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Abgtract: The efficiency of postal delivery services impagasious aspects of business operations as wéfleadaily
lives of individuals. With the surge in online sipomg, increasing expectations for timely deliveriasd intense
competition, postal operators are under pressumgptionize their transportation networks. This posesignificant
challenge for traditional postal systems, partidylen such areas as route optimization, resouliceaion and network
planning. Postal operators recognize that optirgizransportation routes is a critical task to eastost-effectiveness
and customer satisfaction, which directly influeme¢beir business performance and market sharéhidnpaper, we
analyze three possible approaches to solving difeapractical instance of a postal transportag@an optimization
problem. Specifically, we evaluate the performaoicthree metaheuristic methods: Simulated Annealliadpu Search,
and a Genetic Algorithm. We analyze which apprgastiorms best in a real-life scenario inspiredhsy ¢perations of
one of the biggest postal operators in Central Bastern Europe. This scenario mixes elements dfipfeustandard
routing problem specifications, like capacity ceoaistts of vehicles and network nodes, time windopiskups and
deliveries or multiple types of vehicles.

1 Introduction provides a description of a real-life postal optation

Optimization of logistics and transportation netwmis Problem faced by one of the largest postal opesaitor
a key challenge in many industries, particularlséctors Central and Eastern Europe, with the goal of emgthe
where cost efficiency, timely deliveries, and reseu understanding of the complexities involved in picatt
management are critical. Postal service operatishish ~ Optimization of transportation problems encountebyd
involve the movement of large volumes of mail aattpls  Such companies. Second, it presents a comparaiiye of
across extensive networks, require advanced omttioiz  three optimization algorithms. These methods apiep
techniques to improve performance while keepingscosio the same postal transportation case study, heid t
under control. Given the combinatorial complexitgoch ~results are reported and compared. As a consequiiece
problems, traditional optimization methods ofteigtile  Paper seeks to offer insights into the applicabiand
to find high-quality solutions for problems thavaive —effectiveness of the tree algorithms. We focus loeren
practical constraints. As a result, metaheuridgorithms ~operational level optimization of postal delivetgns, i.e.
have gained popu|arity as effective approachemﬁkﬁng we assume that the structure of the transportaﬁadmork
large-scale, complex transportation  optimizatiots fixed. Scenarios involving problem instances,ereh
problems [1]. technical parameters of the network elements can be

This study examines the application of metahearistedjusted by the algorithm, i.e. a brownfield scemaand
optimization techniques to a real-world postal mery Where only the Genetic Algorithm was used, werdyaea
problem, evaluating their ability to enhance tramggtion  in [2], where the aim was to identify network elertsethat
planning and cost efficiency. Specifically, we camgpthe ~ could serve as hubs for satellite locations.
performance of three popular algorithms — Simulated The remainder of this paper is organized as follows
Annealing, Tabu Search, and a Genetic Algorithm, if€ction 2 provides a brief review of the main typés
improving pre-optimized transportation plans withen transportation problems and of the three metattéuris
limited computational budget. These algorithms, vimo algorithms we employed for optimization. Section 3
for their effectiveness in combinatorial optimizatj are Presents the assumptions of the case study thedneader
tested under real-world constraints to determineirth as a reference scenario for testing the algorittBestion
suitability for postal logistics planning. The caseidy 4 details the methodological aspects of the tested
presented in this paper incorporates mu|tip|e efgmi|ato algorithms. ThIS is fO”OWGd by a discussion of thSU'tS, )
a single problem specification, including time wdmes, presented in Section 5, where results of _numerlcal
vehicle capacities, postal outlets capacities,atprey costs €xperiments are reviewed, and the algorithms are
of vehicles and postal outlets, multiple vehiclepey, Ccompared interms of the quality of obtained sohsiand
multiple network connection types (standard andesg), the robustness of their performance. Finally, $ect
compatibilities between vehicles and postal outlets concludes.
varying demand densities (low, expected, and peaadt).
Therefore, contribution of this paper is twofoldrsE it

~ 253~

Copyright © Acta Logistica, www.actalogistica.eu



Acta logistica - International Scientific Journal about Logistics
Volume: 12 2025 Issue: 2 Pages: 253-260 ISSN 1339-5629

