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Abstract—Deter mining delivery routes that
minimize total cost is a key issue in goods
distribution. This study focuses on a bottled
drinking water (AMDK) company in City X
that distributesitsproductsto multipleretail
outlets with  different service time
requirements. Such conditions fall within the
scope of the Vehicle Routing Problem with
Time Windows (VRPTW). In this study, a
soft time windows approach is adopted,
allowing vehicles to serve retailers beyond
their specified time limits at the expense of
penalty costs. The main objective is to
identify optimal ddivery routes under the
soft time windows policy while minimizing
total cost. The results demonstrate that the
Hybrid Genetic Algorithm outperforms the
initial solution in terms of total cost
reduction. The initial routes are generated
using the Nearest Insertion Heuristic and
subsequently refined through mutation
processes within the genetic algorithm
framework.

I ndex Terms—Distribution Routing
Optimization; VRPTW,; Nearest Insertion
Heuristic; Hybrid Genetic Algorithm; Soft
Time Windows; Total cost minimization.

I.  INTRODUCTION

Minimizing distribution costs for goods or
servicesisaprimary objectivein logistics and
distribution systems. Distribution efficiency is
a critical lever for improving operational
performance and cost effectiveness, and the
absence of structured routing methods often
results in inefficient travel distances and
increased distribution costs [1]. Accordingly,
determining optimal vehicle routes becomes
essential, as reflected in cold-chain logistics
studies where optimized distribution path
design can reduce costs while maintaining
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customer satisfaction [2].

The Vehicle Routing Problem (VRP)
concerns serving a set of customers from a
depot using a fleet of vehicles subject to
operational constraints such as travel distance,
time, and vehicle capacity. A prominent variant
is the Vehicle Routing Problem with Time
Windows (VRPTW), which incorporates
service- availability congtraints at the customer
level. In VRPTW, routes are scheduled for a
limited number of vehicleswith fixed capacities
and travel times originating from a depot to
serve geographically dispersed customers,
while respecting customer- specific time
windows for service initiation. Because the
service windows may differ across customers,
routing decisons must jointly consider travel
efficiency and schedule feasibility to produce
implementable routes [3]. In this context, prior
work also indicates that hybrid solution
strategies, such as combining genetic
algorithms with other heuristics, including Ant
Colony Optimization (ACO) and Tabu Search
(TS), can provide promising trade-offs between
time feasibility and cost efficiency [4].

In VRPTW, time-window constraints may
be categorized as hard or soft. Under hard time
windows, vehicles must arrive before a
specified deadline to be considered feasible [3].
By contrast, soft time windows allow deviations
from the specified interval but impose penalty
costs that directly influence the total cost
objective. Three time-related components are
particularly influentia in this setting: waiting
time, service time, and tardiness. Waiting time
arises when a vehicle arrives before the service
window opens and must wait, whereastardiness
occurs when service begins after the latest
alowable time and typicaly incurs lateness
penalties [5]. However, many VRPTW studies
simplify the treatment of these time deviations
by assuming equivalent penaty costs for
waiting time and tardiness, which eases
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modeling and computation [6]. Thissimplifying
assumption can be limiting in applications
wherethe operational consequences of tardiness
may be more severe than waiting, thereby
shifting the optimal routing decisions.
Consequently, practical VRPTW
implementations benefit from approaches that
explicitly balancetrave efficiency with the cost
impacts of both waiting and tardy conditions as
part of the total cost minimization objective [7]

A wide range of metaheuristics has been
employed to address VRPTW, including
Simulated Annealing (SA), Tabu Search (TS),
Ant Colony Optimization (ACO), Genetic
Algorithm  (GA), and Particle Swarm
Optimization (PSO), and these methods are
recognized for producing high-quality
solutions. Yudong, et a. [8] demonstrated the
effectiveness of such metaheuristics across
multiple VRP scenarios, while Chai, et a. [9]
emphasized their robustness rdative to
traditional heuristics. Comparativefindingsalso
suggest that different metaheuristics exhibit
complementary strengths, ACO can outperform
SA and GA in certain routing contexts [10], and
hybridizing GA with PSO can improve
performance beyond using either method alone
[11]. Theseresults support the broader view that
hybrid approaches are attractive for complex
VRPTW settings because they can integrate fast
constructive mechanisms with powerful global
search behavior.

