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Chapter 2

The pickup and delivery

traveling salesman problem

with handling costs

2.1 Introduction

In this chapter, we introduce, model and solve the pickup and delivery traveling

salesman problem with handling costs (PDTSPH). In the PDTSPH, a single vehicle

based at a central depot must fulfill a set of requests. Each request determines the

transportation of items from a specific pickup location, where the items are loaded

into the vehicle, to a specific delivery location, where the items are unloaded from

the vehicle. We consider a rear-loaded vehicle with a single (horizontal) compart-

ment that is operated in a last-in-first-out (LIFO) fashion. The compartment can be

seen as a stack, where items are placed on top of the stack at a pickup location. At a

delivery location, if an item is not on top of the stack, there are items on top blocking

the access, and handling operations are required to unload and reload the items that

blocked the access. We define a rehandling operation as the unloading and reload-

ing operations of an item at a location. Since the rehandling operations take time and

effort, penalty costs are associated with them. Figure 1 shows two feasible routes, in

which route (2.1a) requires no rehandling, whereas in route (2.1b) a rehandling op-
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eration is needed to move item 3 upon delivery of item 2. The aim of the PDTSPH is

to find a feasible route such that the total costs, consisting of travel costs and penalty

costs, are minimized.

0 1+ 1−2+ 2− 3+ 3− 0

(a)

0 1+ 1−2+ 2−3+ 3− 0

(b)

Figure 2.1: Two feasible routes, in which route (a) does not require any rehandling
operations and route (b) requires a rehandling operation. In the figure, i+ and i−

correspond to the pickup and delivery location of request i, respectively.

The PDTSPH as presented here arises in the transportation of less-than-truckload

items, and is especially faced by freight transportation companies responsible for

transporting large items that are easy to load and unload, such as cars. A typical

challenge for these companies is to define a route along all customers by finding a

trade-off between travel costs and rehandling operations. Minimizing travel costs

can result in routes with a large number of rehandling operations, whereas minim-

izing the rehandling operations may result in sub-optimal routes with respect to the

travel distance. Therefore, it is relevant for these companies to simultaneously take

both aspects into account when generating a vehicle route.

To our knowledge, the PDTSPH has not yet been studied in literature. Related is

the research of Battarra et al. (2010) and Erdoǧan et al. (2012). They propose exact and

heuristic methods for a problem that considers requests that either originate from or

destinate to the depot. This implies that all loads destined to customers are already

in the vehicle at the start of the route, and all loads originating from customers are

in the vehicle at the end of the route.

The PDTSPH is a generalization of two problems, as we will prove in Section

2.3, namely the pickup and delivery traveling salesman problem (PDTSP), and the

pickup and delivery traveling salesman problem with LIFO loading (PDTSPL). The

aim of the PDTSP is to find a vehicle route that fulfills all requests and minimizes

transportation costs. Rehandling operations are not considered in the PDTSP. Exact

and heuristic methods have been proposed for the PDTSP. Savelsbergh (1990) de-

scribes different local search algorithms, Healy and Moll (1995) propose an extension
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of traditional improvement algorithms, and Renaud et al. (2000) develop a two-stage

heuristic consisting of a construction phase and a deletion and reinsertion phase. Dif-

ferent perturbation heuristics are proposed by Renaud et al. (2002) and Dumitrescu

et al. (2010) present a branch-and-cut algorithm. For the pickup and delivery vehicle

routing problem, a variant of the PDTSP that considers multiple vehicles, we refer to

Bent and Hentenryck (2006), and Ropke and Pisinger (2006). The aim of the PDTSPL

is to find a vehicle route that completes all requests and minimizes transportation

costs, while prohibiting rehandling operations. This implies that a vehicle can only

visit a delivery location if the corresponding item is on top of the stack. Exact and

heuristic methods have been proposed for the PDTSPL. Cassani and Righini (2004)

propose a variable neighborhood descent heuristic, Carrabs et al. (2007b) introduce

a variable neighborhood search (VNS) heuristic, Carrabs et al. (2007a) propose a

branch-and-bound algorithm, Cordeau et al. (2010b) develop a branch-and-cut al-

gorithm, Li et al. (2011) present a VNS heuristic based on a tree representation, Côté

et al. (2012b) describe a large neighborhood search heuristic, and Wei et al. (2015)

propose a VNS with a different perturbation operator. We refer to Cherkesly et al.

(2015b) and Benavent et al. (2015) for the pickup and delivery problem with LIFO

loading, a variant of the PDTSPL that considers multiple vehicles.

The contribution of this chapter is fourfold: (1) we formally describe and formu-

late the PDTSPH, (2) we prove that the problem is a generalization of the PDTSP

and of the PDTSPL, and (3) we derive a heuristic solution method to efficiently solve

the problem and its special cases. Namely, we propose a large neighborhood search

(LNS) metaheuristic, that includes new removal operators, and is shown to provide

good quality solutions. (4) As a part of extensive computational results on bench-

mark instances for the PDTSP, the PDTSPL, and for the newly defined PDTSPH, we

provide new best known solutions on 52 instances for the PDTSP and on 15 instances

for the PDTSPL.

