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Abstract

The capacitated arc routing problem (CARP) is an important combinatorial
optimization problem that has been extensively studied in the last decades.
The objective is to optimize routes that service demands located in the edges
of a graph, given a fleet of homogeneous vehicles with limited capacity that
starts and ends its routes at a specific node (depot). This work proposes
a new path-scanning heuristic for the CARP which introduces the concept
of an efficiency rule. Given the vehicle current location, its traversed dis-
tance and the amount of serviced demand, the efficiency rule selects the most
promising edges to service next. Computational experiments conducted on a
set of benchmark instances reveal that the proposed heuristic substantially
outperformed all previous path-scanning heuristics from literature.

Keywords: capacitated arc routing problem, constructive heuristic,
path-scanning

1. Introduction

Given scattered demands in the edges of a network that must be serviced
by a fleet of identical vehicles with limited capacity all gathered in a cen-
tral depot. How to service these demands within the shortest distance and
without exhausting the vehicles capacities? This question is addressed by
the capacitated arc routing problem (CARP) proposed by Golden and Wong
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[1] in 1981. Since then CARP attracted the attention of many researchers
mainly due to its optimization difficulty and numerous applications.

The CARP has been extensively studied and we refer the reader to refer-
ences [2, 3, 4] for a comprehensive survey. Applications of CARP include but
are not restricted to waste collection [5], meter reading [6] and snow plows [7].
Moreover, many real-world complex operations encouraged the emergence of
CARP variants, where additional constraints and special characteristics are
modeled. Examples of CARP variants include CARP with time windows
[8, 9], periodic CARP [10], open CARP [11, 12], and others [13]. The im-
provement in methods for CARP can often be extended as improvements to
these variants.

CARP is an NP-hard problem for which many exact and heuristic method-
ologies have been proposed [2]. Optimal solutions have been reported only for
relatively small instances involving around 100 edges with positive demand
[14], while the best results for larger instances are provided by heuristic
methods [15].

Constructive heuristics start building a solution from scratch and progres-
sively include elements into the solution until feasibility is obtained. The first
constructive heuristic proposed for CARP was the construct-strike presented
by Golden and Wong in its seminal paper [1]. Two years later, Golden et
al. [16] proposed two other constructive heuristics called path-scanning and
augment-merge. Since then, constructive heuristics with better performance
have been proposed, such as improved merge [17] and path-scanning with
ellipse rule [18].

Our contribution. This work proposes a constructive heuristic called
path-scanning with efficiency rule (PS-Efficiency) for CARP, which extends
the ideas of the path-scanning with ellipse rule (PS-Ellipse) proposed by
Santos et al. [18]. In PS-Ellipse, an ellipse rule is triggered when the current
vehicle capacity is below a given static threshold. Once activated, the rule
restricts the next candidate edges to be within the ellipse containing the
depot and the current node as focal points. The PS-Efficiency improves
these ideas by: (i) proposing a dynamic threshold for activating the rule; (ii)
the set of candidate edges are selected based on a route efficiency index with
respect to the ratio of demand over distance.

Computational experiments conducted on a set of benchmark instances
were performed to compare the proposed method to other path-scanning
heuristics from literature. Experiments reveals that PS-Efficiency substan-
tially outperformed PS-Ellipse [18].
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This paper is organized as follows. The CARP is formally defined in
Section 2. Section 3 presents a review of constructive heuristics for CARP.
Section 4 describes the PS-Efficiency heuristic. Section 5 shows the com-
putational experiments and the performance analysis of the methodologies.
Section 6 provides the final remarks.

2. Problem Definition

The Capacitated Arc Routing Problem (CARP) [1] can be formally de-
fined as follows. Let G(V,E) be an undirected graph with non-negative costs
c(vi, vj) and non-negative demands d(vi, vj) assigned to each edge (vi, vj) ∈
E. Let ER ⊆ E be the set of edges with positive demand, called required
edges. A fleet of identical vehicles with limited capacity D is used to service
all required edges. While traversing an edge (vi, vj), a vehicle might (i) ser-
vice (vi, vj), which deducts its capacity by d(vi, vj) and increases the solution
cost by c(vi, vj) or (ii) deadhead (vi, vj), which only increases the solution
cost by c(vi, vj).