In thisresearch, a Genetic Algorithm (GA) is
utilized to resolve the VRPTW. GA is inspired
by biological evolution, in which a population
of candidate solutions (individuals) evolves
through selection and variation operators. In
GA, chromosomes represent solution structures
and are composed of genes that encode specific
traits, and improved solutions emerge through
iterativeevolution [12, 13]. Crossover combines
genetic material from parent chromosomes to
generate offspring and promote the propagation
of beneficial traits[12, 14]. Mutation introduces
random gene changes to maintain diversity and
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mitigate premature convergence, where search
may otherwise become trapped in suboptimal
regions [15]. In addition, adaptive mechanisms
that adjust crossover and mutation rates
according to population fitness have been
shown to enhance GA effectiveness [13, 16].
Building on these foundations, this study
proposes a Hybrid Genetic Algorithm that
combines GA with the Nearest Insertion
Heuristic. The Nearest Insertion Heuristic is
used to construct an initial solution efficiently,
which is then refined through GA-based
evolutionary search to improve solution quality.
By leveraging a constructive heuristic for
initialization and GA operators for exploration
and exploitation, the proposed hybrid approach
is expected to produce vehicle routes that
minimize total cost while accounting for the
operational implications of time-window
deviations under soft time windows.
Contributions of this study are asfollows: (1) it
addresses VRPTW in a cost-oriented setting
where time-window deviations are represented
through penalty mechanisms embedded in the
objective function; (2) it develops a Hybrid
Genetic Algorithm that integrates Nearest
Insertion for initial solution generation with
GA-based improvement; and (3) it targets
route solutions that reduce overall
distribution cost while  maintaining
feasibility with respect to vehicle and

scheduling constraints.

Il. METHODS

This section describes the methodology (Figure
1) used to solve the Vehicle Routing Prablem
with Time Windows (VRPTW) under a soft
time windows policy using a Hybrid Genetic
Algorithm. It outlines the problem context, the
mathematical formulation, the required input
data, and the procedure for generating an initial
solution and subsequently improving it through
evolutionary optimization.
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Figure 1. Hybrid Genetic Algorithm for VRPTW with Soft Time Windows Flowchart

A. Problem Identification

than the service deadline leads to penalty

This study addresses the problem of
determining delivery routes for bottled
drinking water (AMDK) distribution from a
depot to retailers in City X. The objective is
to obtain routing plans that minimize the
total distribution cost, which consists of
travel-related costs and time-window—
related penalty costs, while ensuring that
operational  constraints  (e.g., vehicle
capacity and service schedules) are satisfied.

B. Mathematical Formulation of VRPTW

The VRPTW is an extension of the
Capacitated \ehicle Routing Problem
(CVRP) in which the service at each
customer must start within a specified time
interval (time window). Under a soft time
windows policy, arriving earlier than the
allowed service start time may produce
waiting-related costs, while arriving later
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costs for tardiness.

Notation:

Ti) . service start time at customer i using
vehiclek .

Ci;: Travel cost fromi to k (source: i" to
k™).

Si: Servicetime at customer i

ti;: Travel timerequired fromi toj

aj. earliest time customer i

Ej: latest time customer i

gi: Quantity of goods (demand) to be
picked up from customer i

(j: Capacity of vehicle k
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Mathematical Formulation[17]:
Objective Function:
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The objective function in Equation (1)
minimizes the total cost. The constraint in
Equation (2) ensures that each customer is
assigned to exactly one route. Equation (3)
enforces that service begins from the depot,
ensuring that customers are visited as part of
feasible delivery routes originating from the
depot. Constraints in Equations (4) and (5)
define flow conservation for each vehicle
route, such that the number of incoming arcs
equals the number of outgoing arcs for each
visited customer, thereby constructing valid
source-to-sink paths. Equations (6) and (7)
maintain schedule feasibility by regulating
the service start time at each customer with
respect to the specified time windows,
including early-arrival waiting and late-
arrival tardiness under the soft time windows
setting. Finally, Equation (8) ensures capacity
feasibility by requiring that the total demand
served on each route does not exceed the
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vehicle capacity.

