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Abstract—The population-based ant colony optimization (P-
ACO) algorithm has been proven effective in addressing the dy-
namic electric vehicle routing problem (DEVRP). In the DEVRP
the travel time is subject to dynamic changes representing real-
world traffic conditions. P-ACO maintains an archive of solutions
that are used to update the pheromone trails. By default, the
archive is updated in first in, first out fashion. In this study,
we introduce a new update strategy based on the similarities
of the solutions stored in the archive to maintain the diversity
when updating the pheromone trails. The experimental results
on different DEVRP test cases demonstrate the effectiveness of
the proposed strategy in comparison with other existing ones.

Index Terms—Ant colony optimization, population-list, electric
vehicles, dynamic optimization.

I. INTRODUCTION

With the widespread use of electric vehicles (EVs), the
electric vehicle routing problem (EVRP) has received con-
siderable attention in the last few years [1]. Nevertheless, the
utilization of EVs by logistic companies imposes significant
challenges such as shorter driving range due to the battery
capacity, and longer charging times than refueling times for
conventional vehicles. The main difference of the EVRP with
the classical vehicle routing problem (VRP) is the additional
energy consumption constraint of EVs and their need to
potentially visit a charging station when serving customers.
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funding from the European Union’s Horizon 2020 research and innovation
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Considering that the classical VRP is an NP-hard problem, it
indicates that the EVRP is even more complex to solve [2]–[4].

A variety of EVRP applications have been addressed using
exact [5]–[7] and metaheuristic methods [2], [8]–[10] with
the vast majority considering static environments. However, in
real-world logistic systems dynamic factors occur, and thus,
EVRPs with dynamic environments must be considered. In
[11] a multi-agent reinforcement learning approach is applied
to a dynamic EVRP (DEVRP) in which the customer requests
appear dynamically. For the same DEVRP a memetic algo-
rithm with an adaptive local search and random immigrant
scheme strategy is proposed [12]. In [13] an adaptive memetic
algorithm is designed to address a DEVRP in which the
demand of existing customers change dynamically. Similarly,
a robust optimization model is developed for a DEVRP in
which the demands are uncertain [14].

More recently, a population-based ant colony optimization
(P-ACO) has been found effective in the DEVRP with traffic
factors in comparison with other peer ACO algorithms [15].
This is because P-ACO has been especially designed to address
dynamic optimization problems [16], [17]. In particular, P-
ACO maintains a population-list with previously optimized
solutions that are reused when a dynamic change occurs to en-
hance the re-optimization process. Assuming that the dynamic
changes are small to medium, the pheromone trails generated
by the archived solutions of the previous environment will be
useful to the new environment.

The way in which the population-list is updated has a
significant impact on the performance of P-ACO [18], [19].
Several update strategies have been investigated in static
optimization problems, including the age-based, quality-based
and the elitist-based strategy. The commonly used age-based
strategy has been used to update the archive of P-ACO applied
on DEVRPs with traffic factors [15]. In this study, the per-
formance of P-ACO is further investigated with two existing
aforementioned strategies, as well as with a newly introduced



similarity-based strategy which aims to increase diversity that
is essential when addressing dynamic optimization problems.

The rest of the paper is organized as follows. Section II
defines the electric vehicle routing problem and describes
how dynamic test cases are generated. Section III describes
the P-ACO framework together with the investigated update
strategies. The experimental results are given in Section IV.
Section V provides the concluding remarks.

II. ELECTRIC VEHICLE ROUTING PROBLEM

A. Mathematical Formulation

The EVRP is modeled using a complete weighted graph
G = (N,A), where N = {0}∪I∪F ′ is a set of nodes and A =
{(i, j) | i, j ∈ N, i ̸= j} is a set of arcs linking these nodes
[6], [20]. Each arc (i, j) is associated with a non-negative
value dij representing the distance between nodes i and j. The
central depot is denoted by node 0, whereas the set I ⊂ N
denotes n customers, with each customer i ∈ I having an
associated positive value δi indicating their delivery demand.
The set F ′ ⊂ N represents βi node copies of each charging
station i ∈ F (i.e., |F ′| =