A route is a trajectory of a vehicle in G, represented by the sequence of
traversed edges, which starts and finishes at a distinguished node v0 called
depot. A set of routes is defined feasible if the sum of demands serviced in
each route does not exceed D and each required edge is serviced by exactly
one vehicle. The objective is to find a feasible set of routes with minimum
cost.

3. Constructive heuristics for CARP

The literature of CARP heuristics can be generally classified in three ma-
jor categories: (i) constructive heuristics, which starts from an empty solu-
tion and iteratively grows it into a feasible solution; (ii) local search methods,
that start from a feasible solution and attempt to improve it by exploring
its neighborhood; (iii) metaheuristics, which usually comprise a combination
of constructive heuristics, local search methods and likely some additional
optimization techniques, such as short and long-term memory, evolution-
ary framework, diversification and intensification. Constructive heuristics
are usually simple and fast. On the other hand, metaheuristics have higher
complexity and require more processing time while often providing the best
solutions. The decision of which method is more suitable for a given applica-
tion depends on the available computing time and the characteristics of the
instances.

3



Constructive heuristics remain an important area of research for CARP.
As described by Santos et al. [18], there are several reasons for investigating
these heuristics: (i) fast processing time, which is crucial for many real-
time applications; (ii) warm starting solutions for metaheuristics; (iii) less
fine-tuning of parameters; (iv) more easily adapted to the numerous CARP
variants. For example, PS-Ellipse was used to construct initial solutions for
at least three metaheuristics [19, 20, 21] and inspired heuristics for at least
four variants of CARP [11, 22, 23, 24].

The first constructive heuristics for CARP have been proposed by Golden
and Wong [1] and Golden et al. [16]: path-scanning (PS), augment-merge
(AM) and construct-strike (CS). The CS heuristic have not attracted much
attention (except for modified-CS from Pearn [25]), possibly because of its
complexity. On the other hand, PS and AM have been extensively used as
benchmark heuristics for CARP and has given rise to new improved methods
based on their classical versions. Special attention will be given to the review
of path-scanning heuristics in Section 3.1.

Belenguer et al. [17] proposed the improved merge (IM) heuristic based
on AM, achieving very good results for large instances (more than 100 re-
quired edges) with fairly little computational cost. Ulusoy [26] proposed an
innovative route-first cluster-second method where first a giant tour includ-
ing all required edges is built which is then partitioned into feasible tours by
a “Split” algorithm. Later, Prins et al. [27] proposed improving methods for
Ulusoy’s algorithm. Other constructive heuristics for CARP include parallel-
insert [28], augment-insert [29] and the four heuristics proposed by Wohlk
[30] in her thesis: modified path-scanning, double outer scan, node duplication
heuristic and A-ALG.

3.1. Path-scanning heuristics

The original path-scanning proposed by Golden et al. [16] is a greedy
heuristic that starts with the vehicle at the depot node, then progressively
service the nearest unserviced edge. The vehicle stops and returns to the
depot when the remaining vehicle capacity is not sufficient to service more
edges. Then, a new vehicle is employed to service the remaining edges and the
process is repeated. Often there are multiple required edges with minimum
distance. In this case the heuristic employs five different criteria to decide
which unserviced edge (vi, vj) ∈ ER will be serviced next: (1) minimize
c(vi, vj)/d(vi, vj); (2) maximize c(vi, vj)/d(vi, vj); (3) minimize cost of node
vj back to depot node; (4) maximize cost of node vj back to depot node; (5)
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use criterion 4 if vehicle has more than half capacity, otherwise use criterion
3. An instance is solved five times, using the five different criteria, then the
best solution is returned. The reason for five different criteria is explained
by the authors as because it often generates five very different solutions thus
increasing the chances to generate a good one.

A modified version of path-scanning was proposed by Pearn [25] by se-
lecting one of the original five criteria at random as tie-breaking for each
time multiple unserviced edges with minimum distance are identified. This
heuristic will be called path-scanning with random criteria (PS-RC) from now
on. One of the main advantages of PS-RC is to be able to generate much
more than five different solutions because of its stochastic behavior. Re-
sults with number of executions k = 30 were published and obtained better
performance than the original path-scanning for all instances experimented.

Later, Belenguer et al. [17] proposed another modified version of path-
scanning, here called path-scanning with random edge (PS-RE), which simpli-
fies the tie-breaking decision by just randomly selecting one of the tied edges.
The authors compared the performance of PS-RE and PS-RC on benchmark
instances and found the performance of both heuristics for k = 20 and k = 50
to be fairly similar.

