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Abstract—The capacitated arc routing problem (CARP) is rep-
resentative of numerous practical applications, and in order to
widen its scope, we consider an extended version of this problem
that entails both total service time and fixed investment costs.
We subsequently propose a hybrid ant colony optimization (ACO)
algorithm (HACOA) to solve instances of the extended CARP. This
approach is characterized by the exploitation of heuristic infor-
mation, adaptive parameters, and local optimization techniques:
Two Kkinds of heuristic information, arc cluster information and
arc priority information, are obtained continuously from the so-
lutions sampled to guide the subsequent optimization process. The
adaptive parameters ease the burden of choosing initial values and
facilitate improved and more robust results. Finally, local opti-
mization, based on the two-opt heuristic, is employed to improve
the overall performance of the proposed algorithm. The resulting
HACOA is tested on four sets of benchmark problems containing
a total of 87 instances with up to 140 nodes and 380 arcs. In order
to evaluate the effectiveness of the proposed method, some existing
capacitated arc routing heuristics are extended to cope with the
extended version of this problem; the experimental results indicate
that the proposed ACO method outperforms these heuristics.

Index Terms—Ant colony optimization (ACO), capacitated arc
routing problem (CARP), combinatorial optimization, memetic
algorithms (MAs).

I. INTRODUCTION

HE capacitated arc routing problem (CARP) is concerned

with the routing of entities (such as vehicles) across some
given topology (e.g., a road network) in order to carry out some
task as efficiently as possible. This problem naturally arises
in many industrial sectors, i.e., the routing of street sweepers
[1], snow plows [2], household refuse collection vehicles [3] or
gritting (salting) trucks [4], the planning of mail delivery [5] or
school bus service [6], and the inspection of electric power lines
[71, gas pipelines [8], or oil pipelines [9].

Manuscript received January 31, 2010; revised July 20, 2010 and January 4,
2011; accepted January 15, 2011. This work was supported in part by the
National Natural Science Foundation of China under Grants 70971131 and
70801062 and in part by Engineering and Physical Sciences Research Council
Grant EP/E058884/1 on “Evolutionary Algorithm for Dynamic Optimisation
Problems: Design, Analysis and Applications.” This paper was recommended
by Associate Editor J. Wang.

L.-N. Xing and Y.-W. Chen are with the Department of Management
Science and Engineering, College of Information System and Management,
National University of Defense Technology, Changsha 410073, China (e-mail:
xinglining @ gmail.com; chen.nudt@gmail.com).

P. Rohlfshagen and X. Yao are with the Centre of Excellence for Re-
search in Computational Intelligence and Applications, School of Computer
Science, University of Birmingham, Birmingham, B15 2TT, U.K. (e-mail:
p.rohlfshagen @cs.bham.ac.uk; x.yao@cs.bham.ac.uk).

Color versions of one or more of the figures in this paper are available online
at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/TSMCB.2011.2107899

Lacomme et al. [10] recently introduced an extended CARP
(ECARP) that takes additional practical constraints into con-
sideration. In particular, the authors proposed the following
four extensions: 1) a mixed multigraph with two kinds of links
and parallel links; 2) two distinct costs per link; 3) prohibited
turns and turn penalties; and 4) a maximum trip length. These
extensions allow for a more realistic model and hence may
afford solutions that are applicable in a wider set of scenarios.
However, neither total service time nor fixed investment costs
were considered by Lacomme ef al.

In this paper, a new ECARP is proposed that considers these
aspects which we deem critical with respect to practical require-
ments: With the development of service-oriented governments
[11], each government office is responsible to provide a timely
service to the public. At the same time, a strong competition
necessitates a flexible and dynamic company model that facili-
tates agile delivery. Furthermore, the service architecture (e.g.,
infrastructure) should be optimized to satisfy the ever-changing
requirements of the customers. Whereas the traditional service
mission is “can do it” (i.e., provide the optimal service within
the existing service architecture), the current service mission
is “do it best” (i.e., provide the optimal service within an
optimized service architecture). In terms of the ECARP, both
the service scheduling (a set of vehicle routes) and the service
architecture (a configuration of depots and vehicles) need to
be optimized simultaneously to improve the quality of service.
For this reason, both the maximum total service time and the
fixed investment cost (which is applied to optimize the service
architecture) are considered in this paper.

Taking additional requirements into account inevitably in-
creases the complexity of what is an already complex problem.
The application of metaheuristics—which tend to find solutions
of satisfactory quality for difficult optimization problems within
reasonable time—is thus a viable option. One such approach is
ant colony optimization (ACO) which has gained popularity in
recent years because of numerous success stories [12]—[15]. For
this reason, a novel hybrid ACO algorithm (HACOA) is pro-
posed to tackle the new and extended version of ECARP. This
approach, which is described in detail in Section IV, is char-
acterized by the exploitation of heuristic information, adaptive
parameters, and local optimization techniques. The combina-
tion of these techniques allows the algorithm to perform reliably
across the benchmark instances considered in this paper.

The remainder of this paper is organized as follows.
Section II reviews some recent work related to the CARP.
Section III formulates this ECARP. The HACOA is outlined
in Section IV. Section V analyzes the performance of the
algorithm, and Section VI gives some concluding remarks as
well as directions for future work.
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II. LITERATURE REVIEW

The CARP in an NP-hard optimization problem and exact
approaches, such as branch-and-bound [16], can deal with
only very small instances of 20-30 edges [10]. Subsequently,
heuristics are required for solving larger problem instances.
Examples include Augment-Merge [17], Path-Scanning [18],
Construct-and-Strike [19], Ulusoy’s tour splitting algorithm
[20], and Augment-Insert [21]. Although these heuristics gen-
erally produce fairly good results, better results can be obtained
by metaheuristics [22]-[25].

Beullens et al. [26] proposed the guided local search (GLS)
method for the CARP. The GLS was extended by some new
moves (relocate, exchange, and cross) and also made use of
lists of neighbors and edge marking. Experiments on standard
benchmark problems demonstrate that the GLS finds all the
best known upper bounds and also improved the bounds for
some of the instances. On a set of new benchmark problems,
the GLS consistently produced high-quality solutions and, in
many cases, located the optimal solution.

Doerner et al. [27] employed an ACO algorithm to deal with
the CARP. Experimental results obtained from 23 instances
generated by DeArmon [28] show that the ACO algorithm is
superior to Tabu Scatter Search [29] and the Tabu search pro-
posed by Hertz et al. [30] but inferior to Lacomme’s memetic
algorithm (MA) [10]. Hertz and Mittaz [31] developed the
variable neighborhood descent (VND) method for the CARP
and tested it on 23 instances generated by DeArmon [28],
34 instances by Benavent et al. [32], and 270 instances
produced by Hertz er al. [30]. The results demonstrate that
CARPET and VND are superior to a range of simple heuristics.
Polacek et al. [33] proposed a variable neighborhood search
(VNS) for the CARP with intermediate facilities. The VNS
is a simple and robust method which tackles the CARP as
well as some of its extensions. This VNS displays an excellent
performance on four different sets of benchmarks. Hertz et al.
[30] constructed a Tabu Search (TS) heuristic for the CARP,
while Brandao and Eglese [34] developed a deterministic Tabu
Search Algorithm (TSA) for the CARP. Mei et al. [22] proposed
an operator called global repair operator (GRO) to address the
major disadvantage encountered by most of the traditional algo-
rithms: They inserted GRO to the TSA and apply the resultant
Repair-based Tabu Search (RTS) algorithm to five well-known
benchmark test sets. Experimental results suggest that RTS is
competitive with a number of state-of-the-art approaches.