Postal optimization by three metaheuristics - a case study
Grzegorz Koloch

2 Literature review In this paper we aim to evaluate the suitability fo
Postal transportation systems play a crucial rale @pplication of metaheuristic optimization algorithio a
facilitating global commerce, trade, and commundzgt Practical instance of a Rich VRP experienced bysta
making them essential for the efficient functionin§ Service provider. We use three popular algorithms —
modern societies [3]. With the rapid growth of ertnerce  Simulated Annealing (SA), Tabu Search (TS), and the
and the increasing demand for quick and reliablivety ~ Genetic Algorithm (GA). These algorithms were stddc
services, optimizing postal transportation planss hdor benchmarking and comparison as each of theiovisl
become a critical task for postal operators [4].€Rsure & distinct optimization strategy: SA employs a [atnibstic
timely delivery of mail and packages, postal sarvicsearch process that balances exploration and éaqioi,
providers are increasingly focused on enhancing tHeS utilizes a structured, memory-based approacéfioe
efficiency of their networks and of their transpaien ~ Solutions, and GA applies evolutionary principles t
p|ans [5] As a consequence, over the years, (5 R (38 Iteratllvely enhance quallty Of SOIutIOp. The SA(HIQ]m
and practitioners have focused on developing astinge Was introduced by Kirkpatrick et al. in 1983 [13idahas
approaches to enhance the performance of trantiparta Since become a widely used optimization technicpre f
operations [6-8]. solving complex optimization problems, both conting
Technically, the problem analyzed in this articiss and discrete ones. It is inspired by the physicat@ss of
into the category of Vehicle Routing Problems (VRP)annealing used to determine low energy states ysigél
which serves as a quintessential model for addmgssisystems. At the beginning of the search space e,
logistical challenges, including elements such déacts more like a random search method, ancaigally
Optimization of delivery routes, vehicle assignmemd shifts towards a greedy search state. This statesition is
resource utilization [9,10]. In essence, VRPs askithe governed by a parameter called the temperature. TEhe
question of how to best allocate vehicles — anemtally ~Method was introduced by Glover in the late 19804 [
drivers — to deliver cargo (e.g., mail or packages}o and it can be perceived as an enhancement of Sérewh
provide services at specified locations. VRPs came the search space exploration process is more guiged
various forms, each presenting unique challenges aie neighborhood of the current solution is more
complexities. Among these, several types of VRP lman intensively explored before a transition to the rslution
distinguished [11], for example: Capacitated VRPEs performed. To avoid alocal minimum trap, thgoaithm
(CVRP), where vehicles have limited carrying capasj uses a mechanism called a tabu list, which prevefntsn
and the goa| is to meet customer demands Wh”er'mnjhe cycling around local minima. GA was first introddce
to these capacity constraints, Heterogeneous \ehi@arlier, by Holland, in the 1960s [15], and alse hacome
Routing Problem (HVRP), involving a fleet of velis| @ widely recognized optimization method acrossouasi
with diverse CharacteristiCS, such as Capacitw@most' fields. It is based on the principle, where newasohs are
fuel usage, or the type of cargo they can carryP\With constructed from the existing ones, with elements o
Time Windows (VRPTW), where customers must béandomnessinvolved. By employing numerical procesiu
served within specific time slots, introducing anporal  called genetic operators — selection, reproductonl
dimension to route planning, Multi-Depot VRP (MDV]RP mutation, it intends to mimic the process of ndtura
where vehicles can be dispatched from multiple teposelection and evolution.
adding optimization opportunities, Pickup and Defiv
VRP (PDVRP), where vehicles perform both pickup and  Problem formulation
delivery operations, with each pickup task pairathwa The problem considered in this paper falls into the
corresponding delivery task, and routes requiringategory of so-called rich or practical VRPs. These
adherence to specified sequences of pickups aiveédes, problems aim to determine optimal routes for atflefe
Split Delivery Vehicle Routing Problem (SDVRP), whi vehicles while accounting for a variety of pradiica
relaxes the constraint that each customer mustdiedr important constraints. In particular, the postalivéey
exactly once, allowing split deliveries, Vehicle (Riag version of the VRP analyzed in this paper is basethe
Problem with Backhauls, where all deliveries oroate following assumptions.
must be completed before any pickups are made, and Each node in the network represents a postal opesat
Dynamic VRP (DVRP), where problem parameters, such outlet. The network comprises 14 main nodes thaese