C. Hybrid Genetic Algorithm

Genetic  Algorithms  (GA) were first

introduced by John Holland in the 1960s and
later formalized in Adaptation in Natural and
Artificial Systems (1975) [18]. GA isinspired
by evolutionary principlesin which individuals
with better “fitness” have a higher probability
of surviving and reproducing, while less fit
individuals are gradually eliminated. In the GA
framework, each candidate solution is encoded
as a chromosome and evaluated using a fitness
function. Through repeated generations, the
populationisimproved by applying genetic
operators—parent selection, crossover, and
mutation—so that new offspring can inherit
advantageous traits and achieve better fitness
values.

In this study, GA is combined with the
Nearest Insertion Heuristic to form a Hybrid
Genetic  Algorithm  The hybridization is
introduced primarily at theinitialization stageto
avoid starting from purely random solutions.
The Nearest Insertion Heuristic is known to be
efficient for vehicle routing problems [19],
and embedding heuristic-based initialization
within GA can accelerate the search process
because the initiad population is closer to
promising regionsof the solution space [20]. As
a result, the subsequent evolutionary searchis
expected to require fewer generations to reach
high-quality routing plans.

. The initial population consists of a set of
chromosomes, each representing a candidate
routing plan for the VRPTW. In this
representation, each chromosome encodes
customer visit sequences that form vehicle
routes; genes correspond to customers, and the
gene order determines the service order. The
number of chromosomes in the population
(popsize) isdetermined according to the scal e of
the problem being solved. After the population
is formed, each chromosome is evaluated using
the fithess function defined in this study,
namely total cost. Chromosomes with better
fitness values are then more likely to be chosen
as parents to generate the next generation.

New solutions are generated by
recombining parent chromosomes through
crossover. This tudy employs Heuristic
Crossover as a loca-search-oriented
recombination operator [21]. Rather than
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exchanging genes randomly, Heuristic
Crossover congtructs offspring by selecting
genes while considering inter- customer
distances and route structure inherited from the
parents, with the aim of producing coherent
routes that preserve good building blocks from
both solutions. To maintain diversity and prevent
premature convergence, the offspring produced
by crossover are subsequently  modified
through mutation. Mutation changes the gene
sequence within a chromosome (i.e., within the
same route representation), thereby introducing
new customer orderings that may vyield
dternative and potentially better routing
configurations. The mutated chromosomes
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constitute the offspring population, which is
then evaluated again using the same fitness
measure.

Finally, offspring are compared against their
parents or the current population based on
fitness value. Because the fitness in this study
istotal cost, solutions with lower total cost are
preferred and retained to form the popul ation
for the next generation. This iterative process
continues until the termination condition
defined for the experiment is met, producing a
set of vehicle routes that minimizes total cost
under the given operational constraints.

Populasi L: Gzu (e 2 Gher Gt
\\L'. '-‘-H'\'.
\R,\ S
'\\\- "
E
Populasi 2 : Gal (e 2 Genrd e d

Figure 2. lllustration of the crossover process
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Figure 3. lllustration of the mutation process

[1l. RESULT AND DISCUSSION

This section describes how the solution is
caculated to determine the route with the
minimum total cost by optimizing total travel
time. The distribution of bottled drinking water
(AMDK) to retailersin City X involves severa
cost components, which areincorporated into the
objective function to minimizetotal cost. Penalty
costs for earliness and tardiness are treated as
equivalent in prior work [22]; however, in this
study tardiness is assumed to be twice as costly
as waiting (earliness) to reflect the higher
operational and service impact of late ddliveries.

The average vehicle speed is set at 43 km/h,
which is equivalent to 0.72 km/min. Fuel
consumption while driving is assumed to be 1
liter per 9 km, and the diesel priceis Rp 9,800.00
per liter. Therefore, the fuel cost per kilometer is
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Rp 9,800.00/9 = Rp 1,088.9 per km. The
transportation cost per minuteisthen obtained by
multiplying the cost per kilometer by the
distance traveled per minute (0.72 km/min),
resulting in Rp 1,088.9 x 0.72 = Rp 780.4 per
minute.

