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Abstract: In this paper, a hybrid genetic algorithm (GA) is proposed for the traveling salesman problem (TSP) with pickup and
delivery (TSPPD). In our algorithm, a novel pheromone-based crossover operator is advanced that utilizes both local and global
information to construct offspring. In addition, a local search procedure is integrated into the GA to accelerate convergence. The
proposed GA has been tested on benchmark instances, and the computational results show that it gives better convergence than
existing heuristics.
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1 Introduction

The traveling salesman problem with pickup and delivery
(TSPPD) is one extension of the classical traveling sales-
man problem (TSP) where each customer to be served is
associated with two quantities of goods to be collected and
delivered, respectively. The TSPPD can be described as fol-
lows: Let G = (V0, A) be a complete and undirected graph,
where V0 = 0∪V is the customer set (with V = 1, 2, · · · , n).
Vertex 0 represents the depot, whereas the other vertices
represent the customers. Each customer i requires both a
non-zero pick-up demand p(i) that should be sent to the
depot and a non-zero delivery demand d(i) that originates
from the depot. For each edge (i, j) ∈ A, (i, j ∈ V0), a non-
negative edge cost (or distance), dij , is also given. A vehicle
with capacity Q is located at the depot. The TSPPD in-
volves determining a tour starting and ending at the depot,
and visiting each customer exactly once. In each point along
its tour, the vehicle cannot carry a total load greater than
Q. The objective is to minimize the overall length of the
tour.

The TSPPD is an important extension to the TSP, since
there are many practical applications, such as the distri-
bution system of the soft drink industry where full bottles
must be delivered and empty bottles have to be collected.

Mosheiov[1] proposed a mathematical model for the
TSPPD and the first heuristic algorithms based on the ex-
tension of heuristics for the TSP. Anily and Mosheiov[2]

proposed a new heuristic for TSPPD based on the solu-
tion of shortest spanning trees. Gendreau et al.[3] pro-
posed two heuristic algorithms for the TSPPD. The first
was based on a linear time algorithm for the optimal
solution of a special case of TSPPD arising when the
graph G is a cycle, whereas the second is based on the
tabu search approach using a two-exchange neighborhood.
Baldacci et al.[4] gave a new mathematical model for the
TSPPD based on a two-commodity network flow approach,
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and proposed a branch-and-cut algorithm for the optimal
solution of the TSPPD. Recently, Hernández-Pérez and
Salazar-González[5] put forward two heuristic algorithms for
the one-commodity pickup-and-delivery traveling salesman
problem (1-PDTSP), and the algorithms are also used to
solve the TSPPD. Their first method described a greedy
algorithm with a k-optimality criterion, while the second
heuristic algorithm was an incomplete optimization algo-
rithm based on the branch-and-cut procedure.

A correlative problem to the TSPPD is the TSP with
backhauls (TSPB, see [6] for details), where each customer
requires a pure pickup service or a pure delivery service,
and all delivery customers must be served before the pickup
customers. In addition, when the TSPPD is generalized to
a multiple vehicle version, it becomes the vehicle routing
problem (VRP) with pickup and delivery (VRPPD).

The TSPPD is NP-hard because it coincides with TSP
when the vehicle capacity is large enough. Therefore, the
development of heuristic algorithms for this problem is of
primary interest. In recent years, more and more meta-
heuristics are successfully used to solve the VRPPD, such
as tabu search[7] and ACO algorithm[8]. However, no ap-
plication of genetic algorithm (GA) for both the VRPPD
and TSPPD can be found to our knowledge. To remedy
this gap, we utilized GA, which may be the most effective
algorithm for TSP[9], to solve the TSPPD.

GA is a search algorithm based on an evolutionary prin-
ciple. Since it was first introduced by Holland[10], GA has
been successfully applied to several NP-hard combinatorial
optimization problems, such as the TSP[9], the quadratic
assignment problem (QAP)[11], the VRP[12], and the job-
shop scheduling problem (JSP)[13], because of its simplicity,
ease of operation, and global perspective.