The remainder of this chapter is structured as follows. In Section 2.2, we develop

a binary integer programming formulation for the PDTSPH. In Section 2.3, we prove

that the PDTSPH is a generalization of the PDTSP and the PDTSPL. Section 2.4 de-

scribes the proposed LNS heuristic. Section 2.5 reports the experimental setting and

the results of extensive computational experiments performed on the three classes of

problems, followed by conclusions in Section 2.6.
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2.2 Mathematical formulation

The PDTSPH is defined on a directed graph G = (V,A), where V is the set of nodes

and A is the set of arcs. Let n be the number of requests. The set of nodes is given

by V = {0, 1, . . . , 2n}, where 0 corresponds to the depot, P = {1, . . . , n} is the set of

pickup nodes, and D = {n+ 1, . . . , 2n} is the set of delivery nodes. Let V ′ = V \{0}
be the set of nodes excluding the depot, and let A′ be the subset of arcs having both

endpoints in V ′. Each request i is associated to a pickup node i ∈ P and a delivery

node (n + i) ∈ D, graphically denoted by i+ and i−, respectively. For convenience,

we also refer to the set P as the set of requests. Each request corresponds to the

transportation of one item. The travel cost of arc (i, j) ∈ A corresponds to the travel

distance and is given by cij . We assume that cij satisfies the triangle inequality. A

rehandling operation consists of unloading and reloading an item at a location. We

only allow an item to be unloaded and reloaded when it is blocking the delivery

operation, i.e., if an item is on top of the item to be delivered. We assume that the

reloading sequence is the inverse of the unloading sequence, i.e., the relative posi-

tions of the items remain the same. This limitation will be lifted at a later point in

this chapter. The penalty cost associated to a rehandling operation is fixed and given

by h. The number of handling operations corresponding to loading the items at their

pickup locations and unloading them at their delivery locations is constant and can-

not be avoided. Therefore, without loss of generality, in our formulation no penalty

costs are associated to them.

The flow based formulation of the binary integer program for the PDTSPH is

based on the model of Erdoǧan et al. (2009) for the PDTSP. Let xij be a binary variable

equal to one if and only if arc (i, j) ∈ A is traveled by the vehicle. Let y1
ijk, y2

ijk and

y3
ijk be three binary flow variables. Variable y1

ijk is equal to one if and only if arc

(i, j) ∈ A is on the partial path from node 0 to node k; variable y2
ijk is equal to one if

and only if arc (i, j) ∈ A is on the partial path from node k to node n+k; variable y3
ijk

is equal to one if and only if arc (i, j) ∈ A is on the partial path from node n + k to

node 0. We introduce binary variables rkl, ∀k ∈ P , l ∈ D, equal to one if and only if

item k is unloaded and reloaded at delivery node l. The total number of rehandling

operations at delivery node l ∈ D is equal to
∑
k∈P rkl, which is equal to the number

of items that block access, i.e., all items on top of item l − n in the stack. Then, the
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PDTSPH is formulated as:

min
∑

(i,j)∈A

cijxij + h
∑
k∈P

∑
l∈D

rkl (2.1)

s.t.
∑

j:(i,j)∈A

xij = 1 ∀i ∈ V (2.2)

∑
i:(i,j)∈A

xij = 1 ∀j ∈ V (2.3)

∑
j:(i,j)∈A

y1
ijk −

∑
j:(j,i)∈A

y1
jik =


1 if i = 0

−1 if i = k

0 otherwise

∀i ∈ V, k ∈ P (2.4)

∑
j:(i,j)∈A

y2
ijk −

∑
j:(j,i)∈A

y2
jik =


1 if i = k

−1 if i = n+ k

0 otherwise

∀i ∈ V, k ∈ P (2.5)

∑
j:(i,j)∈A

y3
ijk −

∑
j:(j,i)∈A

y3
jik =


1 if i = n+ k

−1 if i = 0

0 otherwise

∀i ∈ V ′, k ∈ P (2.6)

y1
ijk + y3

ijk = xij ∀(i, j) ∈ A\A′, k ∈ P (2.7)

y1
ijk + y2

ijk + y3
ijk = xij ∀(i, j) ∈ A′, k ∈ P (2.8)

rkl ≥
∑

i:(i,l−n)∈A′
y2
i,l−n,k −

∑
i:(l,i)∈A′

y2
lik ∀k ∈ P, l ∈ D (2.9)

rkl ∈ {0, 1} ∀k ∈ P, l ∈ D (2.10)

xij ∈ {0, 1} ∀(i, j) ∈ A (2.11)

y1
ijk, y

3
ijk ∈ {0, 1} ∀(i, j) ∈ A, k ∈ P (2.12)

y2
ijk ∈ {0, 1} ∀(i, j) ∈ A′, k ∈ P. (2.13)

The objective function (2.1) minimizes the total costs, consisting of the travel costs

and penalty costs associated to the rehandling operations. Constraints (2.2) and (2.3)

are standard degree constraints. Constraints (2.4) ensure that there is a path from

the depot to each pickup node. Due to constraints (2.5), the pickup node of a request

is visited before its corresponding delivery node. Constraints (2.6) ensure that there
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is a path from each delivery node to the depot. Moreover, constraints (2.4)–(2.6)

eliminate subtours. Constraints (2.7) and (2.8) couple the overall routing variables

with the flow variables. Constraints (2.9) are introduced for this specific problem

and ensure that variables rkl are equal to one if item k ∈ P is on top of item l − n
when arriving at delivery node l ∈ D. When minimizing the objective function (2.1),

variable rkl will be equal to one if and only if a rehandling operation is associated to

item k at delivery node l. Constraints (2.10)–(2.13) define the domain and nature of

the variables.