In addition to travel-related fuel costs, fud
consumption during idling is also considered.
Idling fuel consumptionisassumedtobel.5liters
per hour, or 0.03 liters per minute. Based on the
same diesal price, the waiting cost is calculated
as Rp 9,800.00 x 0.03 = Rp 245 per minute. The
tardiness cost is assumed to be twice the waiting
cogt, yielding Rp 245 x 2 = Rp 490 per minute.

Thefirst stage of the hybrid Genetic Algorithm
is the construction of an initial population as the
starting set of feasible solutions. This study uses
the Nearest Insertion Heuristic to generate the
initial routes by iteratively inserting the next



Tibuana

Journal of applied Industrial Engineering-University of PGRI Adi Buana

customer based on the shortest incremental travel
time from the partially constructed route. With
respect to time windows, this study adopts soft
time windows, meaning that vehicles may arrive
before the opening time or after the closing time
of each retail outlet; such violations are permitted
but incur penalty costs corresponding to earliness
(waiting) and tardiness (late arriva),

respectively.

A. Formation of theinitial population using the
Nearest Insertion Heuristic method

The Nearest Insertion Heuristic is a
route determination method that inserts the
selected route into the previously created
initial route. This route insertion is done by
considering the closest travel time. Theinitia
vehicle will depart from the warehouse and
return to the warehouse. From the distance
matrix, the retail location with the closest
travel time from the warehouse will be
searched for. For the first vehicle route, the
selected retailer is SB. After obtaining the G-
SB-G route, the next step isto select aretailer
to be inserted between G- SB or SB-G. The
selected retailer BJ is inserted into SBG, so
that retailer BJ is placed after SB. When the
vehicle capacity is full, if there are still
retailers that have not been included in the
route, anew routeis created.

In Table 1 the vehicle will depart from
thewarehouse at 7:00 am., then it will search
for the retailer with the closest travel time
from the warehouse, which is SB. Retailer SB
has a travel time of 27 minutes from the
warehouse, with a demand of 176.6 kg. The
retailers selected in the route will be checked
in advance to see if they meet the specified
restrictions. The first restriction is that the
total demand for each retailer must be less
than the vehicle's capacity, which is 1200 kg.
In addition to considering capacity, it is
necessary to have opening hours from 7:00
am. to 12:00 p.m. Because the time windows
in this study are soft time windows, vehicles
can pass through the time windows owned by
retailers but will be subject to additional costs
(penalty costs). For SB retailers, vehicleswill
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arrive at 7:27 am. and no penalties will be
incurred. Penalties occur at retailers S1 and
LM. At these two retailers, vehicles arrive
late. Thetotal delay is210 minutes. If thefirst
route has met the capacity limit, create a new
route for other retailers that have not
considered the time windows of each retailer.
Each retail outlet has different time windows.
For retail outlet SB, the vehicle will arrive at
7:27 am. and there will be no penalty.
Penalties occur at retail outlets S1and LM. At
these two retail outlets, the vehicle arrives
late. Thetotal delay is210 minutes. If thefirst
route has reached its capacity limit, create a
new route for the other retail outlets that have
not yet been selected.

The following results present the routes
obtained for the two vehicles and the
corresponding total cost calculation for each
route. For Vehicle 1, the selected routeis i —
5 -oH L - M -5 -4 -551->
I. - G. Thetransportation cost is computed
based on atotal travel timeof 179 minutesand
a unit transportation cost of Rp 780.370 per
minute, yielding 179 x 780.370 =Rp
139,686.296. The penadty cost consists of
waiting and tardiness components. In this
route, the waiting time is O minutes, so the
waiting cost is 0 x 245 =Rp 0. The tardiness
is 210 minutes, and with atardiness cost of Rp
490 per minute, the tardiness cost is 210 X
490 =Rp 102,900.0. Therefore, the total cost
for Vehicle 1 is the sum of transportation and
penalty costs, resulting in Rp 242,586.296.