Finally, Santos et al. [18] proposed the path-scanning with ellipse rule
(PS-Ellipse) that works similarly to PS-RE but also considers an “ellipse
rule”. This rule triggers when the vehicle remaining capacity is low enough
and restricts the vehicle to service only a subset of edges that are within
an ellipse. The PS-Ellipse produced far better solutions than its precedents
PS-RE and PS-RC with a minor increase in computational time. A detailed
description of PS-Ellipse is provided next.

Let ned = |ER| be the number of required edges, td =
∑

(vi,vj)∈ER
d(vi, vj)

be the total demand, tc =
∑

(vi,vj)∈ER
c(vi, vj) be the total cost of required

edges, α a real parameter, (vg, vh) the last serviced edge in the route, SP (vp, vq)
the shortest path cost from node vp to node vq, rvc the remaining vehicle
capacity and v0 the depot node. The heuristic starts with an empty vehicle
at the depot and iteratively it inserts in the route the closest unserviced edge
(vi, vj) that does not violate the rvc. Tie-breaking rule selects one of the tied
edges at random. The ellipse rule is activated right after rvc satisfies the
triggering criteria (1). After the ellipse rule is triggered, the vehicle can only
service edges that are inside the ellipse with focal points vh and v0. An edge
(vi, vj) ∈ ER is inside the ellipse if inequation (2) holds. The vehicle return
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to the depot when its capacity is insufficient to service any edge inside the
ellipse. A new empty vehicle starts at depot node and the process is repeated
until all required edges are serviced.

rvc ≤ α× td/ned (1)

SP (vh, vi) + c(vi, vj) + SP (vj, v0) ≤ tc/ned+ SP (vh, v0) (2)

The rationale behind PS-Ellipse is that if the remaining vehicle capacity
is low then only edges that are close to the path from the current node
to the depot should be considered for servicing. The authors performed
computational experiments comparing PS-RC, PS-RE and PS-Ellipse on a
set of benchmark instances. The results revealed that PS-Ellipse reduced the
average deviation from lower bounds by about 44% in comparison to PS-RC
and PS-RE.

4. Path-scanning with efficiency rule

The path-scanning with efficiency rule (PS-Efficiency) is a heuristic based
on the path-scanning with ellipse rule (PS-Ellipse) proposed by Santos et
al. [18] described in Section 3.1. It constructs a set of feasible routes in a
greedy fashion, where each route is created starting from the depot and then
sequentially selecting the nearest unserviced edge (vi, vj) ∈ ER for which
the demand d(vi, vj) does not exceed the vehicle capacity. Similarly to PS-
Ellipse, when the vehicle reaches a certain load threshold it activates an
efficiency rule which restricts the vehicle to service only edges considered
“cost-efficient”.

4.1. Terminology and definitions

The terminology adopted by the algorithm is given next: ned(E ′) is the
number of required edges in the set E ′, td(E ′) =

∑
(vi,vj)∈E′ d(vi, vj) is the

total demand of set E ′, tc(E ′) =
∑

(vi,vj)∈E′ c(vi, vj) is the total cost of edges

in set E ′, rvc is the remaining vehicle capacity, α is a real parameter, (vg, vh)
is the last serviced edge in the route and v0 is the depot.

The function near(vh) is given by (3) and defines the set of unserviced
edges close enough to vh. The function SP (vi, vj) gives the shortest path
cost from node vi to node vj.
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near(vh) = {(vi, vj) ∈ ER|min{SP (vh, vi), SP (vh, vj)} ≤ tc(ER)/ned(ER)

and (vi, vj) is unserviced} (3)

Let a route R be defined by the sequence ((u1, v1), (u2, v2), ...(un, vn)),
where each (ui, vi) is a serviced edge. The route efficiency index eff(R) is
given by equation (4), where the numerator is the demand serviced and the
denominator is the distance traversed including the return to the depot. In
summary, eff(R) is the ratio of the demand serviced by distance traversed
of route R.

eff(R) =

∑n
i=1 d(ui, vi)

SP (v0, u1) +
∑n

i=1 c(ui, vi) +
∑n−1

i=1 SP (vi, ui+1) + SP (vn, v0)
(4)

4.2. Efficiency rule

The load threshold that activates the efficiency rule is given by the trig-
gering criteria (5). If near(vh) is empty, the algorithm adopts inequation (1)
instead of (5).

