N
. Saving Algorithm
I,)“.jg‘ etal y y & A-Interchange V
(28] .
mechanism
Huang and | Path WEight |
Ding [29] ! Matr}x & Save !
= Matrix
Jia, et al. | Mutasi — Mixed )
[30] K Local Search K
Fu, et al. N Structure of The N
[31] Tabu List
Adaptive Tabu
Liand Li | | Length And |
[32] N N Neighborhood N
Structure
Nazif and , Crossover |
Lee [33] v Operators v
Zhong-yue, ; Crossover |
et al. [34] v Operators v
Huang and Voo v Local Search \
Zhang [6]
Ibrahim, | | Mutation & Local |
et al. A A Search Operators A

C: Capacitated; MD: Multi-Depot; PD: Pickup & Delivery; TW: Time Windows
ACO: Ant Colony Optimization; TABU: Tabu Search; GA: Genetic Algorithm

Meanwhile, Huang and Ding [29] developed the ACO algorithm by adding Path
Weight Matrix and Save Matrix to solve the VRP problem. Computer simulation results
prove that the resulting routes are better with other procedures. A different algorithm is
offered by Jia, et al. [30]. They proposed a Tabu Search algorithm for VRP problems by
adding Mutation and Mixed Local Search. The quality of the resulting solution is claimed
to be better on large-scale problems. In addition, the Tabu Search algorithm for VRP
problems with an improvised Structure of the tabu list was also conducted by Fu, et al.
[31]. The computational results show that the algorithm has superior computation time
advantages. Li and Li [32] developed a Tabu Search algorithm for the VRPTW problem by
adding adaptive tabu length and neighborhood structure. The java programming language
was used for solution computation. The results stated that the proposed algorithm proved
to be better than the conventional tabu search algorithm.
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In VRP solving, Genetic Algorithm with an improved crossover operator was
proposed by Nazif and Lee [33] and Zhong-yue, et al. [34]. The results stated that the
solution quality of the proposed procedure is competitive compared to other procedures.
Another finding is that the optimal solution can be easily obtained. On the other hand, an
improved genetic algorithm procedure with improvements in the local search was
conducted by Huang and Zhang [6]. The research was applied to solve the VRPPDTW
problem. The results concluded that improvement with local search has a faster global
optimization capability.

Based on the previous research presented in Table 1, it can be concluded that many
previous studies have utilized metaheuristic algorithms in solving various VRP problems.
There have also been many improvements or developments of conventional metaheuristic
algorithms to achieve better results with shorter computing times. It is also not uncommon
to combine with other metaheuristic algorithms. However, especially in VRPTW, there
has not been much development with mutation and local search. Hence, in this research,
mutation and local search operators are developed in the IACO algorithm to solve VRPTW.

3. Methods
3.1 VRPTW Model

In this article, the problem of determining vehicle routes from a distributor to some
destination nodes is designed as a Vehicle Routing Problem with Time Windows. In this
problem, the optimal route is determined with the objective function of distance
minimization. The assumptions include a symmetrical distance between nodes and do not
consider congestion. Some constraints are required to ensure the boundaries that should
not be violated, such as vehicle capacity and time windows of destination nodes. This
VRPTW problem is used to solve the routing problem. The IACO is developed and used for
optimization in distance minimization. The mathematical model for VRPTW in this paper
is based on Toth and Vigo [35] and is formulated as follows:

Minimize Z = Z Z CijXijk (1)

keK (ij)eA
subject to:
Z Xijre = 1 JVIEN, (2
KeK jen+(i)
Xpjk =1 ;VREK, (3)
jed—(0)
Vk€EK, jEN,
Z Xije — Z Xjie = 0 ' ! @
=) €8T (1)
Yk EK,
Xinrie = 1 ’ ©)
ieA=(n+1)
x[-jk(w(-k+5(-+tu—wjk)£0 Yk eEK, (i,j)EA, (6)
a; Z Xiji < Wi < by Z Xijk VkEK, LEN, O
jeB+ (i) JjeR+(i)
E<wy<L VkEK, i€{0n+ 1}, (8
L —
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zd(‘ Z ey Yk €K, (9)
[EN  jeAt+()

X =0 i VkEK, (i,j) €A, (10)
x[-jkE{O,l} iVkEK, (i,j) €A, (11)

Notations:

K : Set of vehicles with the same capacity

A : Node set={0,1,...,n+ 1}

N : Customer set= {1,...,n}

cij : distance from vertex i and j

xiji - equal to 1 if art (7,j) is used by vehicle k& and 0 otherwise.