In this paper, we applied GA to solve the TSPPD, and
this is the first application of GA to solve this problem to
our best knowledge. In our hybrid GA, a novel pheromone-
based crossover operator, which utilizes both local and
global information, is applied to construct the offspring.
The local information used here includes edge lengths and
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adjacency relations, whereas global information is stored as
pheromone trails. The utilization of global information in
crossover can increase the chance to find a better solution,
and then improve the performance of GA. In addition, a
local search procedure is embedded into GA to accelerate
convergence. The proposed algorithm was tested on bench-
mark instances used in previous studies, and experimen-
tal results show that our algorithm outperformed existing
heuristic algorithms in accuracy.

This paper is organized as follows. Section 2 describes
the proposed GA, and computational results are presented
in Section 3. Finally, Section 4 draws conclusions from this
study.

2 The proposed GA for TSPPD

In our proposed GA, path representation is used. Al-
gorithm 1 outlines the proposed GA for the TSPPD. Af-
ter initializing the parameters used in the algorithm, the
GA starts from a random population of individuals (feasible
tours), followed by 2-opt local optimization, and iteration
until some pre-defined stopping criterion is satisfied. Each
individual is evaluated in each iteration (generation) based
on its fitness function. In each iteration, individuals are
probabilistically selected from the population according to
the rule of roulette wheel selection. Then, the selected indi-
viduals are recombined and mutated to generate offspring.
To accelerate the convergence of GA, a local search proce-
dure, 2-opt, is used after recombination (crossover). After
the operators mentioned above, half of the individuals with
worse fitness in population are replaced by offspring, and
the pheromone trails are updated.

Algorithm 1. The proposed GA for TSPPD.

begin
initialize parameters and pheromone trails:
generate initial population P ;
optimize initial solutions by 2-opt;
evaluate individuals in P ;
while terminal condition is not satisfied, do

for i = 1 to pop size/2 do
select two parents p1 and p2 from P according to
roulette wheel selection rule;
cross p1 and p2 with a predefined probability and
attain an offspring o;
o← 2-opt (o);
mutate o with a predefined probability;

end for;
replace half of individuals in P with offspring;
update pheromone trails;

end while;

end.

2.1 The generation of initial population
and fitness evaluation

In our algorithm, an adapted nearest neighbor
heuristic[14] is used to generate initial population. Let r
denote a TSPPD route, r(i) represent the i-th customer
visited by vehicle, and li denote the load of vehicle when
the i-th customer is visited (just before it is served). Ob-
viously, the load of the vehicle when it leaves the depot
is l1 =

∑n
j=1 d(j). The adapted heuristic is described as

follows:

Step 1. Let k = 1, r(0) = 0 (the depot), and select
random customer t;

Step 2. If lk + (p(t) − d(t)) � Q, then let r(k) = t,
k = k + 1, lk = lk−1 + p(t) − d(t); otherwise, back to Step
1;

Step 3. Select the nearest one as the k-th customer,
r(k), of r from customers satisfying the following equation:

lk + (p(x) − d(x)) � Q, x ∈ S

where S is the set of unvisited customers;
Step 4. If k = n, STOP. Otherwise, let k = k + 1,

lk = lk−1 + p(r(k − 1)) − d(r(k − 1)), and back to Step 3.
This procedure is repeated until pop size (the size of pop-

ulation) routes are generated. The fitness of a chromosome
(route) is derived from its solution quality. In the proposed
GA, we use the rank of each chromosome in the population
to evaluate its fitness[15]. To evaluate the fitness of chromo-
somes, the chromosomes should be first ordered according
to their total lengths, and the chromosome with the mini-
mum length gets rank 1. With these ranks, the fitness of a
chromosome of rank i is calculated as follows:

fitnessi = Max −
[

(Max − Min) · (i − 1)

(k − 1)

]

,

(i = 1, 2, · · · , k)

where k is the number of chromosomes in the population,
Max is the maximum value of fitness, and Min is the min-
imum value of fitness. It is easy to see that the best chro-
mosome in population gets fitness value Max and the worst
chromosome gets fitness value Min. In our implementation,
Max and Min are set at 1.2 and 0.8, respectively.