For Vehicle 2, the selected routeisc - F  —
G -H -85 -H -8 -oF -85 -6

The transportation cost is calculated using
atotal travel time of 248 minutes and the same
unit transportation cost of Rp  780.370  per
minute, resulting in 248 x780.370 =Rp
193,531.852. The pendty cost is then
determined in the same manner. The waiting
time is O minutes, producing a waiting cost of
0 x 245 =Rp 0. Thetardinessis 275 minutes,
and thus the tardiness cost is 275 x 490 =Rp
134,750.0. Consequently, the total cost for
Vehicle 2 is Rp 328,281.851.
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Table 1. Determining Route 1 for Vehicles using the NI method

T uT AT orT cT FT
R D ¢ DP  min M) (wiB)  (WiB)  (wiB)  (wiB) = LP TP
G
SB 1766 176.6 0 00.27.00 00.30.00 07.27.00 07.00.00 12.00.00 07.57.00 0 0 0
BJ 1051 2817 0 00.25.00 00.30.00 08.22.00 07.00.00 14.00.00 08.52.00 0 0 0
LA 1122 3939 0 00.19.00 00.30.00 09.11.00 08.00.00 14.00.00 09.41.00 0 0 0
MM 1406 5345 0 003200 003000 101300 080000 150000 104300 O O O
sC 158.7 693.2 0 00.11.00 00.30.00 10.54.00 08.00.00 11.00.00 11.24.00 0 0 0
AJ %9 7901 O 001200 003000 113600 080000 140000 120600 O O O
st 1285 9186 0 001700 003000 122300 080000 110000 125300 O 1 1
LM G 1532 10718 O 001400 003000 130700 080000 110000 133700 0 1 1
00.22.00 13.59.00
Totd 02.59.00 Tardy 03.30.00 Waiting 0.00.00
Minute 179.00 Minute 210.00 Minute 0.00
B. Crossover excluding the depot), a random integer is

After theinitial solution (initial population) is
generated, the subsequent step is to apply
crossover using the Heuristic Crossover method.
Theinitial population constructed in the previous
stage serves as the set of parent solutions for this
operation. In genetic algorithms, crossover is
generally defined as the process of exchanging
genetic information (genes) between two parent
chromosomes to produce new offspring
solutions. In this study, the heuristic crossover is
performed using two parent vehicle routes.

The two parent routes are defined as follows:
thefirst parent route (RK 1) isGG -5 - H -
L - M -5 -4 -551-L - Gandthe
second parent route (RK 2) is

G-F -6 ->H -5 -H -
B - F -5 —G. Because each route
contains eight customer nodes (i.e., eight genes,

generated within the interval from 1 to 8 to
determine the gene position used in the crossover
process. Inthis case, the sel ected random number
isl

Next, the inter-gene distances required for the
heuristic decision rules are retrieved from the
distance matrix. Based on these distance values,
the crossover operation is then performed
between the two vehicle routes to generate
offspring solutions, which can be seen in Tables
2 and 3. The same procedure is applied in both
directions, meaning that Vehicle 1 is crossed
with Vehicle 2 and, conversely, Vehicle 2 is
crossed with Vehicle 1, to ensure that the
heuristic exchange mechanism is consistently
evaluated acrossthe two parent structures. Table
2 and 3 show select the genes with the minimum
distance and Table 4 show crossover result.

G AJ 00.33.00

Table 2. Crossover RK 1 with RK 2 G Sl 00.50.00
From To Distance G LM 00.22.00

G PA 00.29.00 Table 4. Crossover result

G GM 00.43.00 Crossover

G BD 00.20.00 C1 BD | SR |LA| MM | SC | AJ | Al| PA
G SM 00.59.00 C2 LM | GM|SB|SM |HB| BG| PB| SR
G HB 00.52.00

G BG 00.39.00 C Mutation

G PB 00.39.00 The crossover operation produces two
G SR 00.46.00

Table 3. Crossover RK 2 with RK 1

From To Distance
G SB 00.27.00
G BJ 00.40.00
G LA 00.27.00
G MM 00.24.00
G SC 00.39.00
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intermediate solutions (i.e., two crossover
outputs which can be seen in Table 4), which
are subsequently subjected to mutationin order
to generate offspring. In genetic algorithms,
mutation is generally defined as an operation
that modifies a chromosome by dtering the
arrangement of genes within the same
individual solution (i.e., within the same



Tibuana

Journal of applied Industrial Engineering-University of PGRI Adi Buana

route). In this study, mutation is implemented
as an intergenic exchange guided by distance-
based considerations. The procedure is
performed as follows.