as customer demands or vehicle availability, changs as major logistics platforms, 12 local or regional
time, requiring real-time adaptation of routes. fEhare network nodes, 180 distribution and reloading npdes
also other variants of VRPs, however, practicahades approximately 8,000 postal service nodes, and about
typically are more complex than theoretical modelshey 34,000 post boxes. Postal service nodes and postal
mix different variants of VRPs. The version of a R  outlets are integral to the first- and last-mile
considered in this article falls into this categand it can optimization sub-problem.

be classified as a Rich VRP [12]. This means that i Qutlets operate within specific hours (some 24itTers
combines various elements of such variants as CVRP, not) and have diverse technical characteristics
VRPTW and others.
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depending on their size, location, constructiongd an  optimized solutions assign trucks and vans to stahd
installed equipment. Each outlet has a definedolfist network connections, while smaller, more flexible
vehicle types it can accommodate, along with its vehicles utilize express connections.

capacity in terms of the number of vehicles it cam Each postal outlet must be served within defingubti
process per hour. For each cargo type, an outlet is windows, as in the Vehicle Routing Problem with &m
characterized by the volume it can handle per hber, Windows. Some outlets operate with longer time
unit cost of processing, its storage capacity,taadinit windows to accept pickups and deliveries, whileecgh
storage cost. These volumes, times, and costsiilima  have more restrictive time constraints. To ensarga@
depend on the size of the outlet and the types of is delivered to its final destination on a giverydi
installed equipment. must reach the designated outlet before a specified
Several types of vehicles with capacitated storage cutoff time, usually during the night.

spaces are available, as in the Capacitated Vehicle

Routing Problem, ranging from smaller delivery dars An important aspect of the problem formulation are
various sizes of vans and larger trucks. Each lehicbusiness objectives. In these terms, it is assuhmddhe
type has a defined capacity for different types abperator aims to minimize operational costs, iniclgd
standardized cargo (e.g., boxes and pallets) and penalties for violating Service Level Agreement A$L
average traveling speed, which depends on thedfmeconstraints. SLA constraints vary depending ortype of
day and the chosen route. Additionally, there areargo being shipped. For mail, SLA ranges from +ukext
special-purpose vehicles designed to carry specifielivery for priority shipments to delivery withithree
types of cargo. Each vehicle type also has uniquiays for economy shipments. The same timeframey app
loading and unloading times. Vehicles incur costs pto parcels. However, pallets must be delivered urde
hour and per kilometer, while drivers have definedext-day regime.

hourly rates. These characteristics classify tioblpm Standard versions of VRP are challenging itselfe Th
as a variant of the heterogeneous fleet VRP. Simee number of possible routes grows exponentially wté
postal operator outsources its transportation sesyi number of network locations and vehicles, leading vast
the costs are determined by an external fleet mrvisolution space that is computationally expensive to
provider responsible for delivering the requirediier  explore. This phenomenon is known as combinatorial
of vehicles of various types to the respectivetioca. explosion. The practical version of the problemt tha
Consequently, we assume the number of vehicles cbnsider here, involves numerous simultaneous
each type is unlimited. constraints, such as vehicle capacity and time ows
Vehicles operate from multiple depot locationsjras which further complicate the problem and narrow she
the Multi-Depot Vehicle Routing Problem. They carof feasible solutions. Optimizing such practical R&R
begin and end their routes at any of the locattbas requires carefully balancing trade-offs betweerflaximg
function as depots or destination points. All netwo objectives, such as minimizing travel costs oreatfises
nodes can serve as both pickup and delivery Sitees. while maximizing vehicle utilization. To tackle suc
first and last miles are pre-optimized and integptabto  complexities, numerous methods have been explored o
the problem as parameters that specify the tintbe years, including exact algorithms, metahegsst@and
required to manage pickups and deliveries durimg thybrid approaches. Exact techniques, such as dgnami
first and last mile. programming and mixed-integer programming, employ
When delivering cargo to postal outlets, a vehiclénethods like branch-and-bound, cutting plane, ahahen
arriving at a network node that is currently buswing ~ generation to iteratively narrow the search spacd a
other vehicles must queue and wait according to tixplore selected subregions in pursuit of an optima
first-in, first-out principle. solution. However, these methods are most effeativen
Cargo is shipped in standardized forms, such assoxthe problem formulation does not involve nonlinear
and pallets. Mail is transported in boxes, whilecpts ~ interactions between problem elements. They alsenof
are carried on pallets, both of which must be picke ~ Struggle with scalability. As a result, exact methexcel
from and delivered to designated locations — nades When applied to more stylized VRP instances, paletity