Lacomme et al. proposed several different evolutionary al-
gorithms for the CARP [10], [35]-[37]. As mentioned in the
introduction, Lacomme et al. proposed an ECARP [10] which
considered attributes such as mixed networks, parallel arcs, and
turn penalties. The authors also proposed an MA [10], and
experimental results demonstrate that the MA outperforms a
range of other heuristics on 81 instances with up to 140 nodes
and 190 edges. The authors explain the algorithm’s perfor-
mance as follows: 1) Individual solutions are strongly improved
by local search; 2) small populations of distinct solutions tend
to avoid premature convergence; 3) some good solutions are
obtained using classical heuristics; and 4) the partial replace-
ment technique used for restarts improves the solution quality
of population.

Tang et al. [23] proposed an MA with extended neighbor-
hood search (MAENS). Unlike existing approaches, MAENS
employs a novel local search operator called Merge-Split that
is capable of large step sizes and thus has the potential to
search the solution space more efficiently. Experimental results
suggest that MAENS is superior to a number of state-of-the-art
algorithms.

The amount of research directed toward the multidepot
CARP (MCARP) is considerably less. Amberg et al. [38] pro-
posed a TS using capacitated trees to solve the multiple-center
CAREP. Li et al. [39] proposed an improved genetic algorithm
to the MCARP in 2009. Xing et al. [40] constructed a novel
evolutionary approach to the MCARP that integrates ECARP
heuristics into a novel evolutionary framework. Kansou and
Yassine deal the MCARP with two different approaches: ACO
combined with an insertion heuristic and MA based on a special
crossover [41], [42]. Their computational results on benchmark
instances suggest the superiority of the MA compared to the
ACO [41].

The other extended versions of CARPs include the following:
periodic CARPs [43]-[45], split-delivery CARPs [46], CARPs
with intermediate facilities [33], CARPs with time windows
[47], CARPs with refill points [48], CARPs with stochastic
demands [49], and so on.

All the existing methods developed for the CARP assume a
predefined and fixed service architecture (i.e., the number and
position of the depots and the number of vehicles are fixed).
Motivated by practical requirements (as outlined in Section I),
an extended version of the traditional CARP is proposed in the
next section where both the service scheduling (a set of vehicle
routes) and the service architecture (a configuration of depots
and vehicles) need to be optimized simultaneously to improve
the quality of service.

III. PROBLEM FORMULATION

In comparison with the ECARP proposed by Lacomme ef al.
[10], two important extensions are addressed in this work. The
first extension considers the maximum service time: Service
time is defined as the vehicle’s traveling time which is equiv-
alent to the total time required by the vehicle to carry out the
tasks assigned to it. The consideration of this aspect may lead
to shorter overall service times. The second extension deals
with the optimization of the service architecture, which means
that both the number and the position of depots are variable.
This extension would guarantee the availability of services (the
restriction on the service time places hard constraints on the
problem: If the road network is large or the service time is
small, some roads cannot be serviced because of their distance
from the depot).

Our ECARP is modeled as the directed connected graph in
which each arc has a deadheading (traveling without service)
cost. A subset of arcs with known demands and additional
service costs must be serviced by the vehicles. A penalty may
be imposed depending on the sequence of arcs traversed. For
instance, U-turns and left turns may incur a penalty. A fleet of
identical trucks, each with the same purchase cost, capacity,
and speed, is employed to service the arcs. The number of
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TABLE 1 2) Type of arcs: Each edge can be regarded as a bidirectional
MATHEMATICAL SYMBOLS USED IN THE PROBLEM FORMULATION .
arc, and every arc can be regarded as one unidirec-
symbol  [meaning tional arc.
Gy = (V, E) [ An undirected connected graph. 3) Deadheading cost: It will incur the deadheading cost no
Gp = (V, A)| A directed connected graph. matter whether a link in the given route is serviced or not
1% A set of Ny nodes. A 1 . 1 g1 . u .l .Vl :
E A setof N edges. 4) Service time: In this paper, for simplification, only the
A A set of N 4 arcs. t : : : : : :
raveling time of vehicles is considered as the service
R A set of Ng required links R C A (R C E). . g . . . .
dd(w) The cost of link w (the monolithic cost). time. There is a linear relationship between the dead-
d(u) The deadheading cost of link w. heading cost and the service time. Here, the deadheading
s(w) The additional service cost of required link . tist f dinto the t line dist £ trucks b
o) The gritting demand of required fink 1. costis transformed into the traveling distance of trucks by
pen(u,v) |[The penalty occurs from arc u to arc v. multlplymg a coefficient a.
%1 iﬁz 2“2‘];:; 2? gep‘l’(‘:' 5) Service indicator: f;(f1;;) is a Boolean variable. If arc j;;
2 U UCKS. . . .
Q The capacity of trucks. is serviced in route I, then f;(1;;) =1; else, f;(1;;)=0.
S The average speed of trucks. 6) Different costs of each route: The total deadheading cost
T The maximal service time. .
o The maximal trip length. D(l;), the total service cost S(I;), and the total penalty
@ Deadheading cost conversion coefficient. P(l;) of route [; can be computed as follows:
J J
L A set of vehicle routes L = {l1,l2,- -, In, }.
l]' A vehicle route l]' = {#1]‘7“2]'7' . ',[,L(m].)j}. .
my The number of links in route ;. D(l;) = E d(pij) (1)
Start(l;) |The start depot of route ;. =1
Wi The %" link in vehicle route I;. m;
FiCuag) The service indicator of link p;;. -
D(l;) The total deadheading cost of route {;. S(l]) = § S(Mij)fj (,uij) 2)
S(l;) The total service cost of route [;. i=1
P(ly) The total penalty of route ;. m;—1
M The same task is executed M times in a given period.
Depot The positions of depots, Depot = {d1,dz, . ..,dn }, where P(l]) = E pen(“ija H(i+1)j)~ 3
d; = 1 indicates that node 4 should be selected to be a depot. i=1
DT The distribution of trucks, DT" = {dt1, dtz, . .., dtn; }, where
dt; denotes the number of trucks to be stored at depot <. 7) Different constraints: Six different kinds of constraints
DR The distribution of resources, DR = {dry,dra, ..., drny }, ized foll
where dr; corresponds to the amount of resources which should be are summarized as Tollows.
reserved at depot i. a) Start and return the same depot. Any route must start

vehicles and depots is considered to be a decision variable.
Every required arc is serviced by one single trip, and each
trip starts and ends at the same depot. The total demand of a
trip must not exceed the vehicle’s capacity. All services must
finish within the maximum service time, and no partial services
are allowed. At any depot, the dispatched truck and resource
must not exceed its own (the service capacity of each depot is
considered). A solution consists of determining a configuration
of depots and vehicles as well as a set of vehicle routes; the goal
is to minimize the sum of fixed and running costs.