2.3 Special cases of the PDTSPH

In this section, we prove that the PDTSPH is a generalization of both the PDTSP,

where rehandling operations are not considered, and the PDTSPL, where rehandling

operations are not allowed. First, we prove that the PDTSP and the PDTSPH with

penalty cost h = 0 are equivalent. Then, we show that the PDTSPL and the PDTSPH

with h > 2 max
k∈P

ck,n+k are equivalent. At the end, we compare the size of the feasible

solution space of the PDTSPH, the PDTSP and the PDTSPL.

Theorem 2.1. The PDTSP is equivalent to the PDTSPH with h = 0.

Proof. Let a problem instance be given. Then, if we set h = 0 for the PDTSPH, the

objective of the PDTSPH and the objective of the PDTSP are to minimize travel costs

and constraints (2.9) become redundant. Hence, it can easily be seen that the PDTSP

is equivalent to the PDTSPH with h = 0.

Theorem 2.2. The PDTSPL is equivalent to the PDTSPH with h > 2 max
k∈P

ck,n+k.

Proof. Let a problem instance be given. By contradiction, assume there exists an

optimal solution to the PDTSPH with h > 2 max
k∈P

ck,n+k and k′ ∈ P , l ∈ D such that

rk′l > 0. Let this solution be represented by s∗ = (0, . . . , k′, . . . , n+k′, . . . , 2n+1). Let

s′ be the route derived from route s∗, where node n+ k′ is visited directly after node

k′, that is s′ = (0, . . . , k′, n + k′, . . . , 2n + 1). Since the triangle inequality holds, the

objective value f of solution s′ can be expressed by f(s′) ≤ f(s∗) + 2ck′,n+k′ − h <
f(s∗) + 2ck′,n+k′ − 2 max

k∈P
ck,n+k ≤ f(s∗). This contradicts the assumption that s∗

is optimal. Hence, there does not exist k′ ∈ P , l ∈ D such that rk′l > 0. Hence,

an optimal solution to the PDTSPH with h > 2 max
k∈P

ck,n+k does not contain any
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rehandling operations. Therefore, it can easily be seen that the PDTSPL is equivalent

to the PDTSPH with h > 2 max
k∈P

ck,n+k.

The feasible solution space of the PDTSP has the same size as that of the PDTSPH,

whereas the feasible solution space of the PDTSPL is only a small subset of the solu-

tion space of the PDTSPH. The number of feasible solutions with n requests for the

three problem classes are given in Table 2.1, which is based on Table 1 given in

Cordeau et al. (2010b). The incorporation of the handling costs in the PDTSP in-

creases its difficulty. This is due to an extra set of constraints required to keep track

of the rehandling operations.

Table 2.1: The number of feasible solutions for n requests.

n PDTSPH PDTSP PDTSPL
1 1 1 1
2 6 6 4
3 90 90 30
4 2,520 2,520 336
5 113,400 113,400 5,040
6 7,484,400 7,484,400 95,040
7 681,080,400 681,080,400 2,162,160
8 81,729,648,000 81,729,648,000 57,657,600

2.4 Large neighborhood search heuristic

In this section, we present our large neighborhood search (LNS) heuristic for the

PDTSPH. The concept of LNS was introduced by Shaw (1998) for the vehicle routing

problem with time windows. It has been extended and successfully applied to many

different routing problems, see, e.g., Azi et al. (2014), Côté et al. (2012b), and Mas-

son et al. (2013). The general structure of the LNS heuristic is to iteratively destroy

and repair a solution in order to improve it, as depicted in Algorithm 1. The pro-

cedure starts with an initial solution (line 1). Several operators are used to iteratively

destroy and repair the current solution (lines 5–6). The acceptance of a solution is de-

termined by a simulated annealing-based acceptance criterion (line 10) (Kirkpatrick

et al., 1983). The procedure continues until a stopping criterion is met (line 3).
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Algorithm 1: Structure of the LNS heuristic.

1 Construct initial solution S;
2 SBEST = S;
3 while stopping criterion is not met do
4 S′ = S;
5 Remove q requests from S′;
6 Reinsert removed requests in S′;
7 if f(S′) < f(SBEST ) then
8 SBEST = S′;
9 end

10 if Accept(S′, S) then
11 S = S′;
12 end
13 end

Result: SBEST ;

Details about the initial solution are provided in Section 2.4.1, the list of removal

operators is presented in Section 2.4.2, the reinsertion procedure is described in Sec-

tion 2.4.3, and the acceptance and stopping criterion are detailed in Section 2.4.4.

Section 2.4.5 discusses the applicability of the LNS on the PDTSPH under different

reloading policies.

2.4.1 Initial solution

The route corresponding to the initial solution is constructed incrementally, starting

from a route consisting of only the depot. For each request, the costs for inserting

the pickup and delivery node at their best positions are calculated. The pickup and

delivery nodes corresponding to the request with the smallest cost increase are in-

serted in their best positions. The procedure continues until all pickup and delivery

nodes are inserted in the route. This procedure corresponds to the basic greedy heur-

istic proposed by Ropke and Pisinger (2006).

2.4.2 Removal operators

At each iteration, the current solution is modified by removing and later reinserting

the pickup and delivery nodes corresponding to a set of requests. The number of

requests to be removed is set equal to q, which is a random number dependent on

the instance size. One of several removal operators is randomly selected and it de-
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termines the specific set of requests to be removed from the solution. We propose

five different operators. Two of them, the random removal operator and the worst

removal operator, are described by Ropke and Pisinger (2006). The three other oper-

ators are newly introduced: the worst distance removal and the worst handling removal

operators, which are based on the worst removal operator mentioned before; and the

block removal operator, which is inspired by the relocate-block operator introduced by

Cassani and Righini (2004). These five operators are now described.