∑
i∈F βi) to accommodate multiple

visits, if necessary, for EVs to each charging station i ∈ F ′

[21]. The upper bound on the number of node copies for each
charging station is denoted as βi = 2|I|, reflecting the worst
case scenario where one EV is required for each customer [22].
Each EV is characterized by a cargo load capacity, ui (0 ≤
ui ≤ C), and a battery charge level yi (0 ≤ yi ≤ Q), where C
and Q represent the maximal cargo and the maximal battery
charge level of the EV, respectively. The values ui and yi
signify the cargo load and battery charge level of an EV upon
arrival at node i, respectively. Particularly, for each traveled arc
(i, j) an EV consumes hdij of the remaining battery charge
level, where h is the energy consumption rate of the EVs.

The mathematical model for the EVRP is defined as follows:

min
∑

i∈N,j∈N,i̸=j

dijxij , (1)

s.t. ∑
j∈N,i̸=j

xij = 1,∀i ∈ I, (2)

∑
j∈N,i̸=j

xij ≤ 1,∀i ∈ F ′, (3)

∑
j∈N,i̸=j

xij −
∑

j∈N,i̸=j

xji = 0,∀i ∈ N, (4)

uj ≤ ui − δjxij + C(1− xij), ∀i ∈ N,∀j ∈ N, i ̸= j, (5)

uj ≥ ui − δjxij − C(1− xij), ∀i ∈ N,∀j ∈ N, i ̸= j, (6)

0 ≤ ui ≤ C,∀i ∈ N, (7)

u0 = C, (8)

yj ≤ yi − hdijxij +Q(1− xij), ∀i ∈ I,∀j ∈ N, i ̸= j, (9)

yj ≤ Q− hdijxij , ∀i ∈ F ′, ∀j ∈ N, i ̸= j, (10)

0 ≤ yi ≤ Q, ∀i ∈ N, (11)

y0 = Q, (12)

xij ∈ {0, 1}, ∀i ∈ N, ∀j ∈ N, i ̸= j, (13)

where Eq. (1) defines the objective function to minimize
the total distance of the routes, constraint (2) ensures each
customer is visited exactly once, constraint (3) handles multi-
ple visits to recharging stations, constraint (4) establishes the
flow conservation, constraints (5), (6) and (7) ensure delivery
demand fulfillment, constraint (8) ensures that EVs start with
full cargo load, constraints (9), (10) and (11) maintain a non-
negative battery charge level, constraint (12) ensures that EVs
start fully charged, and (13) is the binary decision variable for
arc traversal.

B. Generating Dynamic Test Cases

The DEVRP with traffic factors is used to generate dynamic
test cases in this work aiming to simulate the impact that traffic
congestion has on the EVs’ energy range [15]. Each generated
DEVRP test case is characterized by the magnitude of change
and the frequency of change1.

For the DEVRP a factor that increases or decreases the value
of arcs connecting nodes i and j is assigned every environ-
mental period T , denoted as dij(T ), where T = ⌈t/f⌉, f is
the frequency of a dynamic change, and t is the algorithmic
iteration count. The value of arc (i, j) changes as follows:

dij(T + 1) =

{
dij(0) +Rij , if arc(i, j) ∈ Arnd(T ),

dij(T ), otherwise,
(14)

where Rij is a random number drawn from a normal distri-
bution with a zero mean and standard deviation proportional
to the initial value of the arc dij(0), Arnd(T ) ⊂ A is a set of
randomly selected arcs with size ⌈mn(n− 1)⌉ in which their
values are subject to change at environmental period index T ,
n is the size of the problem, and m ∈ (0, 1) is the magnitude
of change.

This dynamic alteration may impact the feasibility of the
generated solution. Specifically, an increase in travel time
between two nodes due to traffic congestion may violate
the energy constraints in Eq. (9), Eq. (10), and Eq. (11).
Conversely, a decrease in traffic congestion may affect the
solution’s quality, as planned visits to charging stations may
become unnecessary.