the transportation network — as in the Pickup and@hen the problem can be naturally formulated asxean
Delivery Vehicle Routing Problem. In practice, aarg integer linear program. Metaheuristic algorithms;tsas
shipment demands exist between all pairs of lonatio Genetic Algorithms, Tabu Search, Simulated Anneglin
Vehicles travel along routes connecting networkaspd Particle Swarm Optimization or Ant Colony Optimizat
with travel times between nodes varying throughioet Provide, on the other hand, an efficient way tolesgpthe
day. There are two types of network connection§€arch space in cases where problem formulationatele
standard and express. In the transportation plagnw from simplified scenarios. These methods iterayivefine

a vehicle travels between two locations, the type §olutions using heuristic guidance, enabling therfirtd

network connection must be specified. Typicallyhigh-quality, often near-optimal, solutions withia
reasonable computational time. This makes them-well
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suited for real-world applications. Hybrid methods Ant Colony Optimization (ACO) mimics the foraging
combine the strengths of different approaches by behavior of ants, where solutions are constructed

integrating exact and metaheuristic techniqgues\t@ece iteratively by simulating the pheromone trails thats
performance and robustness compared to standardlay down to communicate and reinforce optimal paths
metaheuristics. In the following sections, we tdsee This mechanism guides the search process toware mor

popular metaheuristic approaches. In what followss w  promising solutions over time.
consider the metaheuristic approach to solving cthee

study. Some other notable examples of metaheuristicsdeclu
Iterated Local Search and Variable Neighbourho@i@e
4  Methodology In general, metaheuristic algorithms are powedalg for

Although optimizing logistics and transportationtackling complex optimization problems within a
processes is essential for improving resourcezatitn ~reasonable timeframe. By drawing inspiration froatunal
and enhancing overall operational efficiency, th@nd social phenomena, they can generate effectide a
combinatorial nature and complexity of these pnotgle efficient sub-optimal solutions for a wide range of
pose significant challenges for traditional optiatian problems. In the remainder of this chapter, we pi@a
methods. Over the years, metaheuristic algorithengeh brief overview of the metaheuristic methods usethia
emerged as powerful tools for addressing theséertyms, study.
providing effective and efficient solutions to ad@irange
of optimization problems in logistics and transptdn. 4.1  Simulated annealing
Metaheuristic algorithms are iterative optimization It is highly versatile and applicable across vasiou
techniques capable of exploring vast solution spacepractical domains, including the Traveling Salesman
While they do not guarantee finding an optimal sohy  Problem, Vehicle Routing Problem, job scheduling,
their goal is to identify high-quality solutions thin a manufacturing, asset allocation problems, and the
reasonable computational time. These algorithmenoftestimation of meta-parameters in statistical andime
draw inspiration from natural processes, sociabbiglur, learning models. SA avoids getting trapped in local
and mathematical principles to guide the searcltgs® extrema and seeks to converge toward a global aptim
[16]. Some of the most widely used metaheuristiby occasionally accepting steps that temporarilysao
algorithms for optimization in logistics and trangation the objective function's value. The algorithm ikgtigely
include: simple to implement and requires minimal problem-
+ Genetic Algorithms (GA) that are inspired by thespecific parameter tuning. The initialization phaselves

process of natural selection and evolution. Theyaie generating an initial solutiar,, setting the initial value of