rvc ≤ α× td(near(vh))/ned(near(vh)) (5)

Once the vehicle achieves the load threshold, the vehicle is constrained
to service only edges (vi, vj) ∈ ER satisfying the efficiency rule (6).

d(vi, vj)

SP (vh, vi) + c(vi, vj) + SP (vj, v0)− SP (vh, v0)
≥ eff(R) (6)

The efficiency rule only allows edges to be serviced by the route if their
demand compensates for the increase of the route cost; we call these edges
cost-efficient. More precisely, the route efficiency index eff(R) is not allowed
to decrease once the efficiency rule is activated. Figure 1 gives an example
with three required edges (vi, vj), (vk, vl) and (vm, vn). In this example, only
the edges (vi, vj) and (vm, vn) are satisfying the efficiency rule.

After the determination of the cost-efficient edges, the algorithm selects
the closest one to the vehicle that does not exceed the rvc to be serviced next.
Ties are broken randomly. If the vehicle capacity is insufficient to service
any cost-efficient edge then the vehicle returns to the depot. If there are still
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unserviced edges, a new vehicle is employed and the process is repeated. The
PS-Efficiency pseudocode is given by Algorithm 1.

v0

vh

vi vj

vk vI

vm vn

d(vi,vj)=3

d(vk,vl)=1

d(vm,vn)=1

SP(vn,v0)=2

SP(vl,v0)=3

SP(vj,v0)=4

SP(vh,vm)=1

SP(vh,vk)=1

SP(vh,vi)=1

SP(vh,v0)=3

serviced edge traversed shortest path

shortest pathcost-efficient edge

cost-inefficient edge
depot node (v0)

c(vi,vj)=1

c(vm,vn)=1

c(vk,vl)=1

current node (vh)

Figure 1: Example of efficiency rule for a route R with eff(R) = 1.

A comparison between PS-Ellipse and PS-Efficiency is provided next:

1. Comparing the triggering criteria (1) and (5), the latter considers only
unserviced edges that are close to the current node while the former
considers all edges. The reasoning for adopting the dynamic criteria
(5) instead of the static criteria (1) is that edges which are distant from
the current node are often less relevant to decision making.

2. Comparing the restricting rules (2) and (6), the efficiency rule (6)
considers dynamic information about the current route expressed by the
efficiency index eff(R). On the other hand, ellipse rule (2) relies solely
on static information of the instance. The rationale of the efficiency
rule is that optimal CARP solutions are composed of routes with high
efficiency indices.
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Regarding computational complexity, PS-Efficiency can be implemented
in the same worst-case time complexity as PS-Ellipse. From Algorithm 1,
the most expensive computational step relies is the determination of the set
F of candidate edges, which has O(|ER|) linear complexity on the number
of required edges. That step is present in both PS-Ellipse and PS-Efficiency,
and since it is repeated |ER| times for each solution and k solutions are
generated, the whole procedure has O(k|ER|2) time complexity.
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Algorithm 1: PS-Efficiency
Input: G(V,E): instance graph; D: vehicle capacity; c: cost vector; d: demand

vector; SP: matrix of shortest path costs; α: real parameter; k: number of
iterations;

Output: bestSol: best solution found;
begin

bestSol← ∅;
for it = 1 to k do

sol← ∅; R← {v0}; rvc← D; vh ← v0; sumDist← 0; rule← false;
for n = 1 to ned do

if near(vh) 6= ∅ and inequation (5) is satisfied then
rule← true;

else if near(vh) = ∅ and inequation (1) is satisfied then
rule← true;

if rule is false then
Determine set of candidate edges F ⊆ ER;

else
Determine set of candidate edges F ⊆ ER satisfying (6);

if F = ∅ then
sol← sol ∪ (R ∪ {v0}); // end of route
R← ∅; rvc← D; vh ← v0;
sumDist← 0; rule← false;

else
Select (vi, vj) randomly from F and add it to R; // edge is

serviced
sumDist← sumDist+ SP (vh, vi) + c(vi, vj) ;
rvc← rvc− d(vi, vj); vh ← vj ;
eff(R)← (D − rvc)/(sumDist+ SP (vh, v0));

if (cost(sol) < cost(bestSol)) or bestSol = ∅ then
// If current solution is the better so far
bestSol ← sol;

return (bestSol);
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5. Computational experiments

5.1. Settings and instances

The heuristics in Table 1 were implemented in C++ using the LEMON
[31] library for graph algorithms and data structures. The experiments were
executed in an Intel Core i7-6700K 4.0 GHz with 8 GB of RAM and Linux 64-
bit operating system. Full experimental data, instances and the algorithms
source codes are available on-line1.