III. POPULATION-BASED ACO

A. Constructing Solutions

A colony of ω ants begin their journey from the central
depot {0}, and concurrently select nodes from the customer
set I ⊆ N , to build ω EVRP solutions. The selection of the
next customer is based on two values associated with each
arc (i, j): (1) the pheromone trails accumulated so far during
the optimization process; and (2) problem-specific heuristic
information. The probability with which ant k, currently at

1Available for download at: https://github.com/Mavrovouniotis/
DynamicEVRP



Algorithm 1 Construct EVRP Solution

1: stepk ← 0
2: T k ← insert depot {0} at position stepk

3: while ant k has not selected all customers do
4: stepk ← stepk + 1
5: i← find last node from T k at position stepk − 1
6: if N k

i is not ∅ then
7: j ← select next customer from N k

i using Eq. (15)
8: T k ← insert customer j at position stepk

9: else if N k
i is ∅ && capacity constraint is violated then

10: T k ← insert depot {0} at position stepk

11: else if N k
i is ∅ && energy constraints are violated then

12: q ← select closest station from i
13: T k insert station q at position stepk

14: end if
15: end while
16: T k ← insert depot {0} at position stepk + 1

node i (either the depot, customer or a charging station),
chooses the next node is defined as follows:

pkij =


[τij ]

α[ηij ]
β∑

l∈Nk
i
[τil]

α[ηil]
β , if j ∈ N k

i ,

0, otherwise,
(15)

where τij is the existing pheromone trail value, ηij =
1/dij(T ) is the heuristic value at environmental period T ,
α and β determine the relative influence of τij and ηij ,
respectively, and N k

i is the set of nodes from the customer set
I for the k–th ant adjacent to node i that satisfy the following
conditions: (a) customer j must not be visited; (b) the delivery
demand associated with the customer j must not exceed the
vehicle capacity when added to the current EV route; (c) the
required energy to travel from customer i to the customer j
must not exceed the battery capacity when added to the current
EV route; and (d) customer j must have at least one charging
station or the depot within the current energy range of the EV.
It is worth noting that the possibility of insufficient energy to
travel to any energy recharging station or back to the central
depot is eliminated due to this energy range criteria [2].

To build a feasible EVRP solution a structured procedure
is followed. Whenever ant k has no feasible customer choice,
that is |N k

i | = 0, but there are unselected customers from the
I set, it is translated that the EV must either return back to
the depot because the vehicle capacity is violated or it must
visit the closest energy recharging station. In this way, the
depot and charging station nodes are selected according to
the occasion and not probabilistically as the customers [20].
In case |N k

i | = 0 and all customers of set I are selected,
it indicates that the EVRP solution is completed. The overall
solution construction is described in Algorithm 1.

B. Updating Pheromone Trails

A population-list Pt is maintained and stores the iteration-
best ant in every iteration t [18]. Specifically, whenever the

iteration-best ant enters Pt a positive pheromone update is
performed as follows:

τij ← τij +∆τ, ∀ (i, j) ∈ T ib, (16)

where T ib is the iteration-best EVRP solution, ∆τ = (τmax−
τ0)/K is the constant amount of pheromone it deposits,
K = |Pt| is the size of the population-list, τmax and τ0 are
the maximum and initial pheromone trail values, respectively.
Note that τ0 is also the minimum pheromone trail value.

The size of the population-list Pt is limited, and thus, the
iteration-best ant at iteration t must replace an existing ant
stored in the Pt when iteration t > K. Specifically, whenever a
replacement occurs a negative pheromone update is performed
as follows:

τij ← τij −∆τ, ∀ (i, j) ∈ T r, (17)

where T r is the EVRP solution of the ant being replace, ∆τ =
(τmax−τ0)/K is the constant amount of pheromone removed
from its trails.

It is worth noting that the P-ACO algorithm does not utilize
pheromone evaporation as conventional ACO algorithms [23],
[24], which reduces the computation time required to update
the pheromone from O(n2) to O(n).

C. Updating the Population-List

Four update strategies are investigated in this work when
the population-list Pt exceeds the specific limit K described
in the following subsections. It is worth mentioning that the
updating of the archive Pt corresponds to a global pheromone
update in P-ACO.