on a population of candidate solutions, iterativelghe temperature parametey, >0, and setting the
evolving them through selection, reproduction, andnnealing schedule parameter which governs how
mutation, which, as numerical procedures, are reder temperature drops from one iteration to the otfidwe

to as genetic operators. initial solution is randomly sampled from the séaspace
+ Simulated Annealing (SA) is based on the concept @hd pre-optimized using simple heuristics, such pash-

sampling the next solution from the neighborhood dbrward insertion heuristic. The initial temperatuy, is

the current one, always accepting moves to bettealibrated through a trial-and-error process, wiile
solutions while occasionally accepting moves tosgor temperature update parameteis set to ensure that the

solutions with a controlled probability. This appcth  algorithm converges when the computational budget i

is inspired by the annealing process in metallurggxhausted. At each iteration, a candidate solutipris

where a material is heated and then gradually ddole drawn uniformly from the neighborhood of the cutren
reach a low-energy state. solution N(x;). The neighborhood consists of solutions
« Tabu Search (TS) is an optimization algorithm thathat can be obtained from), by applying small random
explores the solution space by iteratively traopitig  perturbations. These perturbations modify certEments
from one solution to a neighboring one while avaidi of the solutionx,, such as the grouping of cargo bundles,
previously visited regions. It incorporates a memorthe assignment of vehicles to routes, or the drdeshich
mechanism to guide the search and prevent cyclimgtwork nodes are visited. As the activation fuogtiwe

back to recently explored search space regions. use the Metropolis function, given by (1).
» Particle Swarm Optimization (PSO) is inspired bg th
. . ’ ; . J{CAACI)
behavior of bird flocks and fish schools. It maintaa p= mm( 1, exp (_ ( k)tk k )) Q)

swarm of solutions (particles) that iteratively wd]

their positions based on both individual and colec i
experience of particles, guiding the search toward As the temperature update sche.dule,l which gradually
promising search space regions. decreases the temperature over iterations, we ose a

exponential decay schedule defined,as = a x t,. The
temperature decay parametss calibrated so that after all
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K iterations, the final temperature tg = 1072. The P,,, by employing consecutively three genetic operators
parameteK is set to fit the available computational timecalled selection, reproduction and mutation. Selacis

budget. responsible for choosing pairs of solutions frén for
reproduction. We employed a tournament selection
4.2 Tabu search operator. During reproduction, for each pair ofestdd

In each iteration, it performs an intensive Montl@  solutions (referred to as parents), GA randomly kioes
exploration of the neighborhooN (x,) of the current their elements, so that a new pair of solutions rgee
solutionx,, and selects the move to the next solutipn,  (referred to as offspring). This process mimicsurat
that results in the greatest improvement to theatbje Selection and evolution. To ensure that each gaacent
function. Solutions within the neighborhodé(x,) are solutions produces a new pair of feasible offspring
generated by perturbing the current solutipgnhowever, solutions, we apply a set of crossover operati¢its.
according to the tabu list principle, perturbatiamplied example, this involves taking routes from one sotut’,
within the last iterations cannot be undone, see (2), whef@moving cargo shipped along these routes frorsehend

the tabu list in thé&-the iteration is denoted IfL,,. solution x"” and inserting these routes into the second
solutionx".
Xjr1 = ArGMiNyene\TL, f(x) 2) After recombination, mutation is applied to intragu