Here, we will formally describe the standard CARP, the
Lacomme’s ECARP [10], and our ECARP and elaborate further
on the attributes unique to our ECARP. These problems are
characterized using inputs, outputs, objectives, and constraints.
We have listed the attributes of different problems in itemized
form to allow a direct comparison among these three problem
variants.

A. Preliminary Knowledge

The symbols used in this section are summarized in Table I.
The following concepts are illustrated for the sake of clarity.

1) Mixed connected graph: The mixed graph allows the
existence of two kinds of links: undirected edges and
directed arcs. In this paper, a mixed connected graph
is transformed into a directed connected graph through
replacing each edge by two arcs with opposite directions.

and return the same depot. That is, to each route
[;(1 < j < N3), the initial node of the first arc must
be the same as the end node of the last arc.

b) Demand constraints. No demand exceeds the vehicle’s
capacity (). For every route [;

mj

> a(pig) fi(pig) < Q1 < j < Ny )

i=1

¢) No partial service. An arc cannot be serviced by more
than one truck, and each required arc must be serviced
exactly once.

d) Trip length constraints. The total length of any trip
must not exceed the maximum trip length C'

max {D(l;)+ S(l;)} <C. 5
max {D(L;) +5(1;)} < )

e) Service time constraints. The total service time of any

truck must not exceed the maximum service time 7’

il SxT
S d(puy) p < 2 (©)
=1

max
1<j<N>

«
where S x T/« denotes the maximum deadheading
cost of trips.

f) Resource constraints. If there are dt; trucks stored at
depot ¢, then, at most, dt; trucks can be dispatched
from depot 7. Also, if there are dr; resources reserved
at depot ¢, then, at most, dr; resources can be dis-
patched from depot 7.
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B. Problem Formulation of CARP

1y

Inputs

a) An undirected connected graph Gy = (V) E).
b) Each edge u € F incurs a cost dd(u).

¢) Each edge v € R has a demand ¢(u).

h) The capacity of trucks is Q.

i) The average speed of trucks is S.

j) The maximal service time is 7.

k) Deadheading cost conversion coefficient c.

1) Ina given period, the same task is executed M times.!

d) One depot is available. 2) Outputs
¢) Ny identical trucks are available. A solution to the ECARP needs to specify both the
f) The capacity of trucks is Q. decision variables regarding the system architecture as
2) Outputs well as a set of routes that satisfies the constraints.
a) An optimal set of vehicle routes L. 2) ?ﬁe number of ?ZpOtS Nll).
b) Service indicators f;(f;;). c)) Thz Ezfrlltl;:?igtmii(s)t]s\f epot.
3) Objectives 2
) O N d) The distribution of trucks DT
L~ e) The distribution of resources DR.
B 2—21 D(i;). ) f) An optimal set of vehicle routes L.
= g) Service indicators f;(f1;;).
h) The start depot Start(l;) of tel;.
4 C;onsstraintfj i ) N O)bjectei ‘i;;r epot Start(l;) of route [;
a) Start and return the same depot.
b) Demand constraints. P The objective of the ECARP is to minimize the
¢) No partial service. total cost
F=CF+CR ©)
C. Problem Formulation of Lacomme’s ECARP here CF d he fixed
where enotes the fixed cost
1) Inputs
a) A directed connected graph Gp = (V, A). CF = C1Ny + CyN, (10)
b) Each arc u € A incurs a deadheading cost d(u). .
¢) Each arc v € R incurs an additional service cost s(u). and C'R denotes the running cost
d) Each arc u € R has a demand ¢(u). No
e) A penalty pen(u,v) may occur when traversing any CR=M Z Cost(l;) (11)
two successive arcs u, v € A. J=1
f) One depot is available. with C'ost(l;) denoting the total cost of route /;
g) N, identical trucks are available.
h) The capacity of trucks is Q. Cost(l;) = D(l;) + S(1;) + P(1;). (12)
i) The maximum trip length C. 4) Constraints

2)

Outputs
a) An optimal set of vehicle routes L.
b) Service indicators f;(f1;;).

a) Start and return the same depot.
b) Demand constraints.
¢) No partial service.

3) Objectives d) Service time constraints.
Na e) Resource constraints.
min Z {D(;) + S(1;) + P(1;)} - (®) According to problem formulations, significant differ-
j=1 ences between our ECARP and Lacomme’s ECARP are
4) Constraints evident. In Lacomme’s ECARP, the number and positions

a) Start and return the same depot.
b) Demand constraints.

¢) No partial service.

d) Trip length constraints.

D. Problem Formulation of Our ECARP

1y

Inputs
a) A directed connected graph Gp = (V, A).
b) Each arc u € A incurs a deadheading cost d(u).

of the depots as well as the number of the vehicles are
all predefined. In our ECARP, these quantities need to
be optimized to improve the overall quality of service.
Furthermore, Lacomme’s ECARP instances only have a
single depot, whereas, here, we consider the possibility of
multiple depots. These differences prevent the application
of Lacomme’s MA.

IV. HYBRID ACO

¢) Each arc v € R incurs an additional service cost s(u).

d) Each arc v € R has a demand ¢(u).

e) A penalty pen(u,v) may occur when traversing any
two successive arcs u, v € A.

f) The cost of depots is denoted by C7.

g) The cost of trucks is denoted by C'.

The ACO framework was introduced by Dorigo et al. and
presents a novel nature-inspired metaheuristic that has been
used successfully in the past to obtain high-quality solutions

I'To make a tradeoff between fixed costs and running costs, the same task
should be executed for many times in the given period.
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Arc Routing Problems

(a)

Input )

Fig. 1.
architecture optimization module.

to complex optimization problems in a reasonable amount of
computational time [50], [51]. In particular, ACO has been
employed successfully to obtain high-quality solutions to the
travelling salesman problem which is closely related to the
routing of vehicles in the ECARP. There are numerous different
variants of ACO as surveyed by Dorigo and Blum [52], [53].
In order to effectively deal with the ECARP, an HACOA is
proposed. The HACOA is divided into two functional mod-
ules: a heuristic search module (the ant colony system) and a
knowledge module. The heuristic search module takes charge of
searching through the vast solution space and identifies optimal
solutions. The knowledge module obtains useful information
throughout the ongoing optimization process and applies this
knowledge to guide the subsequent search. The working mech-
anism of HACOA is shown in Fig. 1(a), and the algorithm’s
computational flow is shown in Fig. 1(b). It is evident from this
figure that the algorithm implements five components across the
two functional modules. These may be outlined as follows.

1) Architecture optimization: It obtains near-optimal sets
of depots (the number and position of depots are decided
in this step).

2) Information initialization: It initializes the information
(e.g., arc cluster or arc priority information).

3) Dynamic parameter adjustment: It dynamically selects
a specific combination of parameters according to their
past optimization performances.

4) Feasible solution construction: It constructs a group of
solutions using ACO. This step makes use of the heuristic
information obtained from the best solutions found so far.

5) Information updating: The information is updated using
information extracted from the near-optimal solutions
obtained.

