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Abstract. Capacitated Arc Routing Problem (CARP) is a well known combi-
natorial problem that requires the identification of the minimum total distance
travelled by a set of vehicles to service a given set of roads subject to the vehi-
cle’s capacity constraints. While a number of optimization algorithms have been
proposed over the years to solve CARP problems, all of them require a large
number of function evaluations prior to its convergence. Application of such al-
gorithms are thus limited for practical applications as many of such applications
require an acceptable solution within a limited time frame, e.g., dynamic versions
of the problem. This paper is a pre-cursor to such applications, and the aim of
this study is to develop an algorithm that can solve such problems with a limited
computational budget of 50,000 function evaluations. The algorithm is embed-
ded with a similarity based parent selection scheme inspired by the principles of
multiple sequence alignment, hybrid crossovers, i.e., a combination of similarity
preservation schemes, path scanning heuristics and random key crossovers. The
performance of the algorithm is compared with a recent Memetic algorithm, i.e.,
Decomposition-Based Memetic Algorithm proposed in 2010 across three sets
of commonly used benchmarks (gdb, val, egl). The results clearly indicate the
superiority of performance across both small and large instances.

Keywords: Capacitated arc routing problem, memetic algorithm, heuristic,
random key representation, multiple sequence alignment.

1 Background

The capacitated arc routing problem (CARP) [12] can be described as follows: Assume
a road network represented using a undirected graphG = (V,E) with a set V of v nodes
and a set E of e edges. The set of p tasks (required edges) T = (t1, ..., tp) needs to be
served by a fleet of vehicles which are associated with a same capacity C and located
at a depot s (s ∈ V ). Each edge is associated with a distance d(i) ≥ 0(i = 1, 2, ..., e)
and a demand q(i) ≥ 0(i = 1, 2, ..., e). A demand of q(i) equal to zero indicates that
the edges do not need service. The objective is to find the set of vehicle trips using
minimum total distance D, such that each vehicle trip starts and ends at the depot s,
each required edge is serviced by one single trip, and the total demand handled by any
vehicle must not exceed its capacity C. The distance of a trip includes the distance of
its serviced tasks and the distance traveled through edges that are not serviced.
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Table 1. Mathematical Symbols used in this paper

Symbol Meaning
Q Population
w Population size
S Solution
N Number of trips
C Capacity of vehicle
e Number of edges

di (i = 1, ..., e) Distance of each edge
qi (i = 1, ..., e) Demand of each edge

T A set of tasks
s Depot of the vehicles
p Number of tasks
D Total distance, i.e., fitness of the solution

The symbols used in the paper are provided in Table 1.
Arc routing problems [7, 9, 10] are classic combinatorial optimization problems,

wherein the aim is to find a route with minimum total distance subject to the set of
predefined constraints. CARP is a practical form of an arc routing problem, in which
a fleet of homogeneous (same capacity) vehicles needs to service the set of demands
associated with the edges. CARP is known to be NP-hard and thus application of ex-
act optimization methods are still limited small problems (20-30 edges) [12]. Although
exact methods can solve some large instances of CARP, the computational cost is ex-
orbitantly large, e.g., the branch-and-cut-price algorithm required around 20000 sec-
onds [16] to solve a problem with 190 edges. In most real-world applications, it is
necessary to obtain a solution within a given time budget. Different heuristic based ap-
proaches have been proposed over the years to deal with such problems, which include
augment-merge [12], path-scanning [11, 21], construct-and-strike [19], Ulusoy’s tour
splitting [23], argment-insert [20] etc. Metaheuristic based approaches have also been
proposed such as Simulated Annealing [8], Tabu Search [17], Variable Neighborhood
Search [22], Guided Local Search [4], Genetic Algorithm [18], Evolutionary Algorithm
(EA) [24], Ant Colony Optimization [1] and more recently hybrids such as Memetic
Algorithm (MA) [13,22] which is an intelligent combination of a genetic algorithm and
a local search.

A memetic algorithm with extended neighborhood search (referred as MAENS) [22]
was introduced by Yi Mei et al in 2010 and is one of the most efficient algorithms de-
veloped till date. However, the number of function evaluations required (approximate
from 4.0×107 to 3.0×109) are still far more than what can be afforded for practical
problems such as for dynamic CARPs. The performance of any optimization algorithm
is largely dependent on the mechanisms of parent selection, method of recombination
and local search strategies. The proposed algorithm is realized using a memetic algo-
rithm as its baseline form. The parent selection is based on a similarity measure inspired
by multiple sequence alignment while the recombination process is a hybrid consisting
of path scanning heuristics and random key crossovers. The performance of the pro-
posed method has been evaluated on three sets of CARP instances (gdb, val, egl) that
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contain a total of 81 instances and compared with MAENS [22]. Section 2 describes the
proposed Memetic Algorithm (MA) and Section 3 describes the numerical experiments
and results. The conclusions are summarized in Section 4.