Random removal

The random removal operator randomly selects q requests and removes the pickup

and delivery nodes corresponding to them.

Worst removal

In the worst removal operator, introduced by Ropke and Pisinger (2006), the cost of

a request k ∈ P in route s is given by ck(s) = f(s) − f−k(s), i.e., the objective

value of the route minus the objective value of the route after removing nodes k

and n + k. The selection of q requests is done randomly, and the probability of

selecting a request increases with the costs. This is done as follows. Let L be the

array of all requests sorted by descending cost. Let y be randomly drawn from the

interval [0,1). Request r = L[dyp|L|e] is selected, where p is a parameter defined

in the experimental setting. Request r is removed from array L. The procedure

continues until q requests are selected. After the selection of q requests, the pickup

and delivery nodes corresponding to these requests are removed from the route.

Worst distance removal

The worst distance removal operator is based on the worst removal operator. The cost

of a request k ∈ P is given by c̃k(s) = fd(s) − fd−k(s), where fd(s) corresponds to

the distance costs of route s. The selection of q requests is done at random, and the

probability of selecting a request increases with the costs, as previously explained.

The pickup and delivery nodes corresponding to the selected requests are removed

from the solution.
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Worst handling removal

The worst handling removal operator works similar to the worst distance removal op-

erator, but with the costs based on penalty costs for rehandling operations instead of

routing distances.

Block removal

The block removal operator randomly selects one request k ∈ P . The requests for

which the pickup and/or delivery nodes are between nodes k and n + k are also

selected. The pickup and delivery nodes corresponding to the selected requests are

removed from the solution. If the number of involved requests exceeds q, we limit

the number of removed requests to the first q requests, since we do not want to

destroy too much of the route.

2.4.3 Insertion operator

The insertion operator reinserts requests in the route that were previously removed

by the removal operators. The insertion of pickup and delivery nodes is compu-

tationally intensive, because it not only requires the computation of the difference

in routing costs, but also the calculation of the difference in rehandling operations.

In our LNS heuristic, we only apply the greedy insertion operator. Preliminary ex-

periments have shown that incorporating other operators such as the basic greedy

heuristic and the regret heuristic proposed in Ropke and Pisinger (2006) do not lead to

significant improvements, while increasing the computation time significantly.

The greedy insertion operator randomly determines the sequence of the requests

to be inserted. Then, based on this sequence, the pickup and delivery nodes corres-

ponding to the current request are each inserted at their best position.

2.4.4 Acceptance and stopping criterion

In a given iteration, a new solution is accepted if it is better than the current solu-

tion. If the new solution is worse than the current solution, the acceptance of the

new solution is determined by a simulated annealing criterion (Kirkpatrick et al.,

1983). Given the current solution s, a new solution s′ is accepted with probability

e−(f(s′)−f(s))/T , where f(s) denotes the objective value of solution s, and T > 0 is
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the temperature at the given iteration. At the start of the solution procedure the

temperature is set to Tstart, after which the temperature decreases each iteration by

T = c · T , where 0 < c < 1 is the cooling rate. The stopping criterion is based on

the number of iterations performed. The maximum number of iterations, and the

values for the parameters Tstart and c, are determined by the experiments reported

in Section 2.5.

2.4.5 Reloading policies

At a delivery location, the items that need rehandling operations are unloaded from

the vehicle and reloaded afterwards. The sequence in which the items are reloaded

is determined by the reloading policy. The LNS heuristic as described in this section

can be applied to the PDTSPH under different reloading policies by computing the

number of rehandling operations accordingly. We consider the PDTSPH under two

different reloading policies. For reloading policy 1, which we described as the base

case for the PDTSPH in Section 2.2, we assume that the reloading sequence is the

inverse of the unloading sequence. This implies that the relative position of the items

that need rehandling operations remains the same before and after the rehandling

operations. For reloading policy 2 we assume that the reloaded items are positioned

in the vehicle in the sequence in which they will be delivered, i.e., if items i1 and i2

have to be reloaded and delivery location i−1 is visited before delivery location i−2 ,

item i1 is positioned on top of item i2 in the stack. In Section 2.5.5, we investigate the

effect of the reloading policies on the total costs.

2.5 Computational experiments

The LNS heuristic was coded in Java and the experiments were performed on a com-

puter with an Intel(R) Core(TM) i3-2120 processor running at 3.3 GHz. The mathem-

atical model in Section 2.2 was implemented in AIMMS 4.9 and solved using CPLEX

12.6.2. We describe the parameter setting for the LNS heuristic in Section 2.5.1. In

Section 2.5.2 we evaluate the effect of the removal operators. In Section 2.5.3 we

compare the results obtained by the LNS heuristic with the results of a branch-and-

bound algorithm applied to the binary integer program from Section 2.2 on small

instances of the general PDTSPH. An evaluation of the trade-off between the routing
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costs and penalty costs corresponding to the rehandling operations is presented in

Section 2.5.4. The effect of the reloading policies is given in Section 2.5.5. In Section

2.5.6 we compare the results obtained by the LNS heuristic with the results reported

in the literature on special cases of the problem, namely the PDTSP and the PDTSPL.