First, one gene position is selected at random
from a chromosome consisting of eight genes
(excluding the depot). A random integer
between 1 and 8 is generated, and in this case
the selected value is 3 which shownin Table 5.
Next, the distance between gene 2 and gene 3
is computed using the distance matrix. Based
on the matrix, the distancefrom retail SR (gene
2) to LA (gene 3) is 33. After that, in Table 6
the shown distance from gene 2 to al other
genes in the same chromosome is evaluated.
From these candidate distances, select one
gene that has the minimum distance from gene
2 and must be less than the distance from gene
2to gene 3. Based on the calculation, gene 3is
selected because it has a distance of 20 from
gene 2, which satisfiesthe selection rule. The
intergenic mutation is then executed as shown
in Table 7, by exchanging the relevant gene
positions according to the defined mutation
mechanism. The same mutation procedure is
applied to the second offspring (offspring 2) to
obtain its mutated form, can be seen in Table
8. Following crossover and mutation, the
resulting offspring solutions are compared
against the parent solutions. If an offspring
yields a better objective value (i.e., a lower
total cost), the solution is updated by replacing
the corresponding parent with the improved
offspring. In this study, the crossover and
mutation operators were applied for three
iterations. Although this setting is sufficient
to demonstrate the procedure, additional
iterations may be performed to potentialy
obtain better solutions.

Table 5. Random Integer Selection (value = 3)
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Table 6. Distances from Gene 2 to Other Genes

Crossover 1
From To Distance
SR BD 00.21.00
SR MM 00.20.00
SR SC 00.35.00
SR AJ 00.41.00
SR S1 00.35.00
SR PA 00.34.00

Table 7. Intergenic mutation for offspring 1

Offspring 1

BD | SR|LA|[MM|SC|AJ|]AL]|PA

Table 8. Intergenic mutation for offspring 2

Offspring 2

HB [ GM | SB|SM | LM | BG | PB | R

Crossover 1

BD

| SR [LA[MM | SC | AJ| AL | PA

D. Evaluation of fitness values for
each mutation route

Fitness value evauation is conducted to
ensure that the offspring routes satisfy the
problem constraints and can be considered
feasible solutions. The primaryfeasibility
constraint evauated in this stage is vehicle
capacity. An offspring route is acceptable only
if the total demand served across the assigned
retail outlets does not exceed the vehicle’s
capacity.

Beyond feasibility, the fitness measure used
in this study isthetotal cost which can be seen
in Table 9. This fitness measure serves as the
basis for comparing candidate solutions and
selecting the best route. The total cost consists
of transportation cost and penalty cost (waiting
and tardiness). For offspring 1, the evaluation
indicates that waiting occurs at retail BD. The
vehicle arrives at 07:20, whereas BD opens at
08:00, requiring the vehicle to wait for 40
minutes before service can begin. For
offspring 2, the evauation shows waiting at
retail LM. The vehicle arrives at 07:49, while
LM opens at 08:00, resulting in an 11-minute
waiting time. After completing serviceat LM,
the vehicle continues to the next retail outlet
according to the route schedule.

TiBuana, Vol. 09, No.1, 2026 | 87



Tibuana

Journal of applied Industrial Engineering-University of PGRI Adi Buana

p-ISSN 2622-2027
e-ISSN 2622-2035

Table 9. Fitness evaluation for offspring 1

TT uT AT or CT FT
R D @ DP M M) wB wB (wWB) (g = P TP
G
:O: BD 1366 136.6 0 00.20.00 00.30.00 07.20.00 08.00.00 15.00.00 07.50.00 1 0 1
-ﬁ SR 1009 2375 0 00.21.00 00.30.00 08.11.00 07.00.00 10.00.00 07.30.00 0 0 0
é' MM 1406 3781 0 00.20.00 00.30.00 07.50.00 08.00.00 15.00.00  08.30.00 1 0 1
~ LA 1122 4903 0 00.32.00 00.30.00 09.02.00 08.00.00 14.00.00 08.30.00 0 0 0
SC 1587 649 0 00.28.00 00.30.00 0858.00  08.00.00 11.00.00  08.30.00 0 0 0
Al 969 7459 0 00.12.00 00.30.00 08.42.00  08.00.00 14.00.00  08.30.00 0 0 0
S1 1285 8744 0 00.17.00 00.30.00 08.47.00 08.00.00 11.00.00 08.30.00 0 0 0
P 1478 1022.2 0 00.30.00 00.30.00 09.00.00 07.00.00 11.00.00 07.30.00 0 0 0
A 00.29.00 .
G
Tota  03.29.00 Tardy 00.00.00 Waiting 00.50.00
Minute  209.00 Minute 0.00 Minute 50.00