Steps 3)-5) are repeated iteratively until a stopping criterion is
satisfied. In the following, we outline each component in detail.

A. Architecture Optimization

The principal goal of optimizing the problem’s architecture
is to decide the number of depots required and their positions.
Its computational flow is described in detail next.

Satisfied

: o No
Stopping Criterion

| Record the Top Five Near-optimal Set of Depots

End

(b) ()

Workings of HACOA. (a) The overall architecture of the algorithm, (b) the computational flow of the algorithm, and (c) the computational flow of the

Compute the Least Number of Depots: Since all required
arcs should be serviced within the maximal service time 7" and
vehicle routes must start and end at the same depot, the least
number of depots is decided by the maximum travel distance of
trucks, 3 = S x T'. The distance between node i(1 < ¢ < Ny/)
and the depots can be defined as

dis(i) = 1§j§r]{rl‘l/r,ldj:1 SPL(i,j) (13)
where d; = 1 denotes that node j is selected as a depot and
SPL(i,j) denotes the deadheading cost of the shortest path
from node i to node j in G p. The least number of depots N* is
determined such that dis(i) < 3/2,1 < i < Ny.

Heuristic Information Initialization: The depot selection in-
formation, used to improve the quality of the architecture op-
timization, is the accumulative knowledge (refined iteratively)
of assigning a given node to be a depot. An array DS with
size Ny is used for the depot selection information, where
DS1(i) denotes the number of times node ¢ was designated as
a depot among the near-optimal solutions obtained. The more
frequently node 7 has been assigned to be a depot, the larger
DS1(i) will be, and the probability of assigning node i as a
depot will subsequently be larger too. At the beginning of each
run, DSI(i), 1 <1i < Ny, is initialized as one.

Randomly Generate Some Set of Depots: A set of depots
may be considered as an individual in the algorithm’s popu-
lation. The length Len of each individual is determined by

N*,
Len = {N* 4 Rp

0<r<0.5
056<r<1 a4
where N* denotes the least number of depots, Rp € [1, N*] is
a random integer drawn from a uniform distribution, and r €
[0,1) is a random real number, again drawn from a uniform
distribution. Each node 7 will be selected as a depot with the
following probability:

DSI(i)

Pi)= ————.
" ¥, DSI(k)

5)



This article has been accepted for inclusion in a future issue of thisjournal. Content is final as presented, with the exception of pagination.

6 IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS—PART B: CYBERNETICS
TABLE II TABLE III
EXAMPLE OF ARC CLUSTER INFORMATION MATRIX EXAMPLE OF ARC PRIORITY INFORMATION MATRIX
Arc 1 Arc2 Arc3 Arc4 ArcS5 Arc 6 Arc 1 Arc2 Arc3 Arc4d Arc5 Arcé6

Arc 1 10 6 2 1 1 0 Arc 1 1 5 2 I 1 1

Arc 2 6 10 1 1 1 1 Arc 2 5 1 1 1 1 1

Arc 3 2 1 10 3 3 1 Arc 3 2 1 1 3 3 1

Arc 4 1 1 3 10 2 3 Arc 4 1 1 3 L 2 3

Arc5 1 1 3 2 10 3 Arc5 1 1 3 2 1 3

Arc 6 0 1 1 3 3 10 Arc 6 ! ! 1 3 3 1
TABLE IV

Evaluate the Fitness of Each Depot Set: The fitness of each
set of depots is computed using the Extended Random Path-
Scanning (ERPS) heuristic [40]. When constructing a tour,
ERPS appends the most promising arc to the existing sequence
of arcs until the capacity () or service time 7" is exhausted.

Heuristic Information Updating: 1f the best solution found
so far is improved at the end of an iteration, then the depot
selection information will be updated as follows:

. DSI(i) +1,
DSI(z) = { DSIEz;,

where ¢ € GBS denotes that node 7 is selected as a depot.

Stopping Criterion: The execution of the architecture op-
timization process will be terminated when the best solution
found does not improve over ten consecutive iterations.

i€ GBS

otherwise (16)

B. Information Initialization

In ACO, the artificial ants will deposit pheromone on the
paths traversed. Similar to the pheromone definition described
earlier in this paper, this extends the concept of pheromone
deposition, making use of arc cluster information and arc pri-
ority information. In HACOA, the artificial ants will construct
feasible solutions based on this information, reinforcing (via
deposition) the information along the traveled paths.

Arc Cluster Information: This information used to assign
required arcs to existing clusters is extracted from the best
solutions found throughout the search. A matrix ACI with
size Nr X Np is defined to contain this information, where
AC1I(i,7) denotes the probability of assigning arc ¢ and arc j
to the same cluster; Nr denotes the number of required arcs.
An example of an ACI matrix is shown in Table II, where
ACI(1,2) = 6 indicates that arcs 1 and 2 can be assigned to
the same cluster with 60% (6/6 + 2 + 1 + 1) probability, while
ACI(1,3) = 2 means that arcs 1 and 3 can be assigned to the
same cluster with 20% (2/6 + 2 + 1 4 1) probability. In the
initialization phase, each element of AC' is initialized as 7g.

Arc Priority Information: This information used to establish
an appropriate processing priority for the different arcs is stored
in a matrix API with size Ng X N, where API(i, j) denotes
the probability of servicing arc ¢ before arc j. An example of
an APJ matrix is shown in Table III, where API(1,2) =5
indicates that the probability of servicing arc 1 before arc 2
is50% (5/5+2+1+1+1), while API(1,3) = 2 indicates
that the probability of servicing arc 1 before arc 3 is 20%
(2/54+2+ 1+ 1+ 1). At the beginning, each element of APT
is initialized as 7q.

EXAMPLE OF DYNAMIC PARAMETER ADJUSTMENT

First Iteration Second Iteration

Parameter Optimisation Probability Optimisation Probability
Combination Performance of Selection Performance of Selection
ParaComb 1 1 25% 1 20%
ParaComb 2 1 25% 2 40%
ParaComb 3 1 25% 1 20%
ParaComb 4 1 25% 1 20%

C. Dynamic Parameter Adjustment

In order to improve the overall performance of HACOA and
decrease the impact of initial parameter choices on the results
obtained, parameters are dynamically adjusted according to the
performance of different parameter combinations. If the best
solution found so far improves after an iteration, then this
iteration will be called a successful iteration. The number of
successful iterations under a given parameter combination can
be regarded as its optimization performance. In the initialization
phase, many parameter combinations are generated following
the orthogonal design [57], and the optimization performance
of each parameter combination is initialized as one. In the
beginning of each iteration, one parameter combination will be
selected randomly according to its optimization performance.
An example of dynamic parameter adjustment is displayed
in Table I'V.

As indicated in Table IV, each parameter combination is
selected with 25% probability at the beginning. Suppose that
the second parameter combination (ParaComb 2) is selected
for the first iteration and the best solution found is improved
after the first iteration. Then, the optimization performance of
ParaComb 2 will be increased by one. At the beginning of
the second iteration, the selection probability of ParaComb 2
is 40%, while the selection probability of the other parameter
combinations is 20%.

D. Feasible Solution Construction

In this phase, solutions are constructed with guidance from
the heuristic information described earlier.