2.5.1 LNS parameter settings

For the purpose of tuning the parameters of our heuristic, we created a test set of

PDTSPH problems. This test set contains 96 instances with up to 101 nodes, which

are derived from 24 instances of the set of Carrabs et al. (2007b). These were in

turn derived from the six instances fnl4461, brd14051, d15112, d18512, nrw1379, and

pr1002 of TSPLIB (Reinelt, 1991). For each of the 24 instances, we have created four

new instances by setting the penalty cost of a rehandling operation to 0, 10, 100 and

100,000. This makes sure that we have instances for the PDTSP, if the penalty cost

is set to 0, for the PDTSPL, if the penalty cost is set to 100,000, and something in

between. We have modified the instances by interchanging the delivery locations

corresponding to the requests as follows. The delivery location corresponding to

item i ∈ P, i 6= n, is matched with the pickup location of item i+ 1, and the delivery

location corresponding to item i = n is matched with the pickup location of item

i = 1.

We start our parameter tuning by setting the parameters based on settings from

literature. Based on Ropke and Pisinger (2006), the start temperature is set such that

the probability of accepting a solution that is 5% worse than the current solution

is equal to 0.5 and the cooling rate c at 0.999875716 such that the temperature at

the last iteration is 0.2% of the start temperature. The parameter p is set to 3. The

number of removed requests in one iteration q is a random value in the interval

[min{30, 0.20n},min{50, 0.55n}], which is based on the experiments in Côté et al.

(2012b). Based on preliminary analysis, we set the number of iterations to 50,000,

which results in a good balance between solution quality and computation time.

We have validated this parameter setting by changing each of the parameter val-

ues individually to smaller and larger values, while keeping the remaining paramet-

ers fixed. We did not find significant improvements for one of the alternative para-

meter settings. Therefore, we have decided to keep the values as specified above.

The ALNS heuristic described by Ropke and Pisinger (2006) incorporates an adapt-

ive mechanism that updates the probabilities of the operators based on their per-
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formance. We observed that incorporating the adaptive mechanism in our heuristic

did not yield significant improvements.

2.5.2 Impact of the removal operators on the results

In this section, we evaluate the impact of the removal operators described in Section

2.4.2 on the results. Since smaller instances tend to be solved to optimality regardless

the operators used, we adapted the test set described in Section 2.5.1 by excluding

the 24 smallest instances and including 24 larger instances with 251 nodes. We run

the instances with the LNS heuristic for different combinations of removal operators.

First, we run the heuristics with all removal operators, then we run the heuristic

with all but one removal operator at a time. For each instance, we computed the gap

between the average objective value over 10 runs and the best found objective value

over all runs over the five combinations of removal operators. Table 2.2 reports the

average gap (in percent) over the instances for the different values of the penalty cost

h for each of the combinations of removal operators. In the table, the first column

indicates the value of h, column 2 corresponds to the results of the LNS including all

removal operators, and columns 3–7 correspond to the results of the LNS where one

of the removal operators, indicated by the name of the column, is excluded.

Table 2.2: Average gap with respect to the best found solutions when excluding dif-
ferent removal operators.

Excluded removal operator

h None Random
removal

Worst
removal

Worst
distance
removal

Worst
handling
removal

Block
removal

0 0.33% 0.33% 0.33% 0.31% 0.30% 0.57%
10 0.46% 0.51% 0.46% 0.45% 0.57% 0.55%
100 0.44% 0.45% 0.46% 0.39% 0.44% 0.45%
100,000 0.41% 0.47% 0.44% 0.43% 0.44% 0.45%

To quantify the contribution of each operator, we analyze the difference between

the percentage reported for the excluded removal operator and the reported per-

centage when no operator is excluded. For example, for h = 0 the impact of the block

removal operator is equal to 0.57% − 0.33% = 0.24%. The impact of the removal op-

erators differs between the values of h. The newly introduced block removal operator

is the most effective, since excluding it leads to worse solutions for all values of h.
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Moreover, for this operator under each value of h, the gap is larger compared to the

other operators, which emphasizes its importance and justifies its use. The value of

the other operators is present, but less pronounced. Excluding the random removal op-

erator also results in worse solutions for all values of h. Excluding the worst removal,

worst distance removal, or worst handling removal operator results in worse results for

at least one of the values of h. Since each operator has added value for certain values

of h and because the operators perform well together, we include all five removal

operators in the LNS.

2.5.3 Evaluation on small instances of the PDTSPH

We now compare the results obtained by the LNS heuristic with optimal solutions

obtained by branch-and-bound applied to the binary integer program described in

Section 2.2. We compare our results on a set of 32 small instances derived from a sub-

set of instances proposed by Carrabs et al. (2007a) for the PDTSPL. We derived our

instance set from the instances att532, brd14051, d15112, d18512, fnl4461, nrw1379,

pr1002, and ts225 by considering 19 and 23 nodes. For each of these 16 instances, we

have created two new instances by considering two different values for the penalty

cost h. These values are instance dependent and are chosen such that the problems

do not correspond to the PDTSP or the PDTSPL. For 31 out of 32 instances our LNS

found an optimal solution. For the remaining instance, the gap to the optimal solu-

tion is 0.69%. These results are presented in Table 2.3. We also observe that the av-

erage running time for the branch-and-bound algorithm was 1,444.7 seconds, while

that of our heuristic was 0.4 seconds.

Table 2.3: Results for the small PDTSPH instances.