Table 2 presents the data concerning the instances benchmark considered
in the experiments, which includes 23 gdb[16], 34 val [32], 24 egl [33], 25 C
[34], 25 D [34], 25 E [34], and 25 F [34] instances, totaling 181 instances.

Table 1: Path-scanning algorithms.

Algorithm Triggering criteria Restricting rule Tie-breaking

PS-RC (Section 3.1) - - random criteria

PS-RE (Section 3.1) - - random edge

PS-Ellipse (Section 3.1) static (1) ellipse rule (2) random edge

PS-Efficiency (Section 4) dynamic (5) efficiency rule (6) random edge

PS-Alt1 (Section 5.3) static (1) efficiency rule (6) random edge

PS-Alt2 (Section 5.3) dynamic (5) ellipse rule (2) random edge

Table 2: Benchmark instances for CARP.
group |V | |E| |ER|
gdb 7-27 11-55 11-55

val 24-50 34-97 34-97

egl 77-140 98-190 51-190

C 32-97 42-140 32-107

D 32-97 42-140 32-107

E 26-97 35-142 28-107

F 26-97 35-142 28-107

1http://www.ic.unicamp.br/~fusberti/problems/carp
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5.2. Comparative performance analysis

The results presented in Table 3 compare the PS-Efficiency with three
path-scanning methods from literature: PS-RC [25], PS-RE [17] and PS-
Ellipse [18]. Each heuristic was evaluated considering multiple values of
number of iterations k. Regarding PS-Ellipse and PS-Efficiency, multiple
values of parameter α were considered. The results are shown in percentage
of the average deviation from lower bounds, defined as: 100(UB−LB)/LB,
where UB is the solution cost and LB is the lower bound given by [14].
Comparing PS-Efficiency and PS-Ellipse for each k and α, the best deviations
are highlighted in bold. Over all heuristics and parameters, the best results
were underlined.

Overall comparison. Table 3 shows that the heuristics PS-Efficiency and
PS-Ellipse clearly outperformed by a great margin the PS-RC and PS-RE
heuristics. For all sets of instances, the average deviations obtained by PS-
Efficiency and PS-Ellipse with k = 1000 are better than those obtained by
PS-RC and PS-RE with k = 20000.

The best overall value of α for PS-Ellipse was α = 1.5 and for PS-
Efficiency was α = 3.0. Considering k = 20000, the heuristics PS-RE,
PS-Ellipse(α = 1.5) and PS-Efficiency(α = 3.0) reduced the PS-RC over-
all deviation from lower bounds by 1.41%, 43.12% and 54.06%, respectively.

PS-Efficiency vs. PS-Ellipse. In comparison to PS-Ellipse(α = 1.5), the
PS-Efficiency(α = 3.0) reduced the overall deviation from lower bounds by
15.79%, 17.08% and 23.91% for k 1000, 10000 and 20000, respectively.

The most significant reduction, considering the results for k = 20000, was
reported for the gdb instances where the deviation from lower bound was
reduced from 0.88% to 0.66% (reduction of 25%) and the least significant
reduction was observed for the D instances from 4.45% to 4.11% (reduction
of 7.64%).
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Table 3: Computational experiment results.

group k PS-RC(k) PS-RE(k) PS-Ellipse(k, α) PS-Efficiency(k, α)

α : 1.0 1.5 2.0 2.5 3.0 3.5 α : 1.0 1.5 2.0 2.5 3.0 3.5

gdb 1000 3.95 3.77 1.63 1.50 1.98 1.92 4.83 7.82 1.38 1.12 1.15 1.30 1.69 1.78

10000 2.65 2.15 1.10 1.02 1.34 1.22 3.52 6.44 1.12 0.67 0.80 0.82 0.99 1.07

20000 2.21 2.06 1.04 0.88 1.25 1.22 3.46 6.18 1.02 0.66 0.74 0.72 0.87 1.04

val 1000 8.42 8.35 6.12 5.38 5.10 5.26 6.03 8.17 6.29 5.55 4.63 4.79 4.71 4.76

10000 5.85 6.29 4.37 3.70 3.42 3.53 4.23 6.31 4.42 3.94 3.14 3.31 3.08 2.92

20000 5.60 5.81 3.82 3.38 3.12 3.26 3.98 5.88 3.86 3.43 2.88 2.83 2.58 2.83

egl 1000 16.64 16.43 8.59 9.02 12.04 15.05 19.96 25.32 8.24 7.49 7.36 7.66 7.65 7.79