1) Age-Based Strategy: The existing age-based strategy
works as a first-in-first-out queue [18]. The eldest solution in
the population-list is replaced by the iteration-best ant. This
update strategy is denoted as Age in Section IV.

2) Quality-Based Strategy: In the existing quality-based
strategy the quality of the worst solution in the population-list
is compared with the solution generated by the iteration-best
ant [18]. The latter solution replaces the former one only if its
solution quality is better, otherwise the population-list remains
unchanged. This update strategy is denoted as Quality in
Section IV.

3) Elitist-Based Strategy: The existing elitist-based strategy
keeps track of the best-so-far solution generated by the ants
so that the population-list always contains that “elite” solution
[18]. The iteration-best ant is compared with the elite solution
stored in the population-list and if its solution quality is better
then it replaces the elite solution; otherwise the iteration-
best ant replaces the eldest solution of the population-list
(excluding the elite solution). The pheromone trails of the elite
solution always receive a higher amount of pheromone than
the rest of the solutions in the population list. This update
strategy is denoted as Elitist in Section IV.



4) Similarity-Based Strategy: In the proposed similarity-
based strategy the quality of the most similar solution in the
population-list is compared with the solution generated by the
iteration-best ant. If the solution quality of the iteration-best is
better; then it replaces the existing solution in the population-
list. The similarity between two solutions is defined by the
number of common arcs they have as follows:

S = 1− dist(T ib, T r)

z
, (18)

where dist(T ib, T r) is the total number of common arcs
between solutions T ib and T r, and z = |T ib|+|T r|

2 is the
average number of steps (in Algorithm 1) of the two solutions.
Note that the number of steps may differ due to the number
of visits in charging stations. This update strategy is denoted
as Similarity in Section IV.

D. Reacting to Dynamic Changes

ACO algorithms are well-known for their robustness and
have proven their effectiveness in dynamic optimization prob-
lems [25], [26]. Specifically, when a dynamic change occurs
some ACO’s pheromone trails from the previous environment
become outdated, as they are associated with the previous op-
timum, whereas some other ACO’s pheromone trails are com-
mon with the newly generate optimum [17], [27]. Additionally,
in the case of the described DEVRP, the solutions archived in
the population-list of P-ACO may become infeasible due to
increased travel time that may violate energy constraints.

A simple way to address both the outdated pheromone trails
and the infeasible solutions when using P-ACO, is to remove
all the solutions stored in Pt when a dynamic change occurs.
The effect on the pheromone trails is to uniformly set back
to τ0 and start the optimization process from scratch. This
strategy is denoted as Restart in Section IV. The Restart
strategy may be useful when the changing environments are
not correlated (e.g., severe dynamic changes).

Differently, the pheromone trails of the previous environ-
ment will be most probably useful when the changing environ-
ments are correlated (e.g., small to medium dynamic changes),
some previous pheromone trails are likely to remain useful in
the new environment. Therefore, a more efficient approach is
to use pheromone trails corresponding to the solutions stored
in the population-list [16]. In the case of DEVRP, when a
dynamic change occurs the solutions stored in the population-
list may violate the energy constraints. In response, these
solutions are repaired to adhere to energy constraints by adding
energy stations where needed [15], accompanied by updates
to the associated pheromone trails of the affected nodes.

IV. EXPERIMENTAL STUDY

A. Experimental Design

1) Dynamic Test Environments: Three stationary
EVRP benchmark instances (X-n143-k7-s4,
X-n351-k40-s35, and X-n573-k39-s6) are obtained

from 2020 Congress on Evolutionary Computation2

competition for the Electric Vehicle Routing Problem
[20]. In these instances, the values after n, k, and s in
the instance name identify the number of customers, the
minimum number of EVs a solution can have, and the
number of charging stations, respectively. The magnitude of
change m is set to slightly (i.e., m = 0.05 and m = 0.1),
medium (i.e., m = 0.25 and m = 0.5), and severely
(i.e., m = 0.75) changing environments. The frequency of
change f is set to 25n iterations (scalable for each problem
instance, i.e., f = 3575 for X-n143-k7-s4, f = 8775 for
X-n351-k40-s35, and f = 14325 for X-n573-k39-s6)
to allow sufficient time for ACO algorithms react in
dynamic changes. Initially, all algorithms are executed for
100n iterations without any dynamic change allowing the
algorithms to converge before the first dynamic change. Five
test cases are generated from each static benchmark instance.
Ten environmental changes are allowed for each dynamic
test case and 30 independent runs are executed with different
random seeds.