Wik : start of service at node i when serviced by vehicle k.

E : earliest possible departure from the depot.

L : latest possible arrival at the depot.

s : service time node 1

tij : time travel from node i to node j

d; : customer demand quantity i

L
[a;, b;] : time windows from node §

Equation (1) represents the objective function to minimize total distance, while
Equation (2) is a constraint restricting the assignment of each customer to exactly one
vehicle route. Equations (3)-(5) are constraints that characterize the flow on the path to
be followed by vehicle k. Equations (6)-(9) are a constraint for guaranteeing schedule
feasibility concerning time consideration and capacity. Equation (10) non-negativity
constraint, and Equation (11) imposes a binary condition on the flow variable.

3.2 Improved Ant Colony Optimization

The method proposed in this research is Improved Ant Colony Optimization
(IACO). The algorithm added a mutation process and local search before the pheromone
update process. With the mutation and local search processes, the IACO algorithm is
expected to have advantages, namely finding the optimal, effective, and efficient solution.
The flowchart of the proposed method can be seen in Fig. 1. The seven main stages in the
proposed TACO algorithm are explained as follows.

Step 1: Creating a Route Solution with State Transition

In IACO, an ant forms a route consisting of the customers visited by the ant. The
customers visited by an ant are stored in a tabu list. In decision making, an ant k chooses
customer (node) j after visiting customer (node) i using the probability formula Equation
(12).

() “(mip)”

s k —
P”( ) E(ﬁ;‘]“-(ﬂu]ﬁ

(12)
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Where (p;;(k)) is the probability of ant choosing customer (node) j after visiting
customer (node) i on a k-th route. 7;; is the pheromone of the distance of customer i to
customer j, and 7;; is the visibility of the distance of customer i to customer j. & and £ are,
respectively the ant trail intensity controller and the visibility controller of the distance of
customer i to customer j with values @ > 0 and 8 > 0, and Tabu is the set of customers
that ant should not choose.

Step 2: Calculating value Pm(t)

Pm(t) is the probability of mutation at iteration t. The probability of mutation at
iteration t (Pm(t)) is modeled in Equation (13).

Pm(6) = PRI + (e — ppim)it/T (13)

pMn js the lowest mutation probability level defined by the Equation p™" = 1/n.
n is the number of all customers (nodes), and p/** is the highest mutation probability
level defined by the Equation p%* = 1/n, where n is the number of routes formed in the
solution. t is the current iteration, and T is the maximum iteration in the solution search.
The value of Pm(t) is used for mutation.

Step 3: Mutations

At this stage, the mutation is performed if the value of the random value at each
node <= Pm(t). There is no mutation process if there is no random value <= Pm(t).
Therefore, a random value is required for each node. The mutation process is done by
swapping a node's position with another node with a random value <= Pm(t) on a route.
An illustration of the random value at each node can be seen in Fig. 2. This random value
is used for mutation on each route.

An illustration of mutation between routes is shown in Fig. 3. The results show
that the position of node one on route two is swapped with node four on route one. The
requirement in selecting nodes for mutation is that if, in one route, there is more than one
node with a random value <= Pm(t), then the node selected for mutation is the smallest
random value.

Step 4: Local Search

Local search is performed by finding the route with the most time windows
violations. Furthermore, the route is configured to minimize time windows violations.
After configuring the route, whether the configuration violates, the time windows
limitation is checked. An illustration of the Local Search process is shown in Fig. 4.

For example, based on the mutation process, there are most time windows
violations on route 1. When visiting node 3, node three is already closed. Therefore, local
search eliminates the delay by swapping with another node. It is shown in Fig. 4.
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Determining parameters

ave all the ants
visited the node?

N
N

Yes

Calculating the total distance of each ant

Swap 2 nodes from 2 eligible routes

Swap 2 nodes from 1 eligible route

Update the pheromone for each ant

Max Iteration ?

Yes

Update the pheromone for the ant that has the
best result.