2 Proposed Algorithm

The algorithm maintains a population of solutions which are evolved over generations.
Fitter individuals are paired with its partner based on a multiple sequence alignment
inspired similarity measure. Such a scheme identifies pairs of solutions that have the
maximum number of common vehicle trips which is then inherited by the child solu-
tion. Such a process is similar to inheriting good building blocks from parents in the
context of genetic algorithms. As for the remaining set of demand edges, path scan-
ning heuristic is used. Unique solutions are always maintained in a population and in
the event, the number of unique solutions is less than the population size, solutions are
generated using random key crossovers. In order to further improve a child solution, a
neighborhood based local search is invoked with a given probability. The pseudocode
of the algorithm is presented in Algorithm 1.

2.1 Solution Representation and Generation of the Initial Population

Firstly, the undirected graph of the road network is transformed to a directed graph, i.e.,
each edge is represented as two directed arcs in opposite directions and each of these
arcs have the same edge ID. A solution(chromosome) for CARP is represented as a list
of edge IDs. The set of w chromosomes are generated to form the initial population
Q using a set of edge IDs using path-scanning (PS) heuristic without considering the
capacity constraints (Rule 1: maximize the distance dist(t, s) from task t to depot; Rule
2: minimize the distance dist(t, s); Rule 3: maximize the yield q(t)/d(t), i.e., the ratio
of demand/distance for each task; Rule 4: minimize the yield q(t)/d(t); Rule 5: use
Rule 1 if the vehicle’s capacity is less than half-full, else use Rule 2) [11]. Non-unique
solutions are replaced with randomly generated chromosomes. Then the chromosomes
are (split) using Ulusoy heuristic [13] which identifies the locations of the split that
results in a minimum D while satisfying capacity constraints of the vehicles. This D is
assigned as the fitness of the chromosome. The individuals of the population are sorted
based on their fitness.

2.2 Multiple Sequence Alignment Inspired Selection

Parent selection is an important element in any population based search strategy. There
are different variants of parent selection such as through the use of roulette wheel, bi-
nary tournament, random selection etc [24]. Fundamentally, all such processes aim to
generate child solutions which inherit good building blocks from fitter parents. In the
context of molecular biology [14], scientists are faced with the challenge of aligning
multiple DNA sequences. Each DNA sequence is a set containing the base elements,
i.e., A, C, T or G, and similarity between two sequences are sought via maximization
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Algorithm 1. Proposed Algorithm
REQUIRE: Population size (w), Maximum number of function evaluations (MFE), Local
search probability rLS

1: Generate an initial population Q
2: while Number of solutions evaluated ≤ MFE do
3: Apply MSA inspired selection operator to select w/2 pairs of parents
4: Save the common trips of each pair of parents, keep the different part of each pairs, i.e., a

set of edges that contains different trips, as P∗
5: w solutions Pc are generated by using path-scanning heuristic (PS) without considering

capacity constraints on each edge in P∗ twice
6: Keep the unique solutions in Pc

7: if Number of Pc ≤ w then
8: for i = 1:w-Number of Pc do
9: Apply roulette wheel to select two solutions Pc1 and Pc2 in Pc

10: Apply Random Key Crossover on Pc1 and Pc2 to generate a child Child
11: Insert Child into Pc

12: end for
13: end if
14: Sort Pc

15: Select the best one in Pc as C1 (if the best one is same (all generated solutions are worse
than the best in Pc), using roulette wheel instead)

16: if m ≤ rLS ; m is a random number [0,1] then
17: Apply local search to C1 to generate C3

18: if C3 is not a clone of any chromosome in Q then
19: Insert C3 into Q
20: else if C1 is not a clone of any chromosome in Q then
21: Insert C1 into Q
22: end if
23: else if C1 is not a clone of any chromosome in Q then
24: Insert C1 into Q
25: end if
26: Sort the chromosomes in Q and keep the best w solutions in Q
27: end while

of the matching score. In the current context of a population of solutions sorted based
on fitness, a partner of solution P1 is the solution that has maximum number of vehicle
trips in common. In the event there are multiple potential partners (i.e., with the same
number of trips in common), a random partner is chosen among them.