Allowed Selecting Arc Set: This set determines which of the
required arcs (i.e., those that require service) should be used to
construct the current solution. Let B(7) € {0, 1} be the service
indicator of arc ¢ such that B(7) = 1 means that arc 7 has been
serviced. Allow(u, B) then denotes the allowed selecting arc
set after servicing arc u. The pseudocode for the entire set
construction is shown in Fig. 2.

State Transition Rule: This rule specifies how to select the
next required arc from the neighborhood of the current required
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Step 1.
Step 2.
Step 2.1.

Initialize the local best solution and set its objective (summation of fixed costs and running costs) as infinite.
Construct the vehicle routes of current ant (current solution) with the guidance of obtained heuristic information.
Select the depot of current route (trip). The depot closest to any required arcs which has not yet serviced

is selected as the depot of current route. If there are many satisfied depots, then select one randomly.

Step 2.2.
Step 2.3.
Step 2.4.
Step 2.5.
Step 2.6.
Step 3.
Step 4.
Step 5.
Local Optimisation on Two Trips.
Step 6.

Determine the Allowed Selecting Arc Set.

Select the next required arc from the Allowed Selecting Arc Set using the State Transition Rule.
Join the selected arc of Step 2.3 to current route.

If both capacity and maximal service time are not exhausted, go to Step 2.2.

If some required arcs are still not serviced, go to Step 2.1.

If the current solution is better than the local best solution, then update the local best solution.

If not all of ants have finished constructing the current solution, then go to Step 2.

Improve the local best solution using the local optimisation methods (Local Optimisation on One Trip and

If the local best solution is better than the global best solution, then update the global best solution.

Fig. 2. Pseudocode of feasible solution construction.

arc. In HACOA, each ant makes use of the probability distrib-
ution [see (17)] that follows from the allowed selecting arc set
and randomly selects the next arc p; (when finished with the
current arc p;) according to

TF (i pty)
—=troe >ty € Allow(pu;, B)
Pr(jui, i, B)=1{ 2oy et (17)
Oa Hj ¢A”0w(ﬂu B)
where
TF (i, pj) = [TFA(pa, 11)]" % [TFB (i, 1))
X [TFC (4, p15)].  (18)

TF A(u;, f1j) denotes the normalized result of the static heuris-
tic information (e.g., the demand of arcs) and

DI(pui, 1)

DI iy
ey DT )

TFA(pi, 1) = (19)

TFB(pi, it;) denotes the normalized result of the arc cluster
information (accumulative) and

ACT (pi, p5)
max,,, e Allow(u;,B) {ACI(,U%» lffk)}

TFB(ui, 1) = (20)

TFC(pi, 1) denotes the normalized result of the arc priority
information (accumulative) and

max,, e Attow(u;,B) VAPT (1is p1x) }

TFEC (i, p1j) = @b

and a, b, ¢ denote the weights of the different heuristic
information.
The static heuristic information is characterized by

m’ ? S T < ?
DI d(p;) + s(uj) — penlui pj), L <r<i
Sa : 1 Lo 2
(.U’Za:uj) d(/ij)-‘rs(p,j()-i,-;)yen(u““j), 5 <r< 2
a(p; 5 .
d(ﬂj)+3(uj)4j-pen(pi,#j)v 5 <r< 2
d(pg)+s(pug)—pen(pi,pmg) 5

q(p5) ) G <

(22)

inv (1)
inv (/12 inv(,u4)
i
# Depot >
Before After
(a) (b)

Fig. 3. Local optimization on one trip using two-opt. Here, thick lines denote
the required arcs, while thin lines denote the shortest deadheading paths.

where r € [0, 1] denotes a uniformly random float. In (22), the
first branch denotes that the arc with the largest demand should
be serviced with the top priority, while the second one means
that the arc with the smallest demand should be serviced with
the top priority. The third branch denotes that the arc with the
highest cost should be serviced with the top priority, while the
fourth one means that the arc with the cheapest cost should
be serviced with the top priority. The fifth branch denotes
that the arc with the largest yield should be serviced with the
top priority, while the fourth one means that the arc with the
small yield should be serviced with the top priority. These rules
are all learned from the Path-Scanning [18] heuristic and are
very effective to tackle the ECARP. In (18), both the intrinsic
information (e.g., the demand of each arc) and the obtained
information (i.e., arc cluster information) are integrated into the
heuristic information.

Local Optimization: HACOA is hybridized with the two-
opt heuristic [10], [58] to further improve the performance.
At the end of each iteration, the best solution obtained from
this iteration is improved via the two-opt. There are two
phases: local optimization on one trip (Fig. 3) and local
optimization on two trips (Fig. 4). The local search imple-
ments these two phases which scan all possible pairs of
required arcs. Each phase is terminated as soon as an im-
provement has been found. If arc p is a bidirectional arc,
then inv(u) denotes the opposite arc corresponding to arc f;
if arc p is a single-direction arc, then inv(u) = p.
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) H H Hs Hy Hs He
Trip 1 Depot A Depot A
Before P P P P P
. 1 2 3 4 5
Trip 2 Depot B M Depot B

Trip 1 Depot A
After
(Case 1)
Trip 2 Depot B
7 7
Depot A . =
After Trio 1
(Case 2) np

Depot A O%

Depot B

Trip 2

Depot B

Fig. 4. Local optimization on two trips using two-opt. Here, thick lines denote the required arcs, while thin lines denote the shortest deadheading paths.

E. Information Updating

In ACO, the amount of deposited pheromones will be up-
dated according to different rules. Likewise, the accumulated
heuristic information in HACOA will also be updated based on
different rules.

Global Updating Rule: When the best solution found so far
improves, the information amount is updated via the global
updating rule of (23) and (24). In HACOA, only the ant which
constructed the global best solution (the best solution found
so far) is allowed to deposit information employing the global
updating rule

 [ACI(i,j)+Qg, ifi,jeGBSy
ACI(, g )_{ ACI(i. }), Other (23)
 [API(i,j)+Qq. if (i,j€GBSy)and (i— )
API(W)_{ API(i, ), Other
24)

where i,j € GBSy denotes that arcs ¢ and j are serviced in
the same tour (corresponding to the best solution found so far).
Furthermore, ¢ — j denotes that arc ¢ and arc j are serviced
in succession, and Q¢ denotes the incremental amount at the
global updating phase.

Local Updating Rule: This rule is executed after each iter-
ation. Only the ant which constructed the local best solution
(i.e., the best solution of each iteration) is allowed to deposit
information by the local updating rule

ACU(LJ)Z{Azg}ai%TQL7

API(i,j) :{ﬁ%@?};%

if i, j€ LBSy

otherwise (25)

if (i,j€ LBSr) and (i —j)
otherwise

(26)

where ¢,j € LBSy denotes that arcs ¢ and j are serviced
in the same tour (corresponding to the local best solution),
1 — j denotes that arc ¢ and arc j are serviced in succession,
and @)1, denotes the incremental amount at the local updating
phase.