Fig. 1. Flow chart Propose IACO
I —
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Route 1 Depot 4 2 5 3 Depot
0.099818701 0.902542 0.971266 0.738213
Route 2 Depot 6 1 Depot
0.676614961 0.015803

Fig. 2. Illustration of random numbers in the route mutation process

Route 1 Depot 1 2 5 3 Depot

Route 2 Depot 6 4 Depot

Fig. 3. Illustration of route mutation

Route 1 Before Local Search :

Route 1 Depot 1 2 5 3 Depot

Route 1 After Local Search :

Route 1 Depot 1 5 3 2 Depot

Fig. 4. llustration of Local Search process
Step 5: Local Updating

Ant colonies leave pheromones on the paths they travel. The strength of the
pheromone changes because it evaporates, and the number of ants passing by changes.
This phenomenon is modeled by Equation (14).

;= (1 - p). 7y + Atf; (14)

Where t;; is the change in the pheromone intensity value of each ant, ﬂTf} can be
calculated based on Equation (15), where Ly, is the total distance traveled by each ant.

At = — (15)

Step 6: Repeat Iterations

At this stage, iterations from state transition to local updating are repeated. The
solution search is terminated if the maximum number of iterations has been reached. The
search for a solution is repeated if the iteration condition has not been met.

Step 7: Global Updating

The pheromone value between customers on all paths may change due to
evaporation and differences in the number of ants passing through. For global updating,
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this pheromone is calculated after all iterations are complete and select the minimum
distance to the ants in the last iteration. This behavior can be modeled in Equation (16).

;=1 =p)ty +———— (16)

Best distance

Algorithm 1 Pseudocode Improvement Ant Colony Optimization
Input
distance, demand, time windows, speed, and vehicle capacity
Parameter initialization
alpha (a), beta (8), rho (p), number of ants (m), tho (t), max iterations
Process of creating inverse distance matrix inverse distance calculates time matrix
for iteration = 1: iteration max
fori=1:Ant
for j = 1:number of node
P (j) = Random probability of value r;;
for b = 1:number of node s = cumulative P(1) ; If r <s
Add the next route
end
end
end
end
If If demand < capacity && opening time < arrival time < closing time(j) route(i,j)=b;;
Caleulate time and demand; break
else
Return to Depot
end
route starts from 1 route(i,j)=b;
Set initial time;
Set initial demand “: break
Calculate Pm(t)
Find <= 2 routes that have the largest distance;
Generate a random value for each node;
If random value <= Pm(t);
swap route node 1 with route node 2 that has random value <= Pm(t);
FElse Find the route that has the most time windows violations;
Swap nodes that have time windows violations with other nodes until there are no time
windows violations;
Local updating
min distance, selected ants, and selected route
Global updating

Algorithm 1 presents the detailed stages of Improvement Ant Colony Optimization
(IACO). The first process begins with inputting data. Next, some parameter initialization
in IACO is required, such as the value of alpha («), beta (), rho (p), the number of ants
(m), initial tho (z0), and maximum iteration. The next stage is to perform the inverse
distance process and calculate the travel time from the distributor to the consumer and
from node i to node j. This calculation is done because this data is needed in the state
transition process or the formation of the next route visited by the vehicle concerning
capacity constraints and time windows. After all, consumers are selected, the next process
is to calculate the value of Pm (t), which is used as the basis for mutation. The mutation
process begins by calculating a random value for each destination node. The mutation is
done by swapping a node's position with another node with a random value <= Pm(t) on

1
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a route. The next process is local search if there is no random value <= Pm(t). The local
search process is done by looking for routes with the most time windows violations.
Furthermore, the route with the most time windows violations is configured to eliminate
time windows violations. After configuring the route, whether the configuration violates,
the time windows limitation is checked. The next step is to update the local pheromone
and the global pheromone. The calculation is finished by finding the best solution.

3.2 Case Study

The experiment in this research was conducted by implementing the developed
TIACO algorithm on a case study of shipping goods from one distribution center to forty-
three customers. Demand and time windows for each customer are different. The lowest
customer demand is five boxes; the most are 20 boxes. The total demand from customers
is 229 boxes. Of all the customers who visited, the earliest opening time windows are at
7:00 and the latest at 9:00. Meanwhile, customers also have time windows for different
closing hours. The earliest customer closing time is 12.30 to the latest at 19.00. Time
windows in this problem are categorized as hard time windows problems. Vehicles wait if
they arrive before the time windows of the customer's opening hours. However, vehicles
that arrive beyond the customer's closing time are not served because the vehicle arrives
after the time windows close. To compare the performance of the developed TACO
algorithm, a comparison is also made with the ACO and Tabu search algorithms.