10000 15.32 15.29 7.30 7.67 10.22 13.32 18.62 23.67 7.05 6.65 6.44 6.52 6.49 6.60

20000 14.92 15.00 7.05 7.51 10.01 12.62 18.20 23.33 6.85 6.32 6.22 6.41 6.37 6.45

C 1000 16.08 16.27 10.40 9.28 9.50 10.03 10.45 12.65 9.44 8.92 9.20 8.83 9.45 9.01

10000 13.39 12.99 7.40 7.27 7.28 7.29 8.64 9.99 7.65 6.89 6.88 6.49 7.07 6.84

20000 12.76 12.22 7.26 6.71 6.64 6.60 8.20 9.77 6.99 6.50 6.58 5.85 6.26 6.49

D 1000 12.15 12.30 10.16 9.40 8.48 7.74 7.68 7.20 9.69 8.42 7.24 6.69 6.55 6.73

10000 9.23 9.45 6.74 6.28 5.91 5.66 5.35 4.97 6.44 5.76 4.97 4.45 4.61 4.66

20000 8.77 8.85 6.26 5.71 5.33 5.03 4.92 4.45 5.77 5.12 4.42 4.11 4.42 4.22

E 1000 16.10 16.18 10.90 10.06 9.91 10.05 11.56 12.62 9.89 9.44 8.36 7.97 7.95 8.21

10000 13.09 12.60 8.04 7.68 7.72 7.98 9.25 10.25 7.70 7.16 6.50 6.44 5.85 6.06

20000 12.57 11.96 7.34 7.16 6.70 7.38 8.55 9.77 7.12 6.46 5.70 5.76 5.56 5.56

F 1000 12.34 11.53 10.04 8.92 8.96 8.47 8.64 7.75 9.39 8.46 8.63 8.39 7.10 7.02

10000 9.20 9.07 7.43 6.53 6.00 6.50 6.05 5.81 6.71 6.19 5.76 5.73 5.24 4.78

20000 8.56 8.47 6.83 6.04 5.54 5.84 5.48 5.27 5.94 5.71 5.23 5.28 4.62 4.01

overall 1000 12.12 12.00 8.23 7.60 7.90 8.24 9.69 11.44 7.75 7.05 6.61 6.48 6.40 6.43

10000 9.67 9.57 6.02 5.68 5.88 6.37 7.76 9.43 5.84 5.30 4.88 4.78 4.71 4.65

20000 9.23 9.10 5.54 5.25 5.36 5.81 7.26 9.00 5.21 4.75 4.45 4.36 4.24 4.29

In bold: the best results for each α comparing PS-Efficiency and PS-Ellipse.

In underline: the best results regarding all algorithms.
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Consistency Analysis. The results of PS-Efficiency and PS-Ellipse for
each value of k and α show that PS-Efficiency performed better for every set
of instances with the exception of gdb instances with α = 1.0 and k = 10000;
and val instances with α ≤ 1.5. Therefore, the performance of PS-Efficiency
was consistently better for almost all instances and parameters considered.

Robustness Analysis. Table 3 shows PS-Efficiency as much more parameter-
robust than PS-Ellipse for all sets of instances. Let a variation factor for each
heuristic be given by: 100 × (maxGAP −minGAP )/minGAP , where maxGAP

is the largest deviation obtained in the experiment considering all values of
α and minGAP the smallest. The overall variation factor with k = 20000
for PS-Ellipse is 71.42% while the same factor for PS-Efficiency is 22.87%.
In special, the set of instances egl with k = 20000 presents the highest dif-
ference between variation factors, where PS-Ellipse obtained 230.92% and
PS-Efficiency obtained 10.12%.

5.3. Effect of triggering criteria and restricting rule

PS-Ellipse and PS-Efficiency are two path-scanning heuristics distinguished
by their (i) triggering criteria that determines the conditions to activate a
(ii) restricting rule which restrain the set of edges that can be serviced. To
evaluate the effectiveness of these features we have compared PS-Ellipse and
PS-Efficiency with two new path-scanning heuristics, called PS-Alt1 and PS-
Alt2. These new heuristics implement alternative combinations of the trig-
gering criteria and restricting rule as shown by Table 1.