ILP: LNS: average results LNS: best results
Instance Nodes h Cost Time (s) Cost Gap (%) Cost Gap (%) Time (s)
att532 19 10 3,911.0 37.3 3,911.0 0.00 3,911.0 0.00 0.5

19 50 4,122.0 151.1 4,122.0 0.00 4,122.0 0.00 0.3
brd14051 19 10 4,389.0 181.0 4,389.0 0.00 4,389.0 0.00 0.3

19 50 4,528.0 525.7 4,528.3 0.01 4,528.0 0.00 0.3
d15112 19 500 74,452.0 89.8 74,452.0 0.00 74,452.0 0.00 0.4

19 1,000 76,040.0 127.4 76,040.0 0.00 76,040.0 0.00 0.3
d18512 19 1 4,245.0 5.7 4,245.0 0.00 4,245.0 0.00 0.3

19 10 4,288.0 33.2 4,288.0 0.00 4,288.0 0.00 0.3
fnl4461 19 1 1,804.0 2.0 1,804.0 0.00 1,804.0 0.00 0.3

19 10 1,847.0 3.0 1,847.0 0.00 1,847.0 0.00 0.3
Continued on next page
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Table 2.3 – Continued from previous page
ILP: LNS: average results LNS: best results

Instance Nodes h Cost Time (s) Cost Gap (%) Cost Gap (%) Time (s)
nrw1379 19 10 2,553.0 25.6 2,553.0 0.00 2,553.0 0.00 0.3

19 50 2,622.0 51.8 2,622.0 0.00 2,622.0 0.00 0.3
pr1002 19 50 12,749.0 3.9 12,749.0 0.00 12,749.0 0.00 0.3

19 100 12,947.0 4.0 12,947.0 0.00 12,947.0 0.00 0.3
ts225 19 500 19,000.0 3.5 19,000.0 0.00 19,000.0 0.00 0.3

19 1,000 20,000.0 4.7 20,000.0 0.00 20,000.0 0.00 0.3
att532 23 50 4,553.0 410.6 4,553.0 0.00 4,553.0 0.00 0.6

23 100 4,748.0 2,560.6 4,748.0 0.00 4,748.0 0.00 0.5
brd14051 23 10 4,467.0 1,091.7 4,467.0 0.00 4,467.0 0.00 0.6

23 50 4,644.0 4,462.7 4,644.0 0.00 4,644.0 0.00 0.6
d15112 23 500 81,587.0 1,624.9 81,587.0 0.00 81,587.0 0.00 0.6

23 1,000 84,929.0 27,918.1 84,929.0 0.00 84,929.0 0.00 0.6
d18512 23 1 4,286.0 25.1 4,286.0 0.00 4,286.0 0.00 0.6

23 10 4,329.0 210.8 4,329.0 0.00 4,329.0 0.00 0.6
fnl4461 23 1 1,887.0 7.2 1,887.0 0.00 1,887.0 0.00 0.6

23 10 1,926.0 8.3 1,926.0 0.00 1,926.0 0.00 0.6
nrw1379 23 10 2,755.0 582.4 2,755.0 0.00 2,755.0 0.00 0.6

23 50 2,919.0 6,030.7 2,939.0 0.69 2,939.0 0.69 0.6
pr1002 23 50 13,674.0 7.4 13,674.0 0.00 13,674.0 0.00 0.7

23 100 13,872.0 10.4 13,872.0 0.00 13,872.0 0.00 0.6
ts225 23 500 23,000.0 15.0 23,000.0 0.00 23,000.0 0.00 0.5

23 1,000 24,000.0 14.7 24,000.0 0.00 24,000.0 0.00 0.5

Average 16,471.0 1,444.7 16,471.7 0.02 16,471.7 0.02 0.4

2.5.4 Evaluation of the handling costs

We have generated a data set which is a subset of the instances from the benchmark

instance sets of the PDTSP and the PDTSPL mentioned before. The instance set con-

sists of 37 instances each one containing between 71 and 101 nodes. For each of the

instances, we set 44 different penalty values. The data set is available upon request.

For each instance and for each penalty value, we have run the LNS heuristic ten

times and we have used the results with the smallest objective for the evaluation.

On average the number of rehandling operations can be decreased by 52.0% by only

increasing the travel distance by 6.0%, compared to the solutions obtained by setting

the penalty costs equal to zero. On average, a decrease in rehandling operations of

76.9% and 84.5% results in an increase in travel distance of 16.9% and 24.7%, respect-

ively. Eliminating all rehandling operations does come at a large increase in distance,

namely of 57.7%.

For six instances, the generated results are depicted in Figure 2.2, where the num-

ber of rehandling operations is plotted against the travel distance for each of the
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Figure 2.2: Illustrative examples showing the trade-off between the distance costs
and the number of rehandling operations.
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penalty values. The graph shows the trade-off between the distance and the number

of rehandling operations. For each instance, we labeled five points and show the

value of h that generated the solution with the corresponding distance and number

of rehandling operations. For a given value of h the position on the curve is instance

dependent. For each instance, at h = 0 the solution corresponds to the solution of the

PDTSP. Therefore the number of rehandling operations is highest and the distance is

lowest for h = 0 over the whole range of h-values. With an increasing value of h, the

number of rehandling operations is decreasing and the distance is increasing. At a

given value of h, which is instance dependent, the number of rehandling operations

is equal to zero and the travel distance is highest. This solution corresponds to a

solution of the PDTSPL. In Figure 2.2, the highest value of h noted for each instance

generates a solution that corresponds to the PDTSPL.