4. Results and Discussion

Data processing in this research uses the help of Matlab software. The experiment
was conducted with 1000 iterations with a computer with Intel Core 15 2.4GHz Processor
(8 CPUs), 8 Gb RAM, and 256 SSD. The output of this software model is the route and
total mileage of each vehicle. Researchers tried to compare the routes generated by IACO
with routes generated by other metaheuristic algorithms, namely ACO and Tabu Search.
All routes generated by both IACO, conventional ACO and Tabu Search algorithms have
met all VRPTW constraints. Each customer request can be sent, so delivery is on time.

Table 2. Distance Traveled by ACO, Tabu Search, and IACO Routes

Vehicle TACO (km) ACO (km) Tabu Search (km)
Vehicle 1 51 50.7 51
Vehicle 2 59.9 74.1 59.9
Vehicle 3 85.3 85 85.3
Vehicle 4 90.7 93.6 101.1
Vehicle 5 104.2 99.7 99.7

Total 391.1 403.1 397

A comparison of the distance traveled for each algorithm can be seen in Table 2.
The results show that the route generated by the IACO algorithm has a minimum total
distance of 391.1 km. While the route generated by the conventional ACO algorithm and
Tabu Search has a distance of 403.1 km and 391 km, respectively. The comparison results
convince us that the IACO algorithm produces better routes than the conventional ACO
algorithm and Tabu Search. The conventional ACO algorithm route results are 12 km
further than the TACO algorithm. So there are distance travel savings of 3%.

The IACO algorithm route is proven to deliver all requests with a minimum
distance without violating the customer's time windows. These results show that the
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resulting route is more optimal than the route resulting from the conventional ACO
algorithm. As presented in Table 2. there is a mileage savings of 2.9%. These savings
certainly impact operational costs and generate savings for the company.

This study also carried out tests related to the number of iterations. It can be seen
in Fig 5a. The number of routes formed decreases as the number of iterations increases.
When iterations amounted to 50 to 300, the [ACO algorithm gave the results of 6 routes.
However, starting iterations amounted to 400, and the route decreased to 5. The decrease
in the number of routes is directly proportional to the decrease in mileage. The higher the
iterations attempted results in a set of routes with minimum distance traveled. The details
of this finding are presented in Fig 5h. The trend is seen to decrease as the number of
iterations increases. The graph shows that the number of iterations is very important for
the set of routes generated by the [ACO algorithm.

2 6 6 6 6
E 6 o . o
i
8 5 5 5 5 5 5 5
= = i i e e e Y
=] [
=

4

50 100 200 300 400 500 600 700 800 900 1000
Tteration Number
()

500
E 480
=
@ 460
=
Z 440
]
— 420
!
&= 400

380
50 100 200 300 400 500 600 T00 800 900 1000

Interation Number

(b)
Fig 5. Experimental results (a) Number of iterations to number of routes and (b)
Number of iterations to the total distance

We tried to analyze the effect of the number of iterations on computation time. The
results of this experiment can be seen in Fig. 6. The computation time required is directly
proportional to the number of iterations. The more the number of iterations, the longer
the computation time. It is related to the more routes the ants take in each iteration. The
computation time required by the IACO algorithm is considered quite short. It can be seen
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that the computation time of 50 iterations takes 12.79 seconds while up to 1000 iterations
only takes 17.18 seconds.
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omputing Time (second)

S 12
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Fig. 6. Experimental results a number of iterations to the total distance

5. Conclusion

This research proposes an Improved Ant Colony Optimization (IACO) algorithm
for solving Vehicle Routing Problems with Time Windows (VRPTW). The IACO algorithm
is developed and applied to a VRPTW case study. The results of numerical experiments
show that the developed IACO successfully provides a route with a minimum total
distance compared to the Conventional ACO and Tabu Search algorithms. In addition, the
IACO algorithm successfully provides a route with the minimum number of tours without
violating the VRPTW constraints. The mutation and local search steps in the proposed
TACO algorithm made the route minimal violation of time windows and a more optimal
travel distance. This study also examined how iterations affect routes and distance. The
results show that the trend of the number of routes and the total distance is also minimal
with the increased iterations performed. This study concludes with various numerical
experiments and analyses. The proposed IACO algorithm successfully provides better
routes from all aspects with minimal computing time to solve VRPTW problems. Mutation
operators and local search can be developed for further research to provide optimal results
with a minimum number of iterations and computation time.
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