Figure 2 presents the performance profiles [35] for the PS-Ellipse, PS-
Efficiency, PS-Alt1 and PS-Alt2 heuristics. Each heuristic was executed for
all instances in Table 2 with k = 20000 and using its overall best value of
parameter α.

The performance profiles give the percentage of instances that each heuris-
tic has obtained whose solutions costs deviate at most a given amount from
the best solutions costs obtained among all heuristics. The deviations from
the best are calculated by taking (UB − UBbest)/UBbest, where UB is the
solution cost obtained by the heuristic and UBbest is the best solution cost
obtained among all heuristics. The experiment aims to show the impact of
each feature embedded in PS-Efficiency.

Figure 2 shows that PS-Efficiency obtained the best solutions for 60% of
the instances while PS-Alt1 obtained the best solutions for 40% of instances.
Tied in the last place, PS-Ellipse and PS-Alt2 obtained the best solutions
for 20% of the instances.
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Figure 2: Comparative experiment of path-scanning algorithms.

Considering that PS-Efficiency and PS-Alt1 both use the same restricting
rule and diverge only by their triggering criteria, it is possible to infer from
the results that the efficiency rule is a key factor for the better performance
of these methods in comparison to PS-Ellipse and PS-Alt2.

Observing the performance of PS-Alt2 in Figure 2, it is revealed that
the dynamic triggering criteria was ineffective when used in combination
with the ellipse rule. This indicates that there is a synergy between the
dynamic triggering criteria and the efficiency rule, thus both features should
be employed together so as to achieve the best outcome.

5.4. Computational times

Table 4 shows the CPU average processing times required by the heuris-
tics for each set of instances considering k = 20000. The PS-RC and PS-RE
have the overall smallest processing times, while PS-Ellipse consumed less
computing time than PS-Efficiency. This can be explained by the fact that
the dynamic information used by PS-Efficiency requires often updates, such
as identifying nearby unserviced edges and computing the route efficiency
index. On the other hand, PS-Ellipse uses only static information from the
graph thereby requiring less computation. The PS-Alt1 and PS-Alt2 process-
ing times are positioned between PS-Ellipse and PS-Efficiency as expected
since they combine features of both methods.
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Table 4: Computational experiment average processing times for k = 20000.

group PS-RC PS-RE PS-Ellipse PS-Efficiency PS-Alt1 PS-Alt2

gdb 0.76 0.70 0.74 1.19 0.91 1.08

val 2.16 2.04 2.18 3.08 2.52 3.04

egl 6.02 5.94 7.70 11.82 9.53 10.12

C 2.34 2.27 2.63 3.90 3.03 3.60

D 2.20 2.12 2.27 3.15 2.55 3.12

E 2.20 2.16 2.45 3.69 2.88 3.38

F 2.08 1.98 2.06 2.91 2.38 2.88

overall 2.52 2.44 2.82 4.18 3.35 3.84

Average processing time in seconds (s).

Another important pattern is that the processing time of PS-Efficiency
is approximately 1.5 times the processing time of PS-Ellipse for all sets of
instances. In other words, the observed time increase seems bounded by a
constant factor. This was expected since PS-Efficiency has the same worst-
case asymptotic time complexity as PS-Ellipse.

6. Conclusion

This paper proposed a constructive heuristic for the capacitated arc rout-
ing problem called path-scanning with efficiency rule (PS-Efficiency). This
heuristic uses a dynamically activated rule which restricts the search towards
promising candidate edges to be serviced next by the current route. The effi-
ciency rule is based on how each edge would affect the current route efficiency
calculated as the ratio of serviced demand by traversed distance.

Computational experiments conducted on a set of benchmark instances
revealed that the proposed heuristic outperformed all previous path-scanning
heuristics by a considerable margin and was found to be more parameter-
robust. Moreover, the impact of the efficiency rule was investigated and
found to be a key factor for the high performance of the PS-Efficiency heuris-
tic.

Future research can focus on assessing the effectiveness of PS-Efficiency
when applied to other routing problems, such as the vehicle routing problem
[36]. Another possible line of research is to investigate the speed-ups that
can be achieved by implementing a parallelized PS-Efficiency.
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