random changes to the offspring solutions. Thigdel

This mechanism prevents the algorithm from revigiti Maintain diversity in the population and prevents
previously explored regions of the search spatewig premature convergence to suboptimal search space
TS to effectively escape local extrema and moveatdw egions. For mutation we employ operators analogous
more promising search space regions. Tabu lispdgied pertur.batlon operators usgd in SA and TS Afterheac
in each iteration according to the First-In Firstt@Queue OffSPring undergoes mutation with probability, = 5%,
principle. The length of the tabu list, which is referred GA produces the next iteration’s populatip,,. As a
to as memory, is calibrated experimentally. Addisiyy, ~epresentation _scheme to programmatlcally encode
once everym,,, iterations, a local search heuristic i"€Present) solutions as object instances, we ustgal
applied to locate the nearest local extremum —sfeip is  'ePresentation, where all _solutlon e_le_ments .(routes
known as the intensification phase. Similarly, gver;, asslgngd vehicles etc_.) are directly (explicitly)jtien into
iterations, diversification is applied, where tHgogithm ~ OPi€ct instances storing them. In contrast, fomepia, to
jumps to a random region of the search space tsass2" /interger programming formulatlpn, where art#ici
whether it is, on average, better than the cuyenplored variables are used to represent solutions.
region. On top of that, we employ the strategyspition . . .
moves, which is an exception that allows a normallp ~ Results of numerical simulations
forbidden (tabu) move to be accepted, if it resintsa In this section, we present the results of numerica
solution better than any previously found solutionsimulations conducted to compare the efficiencythef
Compared to SA, TS focuses more on exploitatioidigg ~ three algorithms. The problem structure, includihe
the search faster toward promising search spagensg logistic network and available resources, fulljeefs the
while SA emphasizes exploration, by probabilistical real-life scenario, however, the values of the afienal
allowing moves that temporarily worsen solutionlgya parameters characterizing the problem, like colstted
This exploitation-oriented strategy of TS oftendsao parameters and technical parameters, differ frapsethin
faster convergence to high-quality solutions. Sifc® the original case. To account for uncertainty agsirom
employs a memory mechanism, through the use dfta taboth the stochastic nature of the algorithms aedpiecific
list, it records recent moves and prohibits unddivegn for ~ instance of the problem, the experiment was dedigise
a certain number of iterations. This prevents tgerahm  follows:
from getting stuck in repetitive cycles around local. The real-life problem instance was stochastically
extrema. In contrast, SA does not incorporate a ongm  transformed into 10 variations, where parametearesl
mechanism, which may result in revisiting suboptima related to operational costs and the technical

regions of the search space multiple times. characteristics of network nodes were perturbed.
2. Each of the 10 problem instances was solved 30stime

4.3 Genetic algorithm by each algorithm, and the mean value trajectothef

In contrast to SA and TS, GA processes in each ObjeCtive function was Computed across the 30(mns
iteration an n-element population of solutiong), = GA, this represents the mean trajectory of the best
{xi,xZ, .., x}} rather than a single solution,. solution in the population). _
Additionally, unlike SA and TS, where a new solatis 3 Each algorithm was run on each problem instanc8 for
generated from the neighborhood of the current\b@g ), hours (an operational time budget constraint).

GA generates the next iteration’s population ofisohs
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Figure 1 Mean trajectories of SA (upper left), TS (upper right) and GA (lower |eft). Mean trajectories of SA (blue), TS(red) and
GA (black) imposed on a single plot (lower right)

Table 1 Satistics of costs at respective stages of search space
exploration for each algorithm (Q1 = first quartileiteration, Q2
= median iteration, Q3 = third quartileiteration, Q4 = final
iteration). Mean values are expressed in normalized terms,
wherethe cost of theinitial solution equals 100. Sandard
deviations are expressed in percentage points. Means and
standard deviations are calculated over 30 runs of 10
parametrizations of the considered postal optimization problem

Simulated Tabu | Genetic

Annealin¢| Searcl| Algorithm
Mean Q:| 98.11 | 92.11| 96.3:
Std Q: 0.67 0.3¢€ 0.4:
MeanQ: | 95.3C | 91.3¢| 95.6]
Std Q: 0.4z 0.5¢ 0.31
Mean Q.| 94.47 | 90.9¢| 95.2(
Std Q! 0.42 0.4¢ 0.2¢
Mean Q< | 93.97 | 90.6¢ | 94.9¢
Std Q¢ 0.2¢ 0.32 0.32

The experiment was conducted on a server with
cores, enabling parallel computations (parallesrahthe
algorithms). For better comparison, mean valuettajies
of the objective functions are adjusted in the rigub
figures, so that the length of each trajectory &xjb@,000

to 95, the algorithm has improved the solution % 5he
initial solution was already pre-optimized, andcase of
GA, the initial population consisted of the preiopted
initial solution, solutions obtained by randomlyrtpebing
the pre-optimized solution, and of purely randotutsons.