Information Evaporating Rule: This rule is employed fol-
lowing each iteration. The information amount is updated
by the information evaporating rule [see (27) and (28)]. In
HACOA, the information amount of each solution component
is limited to an interval [Tiin, Tmax) t0 avoid stagnation

ACI(i, j) = max{Tmin, Min{Tmax, (1—p)ACI(3,5)}}
API(i,7)=max{Tmin, min{mmax, (1—p)API(i,7)}}

27)
(28)

where (0 < p < 1) is the information evaporating parameter.

V. EXPERIMENTAL RESULTS

In order to test the validity of HACOA, it has been eval-
uated on four different sets of ECARP problem containing a
total of 87 instances with up to 140 nodes and 380 arcs. As
the global optimum of these ECARP instances is unknown,
a lower bound is used instead. The relative performance of
HACOA is established by a comparison to the following five
approaches.

1) Two classical heuristics for the CARP, Path-Scanning
[18] and Ulusoy’s heuristic [20], were extended by
Xing et al. to make them applicable to the ECARP.
The resulting extended heuristics, ERPS and Extended
Random Ulusoy’s Heuristic (ERUH), have been shown
to perform well on an extended version of the traditional
CARP [40].

2) The MA [10] by Lacomme et al. outperformed all known
heuristics on three sets of benchmark problems.
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TABLE V TABLE VI
PARAMETER SYMBOLS USED IN THIS PAPER PARAMETER COMBINATIONS USED IN THIS PAPER

Symbol Meaning Parameter a b c o1 Oc P
AntSize The size of artificial ants Para-Comb 1 i I i 0.01 015 003
To The initial level of heuristic information Para-Comb 2 1 1 1 0.01 02 0.02
a The weight of determinate information Para-Comb 3 1 1 1 0.01 0.25 0.01
b The weight of Arc Cluster Information Para-Comb 4 1 3 3 0.03 0.15 0.03
c The weight of Arc Priority Information Para-Comb 5 1 3 3 0.03 0.2 0.02
Tmin The minimal level of heuristic information Para-Comb 6 1 3 3 0.03 0.25 0.01
Tmaw The maximal level of heuristic information Para-Comb 7 1 5 5 0.05 0.15 0.03
Qr The incremental level at the global updating phase Para-Comb 8 1 5 5 0.05 0.2 0.02
Qa The incremental level at the local updating phase Para-Comb 9 1 5 5 0.05 0.25 0.01
P The information evaporating parameter Para-Comb 10 3 1 3 0.05 0.15 0.02
Para-Comb 11 3 1 3 0.05 02 0.01
... . . . Para-Comb 12 3 1 3 0.05 0.25 0.03
3) HHEA [40] hybrldlzes evolutlonary algorlthms with PZ{‘Z—Cgﬁb 13 3 3 5 0.01 0.15 0.02
heuristic information. Experimental results suggest that Para-Comb 14 3 3 5 0.01 0.2 0.01
. . P Para-Comb 15 3 3 5 0.01 0.25 0.03
the 1ntegr.ate(‘tl ?volutlonary frame\{vo'rk significantly out- Para-Comb 16 3 5 | 0.03 015 002
performs individual extended heuristics. Para-Comb 17 3 5 1 0.03 0.2 0.01
: : . : Para-Comb 18 3 5 1 0.03 0.25 0.03
4) Slnce. the app.roach presented in this paper .1s ag ant colgny Para-Comb 19 3 1 5 0.03 013 0.01
algorithm, it is also necessary to compare it with a typical Para-Comb 20 5 1 5 0.03 0.2 0.03
ACO algorithm. For this reason, we also consider the Egigggﬁg %% g % ? 8‘82 8%2 88?
Max-Min Ant System (MMAS) [55]. Para-Comb 23 503 I 0.05 0.2 0.03
Each of these techniques is evaluated on 87 ECARP in-  Para-Comb 24 >3 ! 0.05 025 002
. 3 Para-Comb 25 5 5 3 0.01 0.15 0.01
stances. These instances were generated” based on the follow- Para-Comb 26 5 5 3 0.01 0.2 0.03
Para-Comb 27 5 5 3 0.01 0.25 0.02

ing sets of readily available benchmark problems:

1) GDB: It contains 23 undirected instances presented in
[28], with 7-27 nodes and 11-55 edges. For each in-
stance, all edges are required.

2) KESH: It contains six undirected instances proposed by
Kiuchi et al. [59], with 6-10 nodes and 15 edges. For each
instance, all edges are required.

3) VAL: It contains 34 undirected instances designed in [60].
These instances have 24-50 nodes and 34-97 edges. For
each instance, all edges are required.

4) EGLESE: It contains 24 undirected instances constructed
by Belenguer and Benavent [60]. Generally, all instances
are very interesting because of their authenticity and large
size (77-140 nodes and 98—190 edges).

A. Parameter Settings

HACOA was implemented in Visual C++, and all codes
were executed on a personal computer with an Intel Pentium
2-GHz processor and 2-GB RAM. The parameters required
are elaborated in Table V, and the parameter combinations
investigated are summarized in Table VI. Among these param-
eter combinations, the following parameters are predefined as
follows: AntSize = 50, Tmin = 0.1, Tmax = 10, and 79 = 1.
The final experimental results were averaged over 50 trials. The
Wilcoxon signed ranks test [61] is employed for the statistical
comparisons of the different approaches.

Each algorithm will be terminated when the predefined
number of fitness evaluations is exhausted. This limit, set to
5000 function evaluations, is the same for all algorithms to
ensure a fair comparison. The average computational error is
computed as follows:

_ Fa-LB

Ea LB

(29)

>The original CARP instances may be downloaded from http://www.uv.es/
belengue/carp.html.

TABLE VII
FOUR VERSIONS OF HACOAS

Version Heuristic Information ~ Parameters  Local Optimisation
HACOA-1 ACI Fixed No
HACOA-2 ACI+API Fixed No
HACOA-3 ACI+API Dynamic No
HACOA-4 ACI+API Dynamic Yes

where F/ 4 denotes the average computational error, F'4 denotes
the average experimental result of the given instance, and LB
denotes the lower bound of the given instance.

B. Performances of Different Components

HACOA incorporates several different components to deal
with the complexity of the ECARP. In this section, four dif-
ferent versions of HACOA are tested in order to evaluate
the impact of these components on the algorithm’s overall
performance. The principle goal of this experiment is to gain
a better understanding of how and why HACOA works. The
configuration of each variant is summarized in Table VII:
“ACT” denotes that only arc cluster information is applied in
the optimization process, while “ACI + API” denotes that
both arc cluster information and arc priority information are
used throughout the optimization process. “Fixed parameters”
denote the optimal parameter combination among the parame-
ter combinations shown in Table VI (this was precomputed
for the different instances). Nine different ECARP instances
were applied to validate the performance of different HACOAs,
and the average computational error of each variant is listed
in Table VIII.