Note. R: Retail; D: Demand; CD: Cumulative Demand; DP: Demand Penalty; TT: Travel Time; UT: Unloading Time; AT: Arrival
Time; OT: Open Time; CT: Close Tme; FT: Finish Time; EP: Early Penalty; LP: Late Penalty; TP: Total Penalty

The total cost for offspring 1 is calculated
based on its transportation and penaty
components. The transportation cost is derived
from the total travel time of 209 minutes,
multiplied by the transportation cost rate of
Rp 780.370 per minute, resulting in 209 x
780.370 = Rp 163,097.407. In addition to
transportation cost, the penalty cost arises
from time window considerations. Offspring 1
incurs a waiting time of 50 minutes, which
correspondsto awaiting cost of 50 x 245 =Rp
12,250.0, while no tardiness is observed,
leading to a tardiness cost of Rp O.
Consequently, the total cost for offspring 1
amounts to Rp 175,347.407. The results
indicate that although offspring 1 achieves a

relatively short total travel time, the waiting
penalty contributes noticeably to the overall
cost. This suggests that the delivery sequence
generated for offspring 1 arrives earlier than
the alowable service time at several retail
locations, leading to increased waiting time.
Nevertheless, the absence of tardiness
penalties implies that the route successfully
complies with the upper bounds of the time
windows. Overall, the cost structure of
offspring 1 reflects a trade-off between
efficient travel time and early arrival,
highlighting the importance of balancing route
efficiency and time window compliance in
minimizing total distribution cost.

Table 10. Fitness evaluation for offspring 2

TT uT

AT

or CT FT

R b @ DP i (M  (wB) (WB) (W) (W) = P TP
G
:o: HB 210 210 0 00.52.00 00.30.00 07.52.00 07.00.00 11.00.00 08.22.00 0 0 0
-2_3; GM 210 420 0 00.50.00 00.30.00 09.12.00 07.00.00 14.00.00 07.30.00 0 0 0
é‘ SB 1766 596.6 0 01.00.00 00.30.00 08.30.00 07.00.00 120000 073000 O O 0
- SM 110 706.6 0 00.31.00 00.30.00 08.01.00 08.00.00 09.00.00 07.30.00 0 0 0
LM 1532 859.8 0 00.19.00 00.30.00 07.49.00 07.00.00 11.00.00  08.30.00 1 0 1
BG 1305 990.3 0 00.27.00 00.30.00 08.57.00 07.00.00 13.00.00 07.30.00 0 0 0
PB 1052 10955 0 00.30.00 00.30.00 08.00.00 07.00.00 12.00.00 07.30.00 0 0 0
SR 1009 119.4 0 00.39.00 00.30.00 08.09.00 07.00.00 10.00.00 07.30.00 0 0 0
G 00.46.00 .
Total 05.54.00 Tardy 00.00.00 Waiting 00.11.00
Minute 354.00 Minute 0.00 Minute 11.00

Note. R: Retail; D: Demand; CD: Cumulative Demand; DP: Demand Penalty; TT: Travel Time; UT: Unloading Time; AT: Arrival Time;
OT: Open Time; CT: Close Tme; FT: Finish Time; EP: Early Penalty; LP: Late Penalty; TP: Total Penalty

Similarly, the total cost for offspring 2, as
presented in Table 10, is caculated based on a
total travel time of 354 minutes. The
transportation cost is obtained by multiplying
the total travel time by the transportation rate,
resulting in 354 x 780.370 = Rp 276,251.111.
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In addition to transportation cost, the penalty
cost is derived from time window violations.
Asshown in the table, offspring 2 experiences
awaiting time of 11 minutes, which leadsto a
waiting penalty of 11 x 245 = Rp 2,695.0,
while no tardiness is observed, resulting in a
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tardiness penalty of Rp 0. Consequently, the
total cost incurred by offspring 2amountsto Rp
278,946.111. The results in Table 10 indicate
that the delivery route generated for offspring
2 sdtisfies most of the time window
constraints, as reflected by the absence of
tardiness penalties and the relatively small
waiting penalty. This suggests that the routing
sequence produced by the Hybrid Genetic
Algorithm is able to balance travel efficiency
and service time compliance, leading to a
lower overal penalty cost while maintaining
an acceptable transportation cost.