We can see, both from the average results and from the graphs in Figure 2.2, that

a large number of rehandling operations can be eliminated without significantly in-

creasing the travel distance, compared to the solutions obtained by only considering

the travel distance. Eliminating all rehandling operations requires a significant in-

crease in travel distance.
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2.5.5 Effect of the reloading policies

The previous sections presented the results for the PDTSPH under reloading policy

1, for which the reloading sequence is the inverse of the unloading sequence. In

this section, we compare the results for the PDTSPH under reloading policy 1 and

reloading policy 2. Under reloading policy 2, the reloaded items are positioned in

the sequence in which they will be delivered. This reloading policy reduces the

number of rehandling operations by preventively sorting the reloaded items. We

run the same instances as in Section 2.5.4, where we set the value of the penalty cost

h instance dependent such that they do not correspond to either the PDTSP or the

PDTSPL. In Table 2.4, the average objective value over ten runs is given for each

instance for both reloading policies. Under reloading policy 2, a maximum gain of

17.20% in objective value can be achieved, where the average improvement is equal

to 6.42%.

Table 2.4: Comparative results for the two reloading policies.

Objective value Objective value

Instance Nodes h
Reloading

policy 1
Reloading

policy 2 Gap (%) h
Reloading

policy 1
Reloading

policy 2 Gap (%)

prob35a 71 5 8,697.0 8,220.0 –5.48 50 11,735.0 10,564.0 –9.98
prob35b 71 5 8,642.0 8,316.0 –3.77 50 11,045.0 10,257.0 –7.13
prob35c 71 5 8,761.0 8,447.0 –3.58 50 11,984.0 10,906.0 –9.00
prob35d 71 5 8,931.0 8,394.0 –6.01 50 11,378.0 10,736.0 –5.64
prob35e 71 5 9,193.0 8,889.0 –3.31 50 12,202.0 11,236.0 –7.92
KROA99A 99 10 25,672.0 25,451.0 –0.86 50 27,680.0 26,805.0 –3.16
KROA99B 99 10 28,313.0 27,677.0 –2.25 50 32,237.0 30,826.0 –4.38
KROA99C 99 10 29,275.0 27,386.0 –6.45 50 35,685.0 31,606.0 –11.43
KROB99A 99 10 26,218.0 26,100.0 –0.45 50 27,597.0 27,320.0 –1.00
KROB99B 99 10 26,914.0 26,200.0 –2.65 50 29,799.0 28,769.0 –3.46
KROB99C 99 10 29,157.0 27,366.0 –6.14 50 37,311.0 32,655.0 –12.48
KROC99A 99 10 26,703.0 26,543.0 –0.60 50 28,326.0 27,914.0 –1.45
KROC99B 99 10 26,905.0 26,415.0 –1.82 50 30,116.0 28,487.0 –5.41
KROC99C 99 10 28,884.0 27,525.0 –4.71 50 35,917.0 31,107.0 –13.39
KROD99A 99 10 25,869.0 25,811.0 –0.22 50 27,169.0 27,028.0 –0.52
KROD99B 99 10 27,482.0 27,080.0 –1.46 50 30,611.0 29,445.0 –3.81
KROD99C 99 10 28,983.0 27,677.0 –4.51 50 35,824.0 32,353.0 –9.69
KROE99A 99 10 26,452.0 26,313.0 –0.53 50 27,889.0 27,614.0 –0.99
KROE99B 99 10 27,834.0 27,471.0 –1.30 100 33,231.0 31,642.0 –4.78
KROE99C 99 10 29,834.0 27,675.0 –7.24 50 36,777.0 31,853.0 –13.39
N101P1 101 1 1,095.0 920.0 –15.98 5 1,339.0 1,169.0 –12.70
N101P2 101 0.5 926.0 810.5 –12.47 1 1,070.0 886.0 –17.20
N101P3 101 0.5 946.5 844.5 –10.78 1 1,100.0 927.0 –15.73
N101P4 101 0.5 981.5 900.5 –8.25 1 1,088.0 958.0 –11.95
N101P5 101 1 1,085.0 945.0 –12.90 5 1,395.0 1,224.0 –12.26
brd14051 75 1 5,454.0 5,386.0 –1.25 10 6,210.0 5,883.0 –5.27
pr1002 75 10 32,738.0 31,638.0 –3.36 50 37,551.0 35,128.0 –6.45

Continued on next page
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Table 2.4 – Continued from previous page
Objective value Objective value

Instance Nodes h
Reloading

policy 1
Reloading

policy 2 Gap (%) h
Reloading

policy 1
Reloading

policy 2 Gap (%)

fnl4461 75 5 4,347.0 4,132.0 –4.95 10 4,794.0 4,459.0 –6.99
d18512 75 1 6,926.0 6,795.0 –1.89 10 7,613.0 7,350.0 –3.45
d15112 75 100 145,387.0 140,028.0 –3.69 500 170,419.0 161,395.0 –5.30
nrw1379 75 1 4,653.0 4,575.0 –1.68 10 5,543.0 5,188.0 –6.40
brd14051 101 1 7,354.0 7,159.0 –2.65 10 8,427.0 7,731.0 –8.26
pr1002 101 10 41,469.0 39,511.0 –4.72 50 49,157.0 44,248.0 –9.99
fnl4461 101 5 6,053.0 5,324.0 –12.04 10 6,749.0 5,685.0 –15.77
d18512 101 1 7,365.0 7,193.0 –2.34 10 8,920.0 8,029.0 –9.99
d15112 101 100 180,911.0 169,697.0 –6.20 500 226,152.0 203,957.0 –9.81
nrw1379 101 1 5,647.0 5,416.0 –4.09 10 7,376.0 6,209.0 –15.82

Average 26,911.80 25,348.37 –6.42

2.5.6 Assessment of the heuristic on related problems

We now investigate the results obtained by our LNS heuristic for the PDTSPH on

benchmark instances for the PDTSP and the PDTSPL. We compare the results for

four different instance sets.