In Table VIII, numbers in bold indicate that the performance
of the method to the right is significantly better (confidence
degree of 0.95) than the one nearest to the left. The experimen-
tal results demonstrate that HACOA-2 consistently outperforms
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TABLE VIII TABLE X
AVERAGE COMPUTATIONAL ERROR (%) OF HACOA APPROACHES AVERAGE COMPUTATIONAL ERROR (%) OF ERUH AND HACOA
SN ERUH HACOA SN ERUH HACOA
SN HACOA, HACOA, HACOA; HACOA, o T0%0 0353 oI YT 5353
C79 4.129 3.628 2.817 1.807 Cc2 0.075 0.077 C46 2.726 0.631
C80 4.257 3.893 2.985 2.208 C3 0.839 0.177 C47 1.756 0.354
C81 4267 3.967 3.451 2.519 C4 1.274 0.308 C48 1.527 0.323
) Cs 0.089 0.062 C49 2.890 0.655
c82 2.902 2.896 2172 1.195 c6 0.055 0.046 C50 2012 0.424
cs3 3.979 3.506 2738 1.689 c7 1.969 0.469 Cs1 1.938 0.454
84 4.525 4.213 3.419 2.302 C8 3.241 0.754 cs2 4271 0.962
C85 3.792 3.319 2.632 1.572 c9 4.624 0.992 C53 2.166 0.439
86 4.503 4.118 3.382 2.290 Cl0 0.463 0.108 C54 2.595 0.554
Cl11 1.582 0.354 C55 4.604 1.093
C87 4487 4.205 3.461 2.272 C12 1159 0.285 C56 0.673 0.139
C13 0.693 0.139 C57 2.069 0.447
Cl4 0.706 0.154 C58 1.625 0.393
TABLE IX Cl5 0.065 0.069 C59 1393 0.331
AVERAGE COMPUTATIONAL ERROR (%) OF ERPS AND HACOA C16 1.251 0277 C60 1.599 0.347
C17 0.015 0.015 c61 1.139 0.246
SN ERPS HACOA SN ERPS HACOA Ci18 0.718 0.162 C62 0.739 0.169
C19 0.089 0.085 63 2.182 0.477
8 (1);332 %%57‘; 832 ;zggg 8:2;‘1' C20 1.621 0.354 C64 6.682 1.501
c21 0.081 0.046 C65 6.474 1.601
< P o i 1388 Pt 22 0.086 0.085 C66 4.361 1.083
5 0'072 0 062 C49 2' 492 0.655 C23 0.998 0.215 C67 6.603 1.531
c7 1.856 0 .469 Cs1 1.677 0.454 C25 0.977 0.223 C69 10.245 2.337
cs 2.653 0'754 C52 4'023 0-962 C26 1.253 0.262 C70 7.638 1.631
9 4.287 0'992 53 1.669 0' 439 Cc27 4.358 0931 C71 5.059 1.236
. . : . C28 4.256 0.954 C72 7.102 1.760
C10 0.426 0.108 C54 2.239 0.554 29 3444 0.754 73 8.607 1.866
i 1 P & 2 P €30 1256 0262 C74 11.830 2.567
. . ) . C31 3.592 0.885 C75 13.806 3.438
C13 0.615 0.139 C57 1.734 0.447 32 1.074 0.885 76 3735 0.930
Cl4 0.653 0.154 C58 1.714 0.393 33 0'685 0'169 77 5'401 1.289
C15 0.054 0.069 €59 1.441 0331 C34 1.020 0.231 c78 7.046 1.536
Cl16 1.082 0.277 C60 1.421 0.347 Cas 7,095 1.648 79 733 1.807
c17 0.017 0.015 Cé1 0.983 0.246 Cae 0975 0.200 C80 064 2208
c1s 0716 0.162 co2 0.744 0.169 c37 0.895 0223 Csl 11.667 2519
C19 0.092 0.085 C63 2.061 0477 Cas 759 1578 Cs2 5638 1195
€20 1555 0.354 co4 6.222 1501 ¢39 1914 0.385 C83 7.926 1.689
c21 0.064 0.046 Ce5 6913 1.601 C40 1228 0.246 Cc84 9.402 2302
c22 0.097 0.085 C66 4.506 1.083 Cal 1592 0.416 85 7002 1572
C23 0.927 0.215 ce67 5.882 1.531 c42 1.673 0377 Cs6 10.172 2.290
C24 1.271 0.362 C68 4.282 1.130 C43 1.628 0362 c87 9.891 2272
C25 0811 0.223 C69 8.977 2337 Caa 138 0270
C26 0.970 0.262 C70 6.580 1.631
C27 3444 0.931 C71 5.225 1.236
C28 3915 0.954 C72 6.704 1.760 , . . _
C29 2.844 0.754 Cc73 8.096 1.866 In the following sections, HACOA is compared with ERPS,
C30 0.969 0.262 C74 10.443 2.567 .
c31 3111 0.885 C75 13306 3438 ERUH, MA, HHEA, and MMAS. The average computational
C32 3.758 0.885 C76 3.909 0.930 errors of these methods are summarized in Tables IX and XIII.
ggi ?'ggz g;g? (C:% g‘ggg }ggz In these tables, numbers in bold indicate that the performance
C35 6.536 1.648 C79 7.580 1.807 of the algorithm to the right is significantly better (confidence
C36 0.784 0.200 C80 9.100 2.208
C37 0.969 0.223 csl 16,819 2519 degree of 0.95) than the one to the left.
C38 6.352 1.578 C82 5.326 1.195
C39 1.426 0.385 C83 6.794 1.689
C40 1.026 0.246 C84 10.083 2.302 C. HACOA Versus ERPS and ERUH
C41 1.805 0.416 C85 5.774 1.572
C42 1.327 0.377 C86 10.259 2.290 According to the experimental results summarized in
gﬁ %g}é gg% c87 8.569 2272 Tables IX and X, the performance of HACOA is significantly

HACOA-1, suggesting that employing two kinds of heuristic
information is more powerful than employing just one. The
experimental results also demonstrate that HACOA-3 is signifi-
cantly better than HACOA-2, leading to the conclusion that the
dynamic parameter technique outperforms the fixed parameter
one. Finally, the last set of experimental results demonstrates
that HACOA-4 is significantly better than HACOA-3. This
suggests that local optimization can largely improve the perfor-
mance of the HACOA framework. Overall, these results high-
light the following: 1) usefulness of the individual components
and 2) their combined contribution to an overall improvement
in performance of the algorithm.

better than that of either ERPS or ERUH for almost all instances
considered. It should be noted that both ERPS and ERUH are
simple heuristics (i.e., stochastic algorithms with simple rules),
whereas HACOA is an advanced metaheuristic. It is therefore
expected that HACOA performs superior, and this is indeed
demonstrated by the experimental results.

D. HACOA Versus MA

Lacomme’s MA cannot be employed directly to solve the
ECARP, and we therefore introduced some required extensions.
Based on the experimental results in Table XI, it may be
observed that HACOA is significantly better in the major-
ity of cases. We believe the reasons for this discrepancy in



This article has been accepted for inclusion in a future issue of thisjournal. Content is final as presented, with the exception of pagination.