2) Parameter Tuning: The parameter settings for all P-ACO
algorithms (i.e., Restart, Age, Quality, Elitist, and
Similarity) in dynamic environments are set following the
optimized parameters used in [26]. The colony size is set to
ω = 25 ants, the decision rule parameters are fixed at α = 1
and β = 5, the initial pheromone trail value is set to τ0 =
1/(n − 1), the population-list size is set to K = 3, and the
maximum pheromone trail value is to τmax = 1.

3) Performance Evaluation: The modified offline perfor-
mance [28] is adopted as the performance metric, which is
defined as follows:

P̄offline =
1

E

E∑
t=1

C∗, (19)

where E is the number of observations taken on every itera-
tion, and C∗ is the best solution quality value since the last
dynamic change.

To investigate the behaviour of the update strategies in P-
ACO, the diversity of the solutions stored in the population-list
is also recorded as follows:

P̄diversity =
1

K(K − 1)

K∑
p=1

K∑
q ̸=p

S, (20)

where K is the population-list size and S is the common arcs
metric defined in Eq. (18).

B. Experimental Analysis and Discussion

Table I presents the mean results of P̄offline (averaged over
30 runs) obtained by the P-ACO algorithms with different
update strategies for the generated DEVRP test cases. The
corresponding statistical results are presented in Table II,
where Kruskal–Wallis tests were applied followed by posthoc
paired comparisons using pairwise Mann-Whitney tests with

2Available for download at: https://github.com/Mavrovouniotis/e-cvrp
benchmark instances



TABLE I: Mean results for offline performance of P-ACO
algorithms in different DEVRP test cases.

P-ACO, m ⇒ 0.05 0.1 0.25 0.5 0.75
X-n143-k7-s4

Restart 17897.57 17140.28 17072.81 16885.41 16954.35
Age 17676.88 16986.09 16895.32 16763.24 16897.15
Quality 17889.00 17214.03 17118.47 16947.68 17105.71
Elitist 17940.35 17109.54 17133.22 16941.15 17161.98
Similarity 17613.72 16954.36 16864.06 16808.15 17012.33

X-n351-k40-s35
Restart 28615.01 28368.37 27824.96 28372.34 28265.79
Age 28461.78 28347.44 27778.59 28364.14 28255.41
Quality 28570.56 28384.07 27882.98 28191.21 28045.42
Elitist 28422.14 28263.18 27854.47 28343.26 28228.86
Similarity 28284.75 28070.35 27665.27 27754.91 27821.21

X-n573-k30-s6
Restart 54406.74 54718.72 53932.54 53640.49 53053.23
Age 54415.44 54690.12 53929.67 53632.27 53009.77
Quality 53995.75 53697.57 53120.54 52781.50 52418.03
Elitist 53914.28 54335.99 53692.99 53470.71 52942.28
Similarity 53299.51 52824.03 52342.23 52157.66 51704.00

Bonferroni correction. The results are shown as “+”, “−”,
and “∼” when the first algorithm is significantly better than
the second one, when the second algorithm is significantly
better than the first one, and when the two algorithm are not
significantly different, respectively. Moreover, the dynamic be-
haviour of P-ACO algorithms in terms of offline performance
against the environmental changes is presented in Fig. 1.
Finally, the population-list diversity for the first 1000 iterations
after the first environmental change is presented in Fig. 2.
From the experimental results, several observation can be
made by comparing the behaviour of the investigated P-ACOs.