2.3 Hybrid Recombination

A hybrid recombination scheme is used in this study. The recombination process iden-
tifies trips that are common in both the parents and maintains the same for the child so-
lution. As for the remaining set of edges, a path-scanning heuristic without considering
the capacity (PS) is used to generate the giant trip. By applying PS twice on the same set
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of remaining edges, two offsprings are generated. After all w child solutions are created,
unique solutions are maintained and in the event the number of unique solutions is less
than the size of the population, a random key crossover [2] is used to generate new so-
lutions. From the set of w parent solutions and newly generated w child solutions, the
best w individuals are maintained in Q.

The process of random key crossover is illustrated below for completeness. Two
individuals Pc1 and Pc2 are identified using a roulette wheel based selection. Seven
random numbers (one for each task in Pc1) are drawn uniformly from (1, 3000) and for
the discussion assume them as follows : (2100, 569, 3, 888, 970, 1100, 30). The sorted
list of random numbers is (3, 30, 569, 888, 970, 1100, 2100). The original chromosome
(6, 1, 5, 4, 2, 3, 7) is encoded such that the element 3 in the sorted list of random numbers
is inserted in location 6, 30 in location 1, 569 in location 5 and so on resulting in an
encoded chromosome as (30, 970, 1100, 888, 569, 3, 2100). The process is repeated for
Pc2, the encoded form of which is (90, 220, 457, 140, 1400, 700, 550). It is important
to highlight that the random numbers used in Pc1 and Pc2 should be unique. Following
the standard form of two point crossover in the encoded space, the child chromosomes
R1∗ and R2∗ assumes the form (30, 970, 1100, 140, 1400, 3, 2100) and (90, 220, 457,
888, 569, 700, 550). A decoding of the chromosomes R1∗ and R2∗ back to the original
space results in (6, 1, 4, 2, 3, 5, 7) and (1, 2, 3, 7, 5, 6, 4) respectively, where 6 denotes
the position of the smallest random number in the encoded chromosome, 1 denotes
the position of next smallest random number and so on. These offsprings generated by
crossover via random keys are guaranteed to be feasible and a random one is selected.
The pseudocode of the process is presented below.

Algorithm 2. Modifed Random Key Crossover

1: for i = 1 → w −NumberofPc do
2: Apply roulette wheel to select two individual Pc1 and Pc2

3: for j = 1 → 2 do
4: Randomly select h numbers ⊆ (1, 3000) {Number of total tasks in Pcj}
5: Encode Pcj =⇒ Ri

6: Randomly select two integer numbers mpoint1 ⊆ [1, h− 1] and mpoint2 ⊆ [1, h− 1]
to split Ri

7: while mpoint1 = mpoint2 do
8: Randomly select a integer number mpoint2 ⊆ [1, h− 1]
9: end while

10: Ri =⇒ (part1i∗, part2i ∗, part3i ∗)
11: end for
12: Swap (part21∗ ⇐⇒ part22∗) =⇒ R1∗, R2∗
13: for j = 1 → 2 do
14: Decode Rj∗ =⇒ Chrj∗
15: end for
16: Randomly select Chr1∗ and Chr2∗ =⇒ C1

17: end for
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2.4 Local Search

Apart from recombination, local search plays an important role in any hybrid or memetic
forms. Firstly, the child C1 is improved using a local search with a probability rLS .
Three move operators have been used to perturb the solution, i.e., single insertion, dou-
ble insertion, and swap. The best chromosome C2 with the shortest distance is the
outcome of this phase. It is very important to highlight that if the top Q is still the same
after a generation, a roulette wheel selection is used to identify C1.

The best result S from splitting C1 identified from phase 1 is now improved further
using a larger search domain, wherein tasks of two vehicle trips are redistributed among
them using five rules of path scanning respectively resulting in five candidate part-
solutions. The best candidate part-solution is inserted into the rest of the S to result in
the new solution SC . Since there are C2

N combinations possible, the following condition
is enforced, i.e., if I:N !/2(N − 2)! < 50, ltimes = I , else ltimes = 50, where ltimes

denotes the number of attempts.
The solution identified through this second phase of local search is accepted if its

distance is lower than the one obtained during the first phase of local search, else the
local search phase is aborted and the best solution corresponds to the one obtained in
phase one. In the event, the solution obtained from the second phase of local search is
better than the one obtained from the first phase, the algorithm offers one more chance
to the solution to improve while moving through phase one and phase two of the local
search procedure. The best solution of this phase is denoted as C3.

The pseudocode of the local search process is presented in Algorithm 3.