Figure 1 presents the trajectories of SA, TS, aAdds
the 10 variants of the postal optimization problésee
point 1 above). Due to the normalization of theeahye
function, these variants are directly comparablethb
within each algorithm and across different algonish For
better visualization, Figure 1 also overlays tlagettories
onto a single plot (lower right plot).

Table 1 provides the average cost of solutionsiadta
by each algorithm at different stages of the oation
process, along with their standard deviations. H&x%
represents the first-quartile iteration, Q2 the iaed
iteration, Q3 the third-quartile iteration, and €% final
iteration. The values in the table correspond te th
trajectories shown in Figure 1. Since the coshefinitial

Fte-optimized solution is normalized to 100, thiéetiénce

between 100 and the reported values representsosie
savings in percentage points.

The main conclusion drawn from the comparisonas th
the TS algorithm (presented in Figure 1 in red)dpaoed

iterations (in reality, the computing time is tkeeree across the best results. It consistently outperformedoter two
algorithms, while the number of iterations varies)algorithms across all problem instances and througthe

Additionally, the objective function cost was notined
so that the cost of the initial solution equals 1f@d GA,
this represents the cost of the best solution éniritial
population). This means that if the solution castrdases

entire search space exploration process. Regaittieg
final solutions, the SA algorithm (presented inufag1 in

blue) ranked second, though the shape of its search
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trajectory differed significantly from that of ti&s and GA largest postal service operators in Central andeBas
(presented in Figure 1 in black). At the initisdges of the Europe. The objective was to determine whether lpopu
optimization process, SA consistently exhibitedredency metaheuristic optimization algorithms — Simulated
to sharply increase the solution cost, which aligith its  Annealing (SA), Tabu Search (TS), and a Genetic
inherent mechanism — SA initially performs a highlyAlgorithm (GA) — could effectively reduce the caost
exploratory search (a random search phase), friélgueninitially pre-optimized solutions within a reasof@ab
accepting moves that worsen the objective functelne. timeframe of 8 hours, and to identify which algonit
As the optimization progresses, it becomes incnghsi performed best. The results indicate that all three
greedy, eventually converging to a fully greedyreea algorithms achieved cost reduction, but to diffeedents.
state. The sharp cost increase observed in the #ades With fine-tuned parameters, SA initially increaskeel cost,
search space exploration by the SA algorithm can loverging from the original solution before exhibg a
mitigated by adjusting the initial value of the fg@mature steep descent trajectory, ultimately producing tsmhs
parameter(t,). However, experimental results indicatethat were 5%—6% better than the originally profoped
that for the considered postal optimization prohlenone. As expected, due to its exploitative ratheanth
achieving this would require forcing the algorittimto a explorative nature, TS produced a more uniformly
highly greedy state early on, causing it to betamglarly  decreasing trajectory, ultimately yielding solusof@%-—
to a local greedy descent method. Consequently|ghds 10% better than the initial one. GA ranked below &8
to premature convergence and entrapment in a locES, following a uniformly decreasing trajectory fanto
minimum state, hindering global search space eaptor. that of TS, and achieving cost reductions of 4%-5%.
Despite this reported initial cost increase, SAgravme, One limitation of this study is the maximum runtime
demonstrates a significant potential for improvingap imposed on the algorithms, set at 8 hours.rUhigme
solutions. However, because it starts from an ¢deleost cap represents the operational requirement of dstap
level, it ultimately fails to catch up to TS, whidioes not operator. Additional experiments suggest that the
exhibit such cost fluctuations in its early stagdsthe algorithms further improve the objective functigiven
optimization process. The GA initially outperfor8& — more time, but our focus was on evaluating their
for approximately 30% of the runtime, but ultimstél performance within operational time constraints.
yields worse results than both SA and TS. Thisasioen  Furthermore, the algorithm parameters were finedun
holds across different crossover operators testethis through a series of trial-and-error experimentsilgviis
study, as well as in scenarios where elitism mesha approach vyielded effective configurations, emplgyin
were incorporated. external solvers to optimize parameter values could
Numerically, TS improved the initial pre-optimizedpotentially enhance performance, which we leave for
solution by up to nearly 10% (with a standard démmof future investigations.
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