Overdl, the Hybrid Genetic Algorithm
produces a lower total cost compared to the
initial routes generated using the Nearest
Insertion Heuristic, as summarized in Table
11. The comparison clearly shows that the
offspring solutions consistently outperform
the parent routes in terms of total cost. The
most significant improvement is primarily
attributed to a substantial reduction in penalty

p-ISSN 2622-2027
e-ISSN 2622-2035
costs, especialy the elimination of tardiness
penalties across al offspring solutions. This
indicates that the Hybrid Genetic Algorithm s
effective in generating delivery routes that
better comply with time window constraints
while maintaining efficient travel times.
Furthermore, athough the transportation
costs of some offspring routes are comparable
to or dightly higher than those of the parent
routes, the absence of tardiness penalties
resultsin aconsiderably lower overall cost. As
aconseguence, the offspring routes are able to
replace the parent routes as the updated best
solutions in the evolutionary process. Among
the evaluated offspring candidates, offspring 3
and offspring 4 achieve the minimum total
cost, demonstrating the best balance between
transportation cost and penaty cost.
Therefore, these two offspring routes are
selected as the final solutions in this study.

Table 11. Comparison of total route costsfor parents and offspring

Parent Transportation Cost Penalty cost Total cost Ttot Cost
Waiting cost Tardy cost

RK 1 Rp 139686.296 Rp - Rp 102900.0 Rp242586.29 Rp 570868.148
RK 2 Rp 193531.852 Rp - Rp 134750.0 Rp 328281.852

Offspring - i

Offspring-1  Rp 163097.407 Rp 12250.0 Rp- Rp 175347.407 Rp 454293.519
Offspring-2 Rp 276251.111 Rp 2695.0 Rp - Rp 278946.111

Offspring -3 Rp 156074.074 Rp 2450.0 Rp - Rp 158524.074 Rp 357872.407
Offspring-4 Rp 196653.333 Rp 2695.0 Rp - Rp 199348.333

Offspring-5 Rp 163877.778 Rp 5880.0 Rp - Rp 169757.778 Rp 369260.370
Offspring-6 Rp 195092.593 Rp 4410.0 Rp - Rp 199502.593

IV. CONCLUSION

This section summarizesthe conclusions of the
study by presenting the selected distribution routes
for bottled drinking water (AMDK) in City X and
highlighting the cost implications of applying the
Hybrid Genetic Algorithm (HGA) in comparison
with the initial solution generated using the
Nearest Insertion Heuristic. The findings
demonstrate that incorporating retailer time
windowsinto routing decisionsleadsto substantial
changes in the overall cost structure when
compared with approaches that focus solely on
minimizing travel time. In particular, penalty
costs emerge as adominant component of thetotal
cost, with tardiness penalties contributing
significantly  higher costs than waiting

(earliness) penalties. This emphasizes that
minimizing late arrivals plays a critical role in
achieving a minimum-cost distribution solution.
Furthermore, athough the HGA framework
alowsfor alarger number of iterations that could
potentially enhance solution quality, this study
implemented only three iterations. Despite this
limitation, the results indicate that the HGA
effectivdly improves route selection by
consistently replacing higher-cost parent routes
with lower-cost offspring routes. This outcome
suggests that the evolutionary search mechanism
embedded in the HGA is capable of efficiently
exploring and exploiting the solution space, even
with a limited number of iterations, and is well
suited for handling routing problems with soft
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time window constraints.
Based on the best-performing offspring, the
final routesrecommended for implementation are

asfollows: RK 1

is G5 -»HB -5 -

B -51-4 -5 »L -G adRK 2is
G->F -G - M ->H ->L -H ->F
-5 -0
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