XING et al.: HYBRID ANT COLONY OPTIMIZATION ALGORITHM FOR THE EXTENDED CARP 11

TABLE XI TABLE XII
AVERAGE COMPUTATIONAL ERROR (%) OF MA AND HACOA AVERAGE COMPUTATIONAL ERROR (%) OF HHEA AND HACOA

SN MA HACOA SN MA HACOA SN HHEA HACOA SN HHEA HACOA
C1 0.869 0.254 Cas 1127 0.354 Cl 0285 0254 C45 0710 0.354
Cc2 0.085 0.077 C46 1.276 0.631 C2 0.082 0.077 C46 1.240 0.631
C3 0.639 0.177 C47 1.115 0.354 C3 0.164 0.177 C47 0.723 0.354
c4 0.874 0.308 c48 0928 0.323 C4 0.646 0.308 Ca8 0.789 0.323

cs 0.063 0.062 C49 1.206 0.655
cs 0.069 0.062 C49 1.895 0.655 o 0045 o pess 0506 o
Co 0.045 0.046 €30 1131 0.424 c7 0.984 0.469 Cs1 0.821 0.454
c7 0.983 0.469 C51 1.183 0.454 Cs 1253 0.734 C52 1839 0.962
cs 1.546 0.754 C52 2.127 0.962 co 231 0.992 Cs3 0784 0.439
9 2.522 0.992 €53 1166 0.439 Cl10 0.116 0.108 Cs4 1.049 0.554
C10 0.319 0.108 C54 1.559 0.554 c11 0.742 0.354 Cs5 2.189 1.093
Cll 0.823 0.354 C55 2.046 1.093 C12 0.295 0.285 C56 0.138 0.139
C12 1.002 0.285 C56 0.537 0.139 C13 0.121 0.139 c57 0.807 0.447
C13 0.594 0.139 C57 1.013 0.447 Cl4 0.163 0.154 Cs8 0.433 0.393
Cl4 0.403 0.154 C58 1.016 0.393 Cls 0.072 0.069 Cs9 0.643 0.331
Cl15 0.073 0.069 C59 0.784 0.331 Cl6 0.276 0.277 C60 0.682 0.347
Cl16 0.651 0.277 C60 0.971 0.347 C17 0.019 0.015 Col 0.373 0.246
C17 0.015 0.015 C61 0.872 0.246 C18 0.164 0.162 C62 0.166 0.169
Cl18 0.552 0.162 62 0.593 0.169 8(9) 8-3% 35)5845 ggi ;gg‘l‘ ?-gzz
C19 0.087 0.085 C63 1.128 0.477 : - : -
C20 1312 0.354 Co4 3.268 1.501 ggé 8‘%2 8-8‘;2 ggg %gg; i-gg;
C21 0.051 0.046 C65 3.669 1.601 oo 0508 0215 P 3397 1331
c22 0.088 0.085 C66 2.136 1.083 o 0396 0362 Ces 5800 e
Cc23 0.667 0.215 C67 3.695 1.531 C2s 0.529 0223 C69 1612 2337
Cc24 0.942 0.362 C68 3.355 1.130 C26 0.595 0.262 ¢70 3919 L3l
€25 0.683 0.223 €69 6.542 2.337 c27 1.810 0.931 c71 2412 1.236
C26 0.874 0.262 €70 4.863 1.631 C28 2,023 0.954 72 4.056 1.760
C27 2.152 0.931 C71 3.019 1.236 C29 1.849 0.754 C73 4346 1.866
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C29 1.692 0.754 C73 4763 1.866 C31 1.546 0.885 C75 6.511 3.438
C30 0.825 0.262 C74 6.803 2.567 c32 1.640 0.885 C76 1.879 0.930
C31 1.582 0.885 C75 8.856 3.438 C33 0.185 0.169 C77 2.859 1.289
Cc32 2.012 0.885 C76 3.138 0.930 C34 0.245 0.231 C78 3.178 1.536
33 0.593 0.169 C77 4.014 1.289 C35 3.147 1.648 C79 3.543 1.807
34 0.823 0.231 Cc78 5.017 1.536 Sgg 8% 8-332 gg? 1'333 g-g‘l)g
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c42 0.800 0.377 C86 5.174 2.290
C40 0.992 0.246 C84 6.437 2.302

C43 0.632 0.362 C87 5.566 2272
C41 1.129 0.416 C85 5.249 1.572 C44 0.564 0.270
c42 1.037 0.377 C86 6.712 2.290
Cc43 1.086 0.362 C87 5.198 2272
C44 0.729 0.270

performance to be as follows: In MA, some solutions were
randomly generated in both the initialization and the restart
phase. However, in many highly constrained combinatorial
optimization problems, it is very difficult to obtain feasible
solutions by random generation. In particular, we found that
the population initialization can largely affect the convergence
speed of the algorithm as well as the quality of the final
solution.

E. HACOA Versus HHEA

The experimental results in Table XII suggest that there is
a small difference between HHEA and HACOA when solv-
ing smaller instances (C1-C23) and a large difference for
larger instances (C64—C87). This difference is introduced by
the different mechanism of HHEA and HACOA. In general,
the ACO algorithm can obtain some near-optimal solutions
relatively quickly, while the improvement of high-quality so-
lutions requires considerably more time. To the contrary, the
EA method is able to improve the quality of solutions con-
tinuously but requires numerous iterations to obtain the high-
quality solutions. In fact, the limit on the number of fitness

evaluations allowed is only 5000. For this reason, there exists
a large difference between HHEA and HACOA when solving
large problem instances. Indeed, if the maximum number of fit-
ness evaluations is increased to 30 000, the difference between
HHEA and HACOA becomes increasingly less.

F. HACOA Versus MMAS

The experimental results in Table XIII demonstrate that the
performance of HACOA is significantly better than that of
MMAS. This is to be expected as HACOA incorporates the
same mechanisms as MMAS but also employs heuristic in-
formation and dynamic parameter adjustment. For this reason,
HACOA should be more powerful than MMAS, which was
demonstrated by the final results.

VI. CONCLUSION

This paper has proposed a novel HACOA to deal with
an extended variant of the well-known CARP (abbreviated
as ECARP). This approach is primarily characterized by the
exploitation of heuristic information, the use of adaptive pa-
rameters (by means of a dynamic parameter adjustment tech-
nique), and the integration of local optimization techniques.
The experimental results across a large number of problem
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instances demonstrate that HACOA significantly outperforms
other problem-specific heuristics.

The main contributions of this paper may be summarized as
follows: 1) Motivated by practical requirements, an ECARP is
proposed that considers both the total service time and fixed
investment costs. 2) A HACOA is proposed to deal with the
increased complexity of the ECARP. Domain-specific knowl-
edge, arc cluster information and arc priority information, is
continuously extracted from the solutions obtained throughout
the search and is used to guide the subsequent optimization
process. The dynamic parameter adjustment noticeably im-
proves the performance of the algorithm and decreases the sen-
sitivity of initial parameter choices. Finally, a local optimization
step based on two-opt significantly improves the performance
of HACOA. 3) An extensive experimental study on 87 problem
instances has been carried out to evaluate the performance of
HACOA. The results indicate the superiority of HACOA over
other problem-specific heuristics.

The novel aspects of HACOA can be listed as follows: the
extraction of heuristic information, the application of heuristic
information, the dynamic parameter adjustment, and the local
optimization based on two-opt. Although our approach tackles
the ECARP, the novel points summarized from HACOA are
still available to deal with some complicated combinatorial
optimization problems.
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