Performance on the PDTSP

The first instance set is proposed by Dumitrescu et al. (2010). The data set contains 35

randomly generated instances with up to 71 nodes. The authors solved the problem

by branch-and-cut, which yielded optimal solutions for 28 instances. For the other

instances, the authors propose an upper bound, which is the best solution over a

large number of runs of an LNS heuristic. Consistent with literature (e.g., Carrabs

et al. (2007b), Li et al. (2011)), we have run our LNS heuristic ten times. We have

compared the average results and the best results with those obtained by Dumitrescu

et al. (2010). Comparing the average results, we see that our LNS heuristic finds

identical results for 28 instances, and on average performs 0.04% worse. Comparing

the best results over the ten runs, we find the same results as Dumitrescu et al. (2010)

for all but one instance, and for the remaining instance we improve the best known

solution by 0.11%. These results are presented in Table A.1 in Appendix A.

The second data set is proposed by Renaud et al. (2000) and consists of 108 in-

stances containing between 51 and 493 nodes, and is derived from TSP instances

from the TSPLIB (Reinelt, 1991). The data set is used to report results for the heur-
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istics proposed in Renaud et al. (2000), and Renaud et al. (2002). Moreover, Du-

mitrescu et al. (2010) report the results of either their branch-and-cut algorithm or a

heuristic upper bound on a subset of 33 of these instances. We have run our LNS

heuristic ten times and have compared the average and the best results of our LNS

heuristic with the best results obtained by Renaud et al. (2000), Renaud et al. (2002),

and Dumitrescu et al. (2010). We have received the results of Renaud et al. (2000)

and Renaud et al. (2002) from the authors upon request. In Table A.2 in Appendix

A, we report our new best known solutions for 51 instances, where the largest im-

provement is 4.84%. Over the 108 instances, the average results and the best results

over 10 runs are 0.34% and 0.75% better than the previously best known solutions,

respectively.

The third data set is proposed by Renaud et al. (2002) and contains 20 instances

that are generated from an optimal TSP tour. Ten instances contain 101 nodes, the

other ten contain 201 nodes. The branch-and-cut algorithm of Dumitrescu et al.

(2010) finds optimal solutions for all these instances. As shown in Table A.3 in Ap-

pendix A, when running our heuristic ten times, our heuristic always finds the op-

timal solution, whereas the heuristic of Renaud et al. (2002) does not find an optimal

solution for all instances.

Performance on the PDTSPL

The fourth data set used to evaluate our heuristic is proposed by Carrabs et al.

(2007b) for the PDTSPL. The set is created from instances of the TSPLIB (Reinelt,

1991) and contains 42 instances with up to 751 nodes. Results for this set of bench-

mark instances are provided in Carrabs et al. (2007b), Li et al. (2011), Côté et al.

(2012b) and Wei et al. (2015). For comparison, we provide average results over ten

runs as in Carrabs et al. (2007b), Li et al. (2011), Côté et al. (2012b) and Wei et al.

(2015). Our results are presented in Table A.4 in Appendix A. On average, the

gap between the results obtained by our LNS heuristic and the results of Carrabs

et al. (2007b), Li et al. (2011), Côté et al. (2012b) and Wei et al. (2015) are –2.44%,

–0.09% –0.43% and 0.09%, respectively. Comparing the best results obtained by our

LNS heuristic with the best known results in literature, we improve the best known

solutions for 15 instances and obtain the same best known solutions for 23 other

instances. These results are presented in Table A.5 in Appendix A.
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2.6 Conclusions

In this chapter we have introduced the pickup and delivery traveling salesman prob-

lem with handling costs. We have defined the problem and showed that it is a gener-

alization of the pickup and delivery problem and the pickup and delivery problem

with LIFO loading. A large neighborhood search heuristic is proposed for the prob-

lem, for which existing and new removal operators are introduced. The heuristic is

evaluated on benchmark instances for the PDTSP and the PDTSPL, which are spe-

cial cases of the problem. The results obtained with the LNS heuristic are often better

than the results obtained in literature having improved 52 best known solutions for

the PDTSP and 15 best known solutions for the PDTSPL. Moreover, we have shown

that for small instances of the PDTSPH, the heuristic yields optimal or near-optimal

solutions for all instances. We have studied two different reloading policies, namely

reloading policy 1, where the reloading sequence is the inverse of the unloading

sequence, and reloading policy 2, where the reloaded items are positioned in the se-

quence in which they will be delivered. We have shown that the number of rehand-

ling operations is reduced under reloading policy 2, compared to reloading policy 1.

For the instances we have studied, incorporating the penalty costs for the rehandling

operations leads to routes that have a large reduction in the number of rehandling

operations while increasing the travel distance by only a small percentage compared

to the routes obtained by only taking into account the travel distance.