Algorithm 3. Local Search Algorithm
REQUIRE: Probability ≤ rLS

1: Perform single insertion operator to C1 =⇒ C1
1

2: Perform double insertion operator to C1 =⇒ C2
1

3: Perform swap operator to C1 =⇒ C3
1

4: Keep the best one of C1
1 , C2

1 and C3
1 =⇒ C2

5: Apply split method to C2 =⇒ S = (S1, S2, ..., SN )
6: ltimes = min [I, 50]
7: for i = 1 to ltimes do
8: Apply path-scanning to each pair of solutions to generate five different part solutions
9: Select the best one of them =⇒ SC

10: Combine SC with the rest solutions =⇒ C3

11: Apply split method to evaluate C3

12: Update the solution if C3 is better than C2, C3 =⇒ Cnew

13: end for
14: if Found Cnew = true then
15: Apply local search again on Cnew

16: end if
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3 Performance on Benchmarks

In this section, the computational experiments and results are discussed. The first bench-
mark set contains 23 instances (gdb) originally generated by DeArmon [6]. The second
benchmark set is from Benavent et al [3] which contains 34 instances (val benchment)
defined using 10 different graphs. In both these instance sets, all the edges of the graphs
require service. The final benchmark set [8] consists of 24 instances with large number
of edges constructed from winter gritting data of Lancashire. The road networks of all
the instances are undirected. Although the proposed algorithm can deal with mixed net-
works, we still focus on these problems since there are no mixed graph data instances
in public domain.

The performance of the proposed algorithm is presented in Tables 2 3 4 and com-
pared with the state-of-the-art algorithm MAENS [22] using a limited budget of 50,000
function evaluations(FE). For each instance, the results reported are averaged over 20
independent runs. Population size (w) is set to 30. Local search is applied with a prob-
ability rLS = 0.2. In each table, the number of vertices are denoted as |V |, edges as
|E|, the number of tasks as |T |, the average computational time as Tc(second) and
low bound as LB [4, 5, 15]. The average distance, standard deviation of the distance,
best distance and the number of vehicles corresponding to the solution with the best
distance are indicated for all the problem instances. The value in column Rs indicates
the number of runs in which the worst solution obtained by the proposed algorithm in
20 runs is better than the best obtained using MAENS. A value of 20 indicates that the
results obtained in all the runs of the proposed algorithm is better than the best obtained
using MAENS. The progress plot of the median run for one of each problem classes are
presented in Figure 1. One can clearly observe the benefits of the initialization scheme
and the efficiency of the proposed approach. Detailed comparison of results of MAENS
with other approaches have appeared in [22] and hence have been omitted in this paper.

Table 2 presents the results of experiments on the gdb benchmark, which consist
of small networks with no more than 55 tasks. It is clear that the proposed algorithm
performs significantly better than MAENS in terms of the best, average and the standard
deviation when the budget is limited to 50,000FE. Table 3 and Table 4 present the
results for val and egl benchmarks which represent large size network instances. It can
be observed that the proposed algorithm still performs significantly better than MAENS
in all aspects, i.e., best, average and the standard deviation. While this study considered
the performance of the proposed algorithm with limited number of evaluations (50,000),
a quick comparison with the known lower bounds reported in [13] indicates that in 63
out of 81 instances, the best solution obtained by the proposed algorithm is within 20%
of the lower bound. In order to observe the performance of the algorithm for higher
number of function evaluations, the algorithm was allowed to use 250,000 function
evaluations and in 71 out of 81 instances the best solution was siwthin 20% of the lower
bound. One can observe a signifcant improvement in performance when the allowed
number of function evaluatsiona are higher. In order to study the effect of MSA based
parent selection, the same algorithm was run with random parent selection. The results
of MSA based parent selection are signifcanltly better than the random parent selection
scheme.
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Fig. 1. The rate of convergence

4 Conclusion

In this paper, a memetic algorithm is introduced that relies on the use of multiple se-
quence alignment inspired parent selection scheme, a hybrid recombination strategy
and a local search. Results on both small and large scale instances with limited number
of solution evaluations indicate the applicability of the proposed algorithm for dynamic
CARP problems, where one is interested in identifying an acceptable quality of solution
within a short time. Although in reality, computational time is of primary interest, we
focus here on a more objective performance indicator, i.e., number of function evalua-
tions which is independent of the computing platform and skills of implementation. The
proposed algorithm obtained high quality solutions to 81 well studied CARP instances
within 50,000 function evaluations and all of which are better than the existing state-of-
the-art approach based on MAENS. The performance of the algorithm is also presented
for 250,000 function evaluations for further studies. Apart from the convergence ob-
served in the objective function space, the detailed performance on its components are
analyzed and discussed. In future, we would incorporate an adaptive strategy which
allocates/redistributes function evaluations to local search and recombination strate-
gies based on their success which is likely to further improve the effectiveness of the
algorithm.
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