2.2 The crossover operator of GA

Of the three operators of GA, crossover is well-known
to be the most important one because it significantly af-
fects the performance of GA. Previous crossover operators,
such as PMX[16], OX[17], POS[18], and cycle crossover[19],
only took into account the position of the node or its or-
der when generating offspring. This is generally consid-
ered as “blind” recombination. Other crossover operators,
such as ERX[9] and DPX[20], only utilize some local infor-
mation, such as edge length, to construct offspring, and
pay no or limited attention to the global information that
may be helpful in search of better solutions. To overcome
the drawbacks of previous crossover operators, we proposed
a new pheromone-based method, which utilizes both local
(edge length and adjacency relations) and global informa-
tion to construct offspring. The global information used
here is pheromone trails on the edges of 1-PDTSP, as is
done by artificial ants in the ant colony optimization (ACO)
algorithm[21] .

When generating an offspring, the pheromone-based
crossover operator first randomly selects a customer i as the
first customer in offspring. Then, the operator will search
customer i in the two parents, and identify the immediate
predecessors and successors, named neighbors of customer i.
The nearest feasible customer j among unvisited customers
in the neighbors will be selected as the next customer in
offspring. If all customers in neighbors have been visited or
all of them cannot be feasibly added to the end of the
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route, the next customer will be selected according to the
following pseudo-random-proportional rule.

j =

{
arg max

k∈S
{[τik (t)] · [ηik]α} , if p � p0

J, otherwise
(1)

where τik(t) is the value of pheromone trail on edge (i, k) at
time t; ηik (ηik = 1/dik) is the visibility of customer k from
customer i; α is the parameter that determines the relative
importance of pheromone trail and the visibility; S is the
set of customers that have not been visited yet and can be
feasibly added to the end of the route; p is a value chosen
randomly with uniform probability in [0, 1]; p0 (0 � p0 � 1)
is a parameter: the smaller the value of p0 the higher the
probability to make a random selection; and J is a random
variable selected according to the distribution defined as
follows:

pij(t) =

⎧
⎨

⎩

[τij(t)] · [ηij ]
α

∑
R∈S [τik (t)] · [ηik]α

, if j ∈ S

0, otherwise.
(2)

In light of above rule, the proposed crossover operator
chooses the “fittest” next customer with probability p0, and
with a probability (1 − p0) selects the next customer ran-
domly according to the probability distribution defined in
formula 4 when there is no feasible customer in neighbors.
This process is repeated until all customers Are visited,
and then an offspring is generated. The procedure of the
pheromone-based crossover operator is summarized in Algo-
rithm 2, where o is offspring, and o(k) is the k-th customer
in o.

Algorithm 2. The pheromone crossover operator.

begin
k = 1, o(0) = 0 (depot);
select a random customer that can be feasible visited as
the first customer, o(k), of o;
while (k � n) do
search o(k) in parents p1 and p2, respectively;
if (all neighbors of o(k) in p1 and p2 have appeared in o,

or all neighbors cannot be feasibly added to the end
of o)
generate a random decimal fraction p;
select the next customer j according to (1);

else
select the nearest customer that has not appeared in o from
the feasible neighbors of o(k) as the next customer f ;
end if;

k = k − 1;
o(k)← f ;

end while;

end.

2.3 The local search algorithm

To accelerate the convergence of GA further, we utilized
a local search procedure to optimize the offspring generated
by the crossover operator. The local search algorithm used
in GA is a simple 2-opt[22]. In 2-opt, when an exchange of
edges results in a feasible and better solution, it is accepted.
Otherwise, the exchange is aborted. In order to shorten the
search time, for each customer i, the 2-opt procedure only
allows the edge (i, j) to be inserted into the tour, where j
is one of the cl closest customers to i.

2.4 The mutation operator of GA

After being optimized by 2-opt, the offspring will be mu-
tated with probability pm to avoid stagnation. In the pro-
posed GA, we used a simple 3-exchange mutation operator.
The 3-exchange operator randomly selects 3 cities first, and
then exchanges the places of them. Obviously, there are 5
possible combinations besides the offspring itself, and the
best feasible one will be selected as the result of mutation.
If all the 5 possible tours are infeasible, the offspring is not
changed.