First, the proposed Similarity update strategy performs
significantly better than the other competing strategies in all
DEVRP test cases; see the comparisons in Table II. This is
because the diversity of solutions stored in the population-
list is maintained at higher levels during the optimization
process which can be observed in Fig. 2. Therefore, P-ACO
with Similarity update strategy utilizes more than one
promising solution to begin the adaptation process when a
dynamic change occurs.

Second, the commonly used Age update strategy per-
forms significantly better than the existing Quality and
Elitist update strategies on the small DVERP test cases,
i.e., X-n143-k7-s4; see the comparisons in Table II. As the
problem size increases the Quality and Elitist update
strategies perform significantly better than the Age update
strategy in most DEVRP tests cases, i.e., X-n351-k40-s35
and X-n573-k39-s6. The Quality and Elitist update
strategies compared to the Age place a stronger emphasis
on the exploitation of the best quality solutions found so
far rather than the iteration-best solutions. Therefore, it can
contribute faster to the offline performance of P-ACO as it
can be observed in most environmental changes in Fig. 1(b)
and Fig. 1(c). However, there is a higher to get stuck in a local
optima as it can be observed for Quality in Fig. 2 where
the solutions stored in the population-list become identical.

Finally, the Restart update strategy is significantly worst

TABLE II: Statistical test results of comparing the offline
performance of P-ACO algorithms in different DEVRP test
cases.

Comparisons, m ⇒ 0.05 0.1 0.25 0.5 0.75
X-n143-k7-s4

Age vs Restart + + + + +
Age vs Quality + + + + +
Age vs Elitist + + + + +
Quality vs Restart ∼ ∼ ∼ ∼ −
Quality vs Elitist ∼ ∼ ∼ ∼ ∼
Similarity vs Restart + + + + ∼
Similarity vs Age + ∼ ∼ ∼ ∼
Similarity vs Quality + + + + +
Similarity vs Elitist + + + + +

X-n351-k40-s35
Age vs Restart + ∼ ∼ ∼ ∼
Age vs Quality ∼ ∼ ∼ − −
Age vs Elitist − − + ∼ ∼
Quality vs Restart ∼ ∼ ∼ + +
Quality vs Elitist ∼ ∼ ∼ + +
Similarity vs Restart + + + + +
Similarity vs Age + + + + +
Similarity vs Quality + + + + +
Similarity vs Elitist + + + + +

X-n573-k30-s6
Age vs Restart ∼ ∼ ∼ ∼ ∼
Age vs Quality − − − − −
Age vs Elitist − − − − ∼
Quality vs Restart + + + + +
Quality vs Elitist + + + + +
Similarity vs Restart + + + + +
Similarity vs Age + + + + +
Similarity vs Quality + + + + +
Similarity vs Elitist + + + + +

than the remaining update strategies in almost all DEVRP
cases, except in the X-n573-k39-s6 which is competitive
with the Age update strategy. It can be observed from Fig. 1
that due to the large spikes in offline performance of Restart
on every environmental change the adaptation is much slower.
A similar effect can be observed for the Age update strategy
in Fig. 1(c).

V. CONCLUSIONS

In this work, the effect of population-list update strategy has
on the P-ACO performance is investigated. The DEVRP with
traffic factors is utilized to systematically generate dynamic
test cases. The default age-based strategy is compared against
the quality-based and elitist-based strategies (commonly used
in static environments) and the newly proposed similarity-
based strategy.

From our experiments several key observation emerge. First,
adapting to the dynamic changes by reusing the population-list
solutions rather than restarting P-ACO performs significantly
better in all DEVRPs cases. Second, the proposed similarity-
based update strategy performs better since it maintains the
diversity in the population-list. Third, the age-based update
strategy is more explorative than the quality-based and elitist-
based update strategies since it is focused on the iteration-
best ants rather than the best-so-far ants. Therefore, the age-
based update requires more time to adapt in the environmental
changes.
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Fig. 1: Offline performance of P-ACOs with different population-list update strategies on DEVRP test cases with m = 0.05.
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Fig. 2: Population-list diversity of P-ACOs after the first environmental change with different update strategies on DEVRP test
cases with m = 0.05.

For future research, it would be beneficial to develop more
sophisticated update strategies for the population-list of P-
ACO to address dynamic environments.
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