2.5 The initialization and update of
pheromone trails

In the proposed GA, pheromone trails are used to store
the global information utilized by the crossover operator.
Like the Max-Min ant system (MMAS)[23], the pheromone
trails are initialized to τmax, and will be limited to an in-
terval [τmin, τmax] during generations. τmin and τmax are
defined as follows:

τmax =
1

1 − ρ
· 1

f (Sgb)
(3)

τmin =
τmax

2n
(4)

where 0 < ρ < 1 is the pheromone trail persistence, f(Sgb)
is the cost of the globally best solution Sgb, and n is to-
tal number of cities. At the end of each generation, the
pheromone trails are updated on the basis of the globally
best solution. The pheromone update is done as follows:

τij (t + 1) = ρτij (t) + Δτ gb
ij (5)

where

Δτ gb
ij =

⎧
⎨

⎩

1

f(sgb)
, if (i, j) ∈ Sgb

0, otherwise.

Formula (5) dictates that only those edges belonging to the
globally best solution will be reinforced.

3 Computational results

3.1 Implementation and parameters set-
ting

The proposed GA is implemented in C under the Visual
C++.net environment and runs on a Pentium M 1.6 GHz
PC with 256 MB of RAM, and computing time is indicated
in seconds.

Based upon working experience, the population size
pop size was set at 30, cl at 20, crossover and mutation
probabilities at 0.8 and 0.1, respectively. The number of it-
eration steps was set at 300 for instances with less than 100
customers, and at 500 for large instances (n � 100). The
parameters considered here are those that have a direct ef-
fect on the pheromone-based crossover operator, including
α{0, 1, 2, 3, 5}, p0{0.5, 0.7, 0.9}, and ρ{0.8, 0.9, 0.95}. Sim-
ulation studies show that the following values α = 3,
p0 = 0.9, ρ = 0.95 outperform other tested values.

To illustrate the role of the pheromone trails in crossover
operator, we modified it by deleting the first multiplier



100 International Journal of Automation and Computing 06(1), February 2009

[τik (t)] in (1) and (2). This modified version of the crossover
operator was then used to benchmark the pheromone-based
crossover operator.

3.2 Benchmark instances and results

All experiments were tested on the benchmark instances
of the TSPPD in [3]. The first class of instances, 26 in-
stances with customers from 6 to 261, is derived from the
VRP instances, while the second class, with n=25, 50, 75,
100, 150, and 200, is randomly generated instances (see [3]
for details).

Gendreau et al[3]. proposed H algorithm and tabu search
(TS) algorithm for TSPPD, and the TS was proved to
be better than H algorithm. In addition, the incomplete
optimization algorithm proposed by Hernández-Pérez and
Salazar-González[5] also outperformed their first heuristic.
Hence, we compared our hybrid GA with the TS in [3] and
the incomplete optimization algorithm in [5].

Tables 1 and 2 show the computational results for two

classes of instances, respectively. In both tables, column
“β” indicates the parameter used for determining the de-
mands of customers; column “TS2/TSP” denotes the av-
erage over the 26 instances of the percentage ratios of the
TS[3] solution value with respect to the optimal TSP solu-
tion value; column “UB2/TSP” gives the average percent-
age ratio of the incomplete optimization algorithm[5] solu-
tion value with respect to the optimal TSP solution value;
columns “TS2-t” and “UB2-t” present the average comput-
ing time needed by the TS and the incomplete optimization
algorithm, respectively; column “Best/TSP” indicates the
average percentage ratio of the best result in 30 indepen-
dent runs of our GA with respect to the optimal TSP result;
column “Avg./TSP” denotes the corresponding average re-
sult in 30 runs of our GA; column “Std. Dev.” indicates the
standard deviation for each subset of instances; and column
“GA-t” shows the average computing time needed by our
algorithm. The last column gives the corresponding aver-
age result in 30 runs of GA using the modified version of
the crossover operator mentioned above.

Table 1 Computational results on the first class of instances

β TS2/TSPa TS2-tb UB2/TSP UB2-tb Best/TSP Avg./TSP Std. Dev. GA-t GA without pheromone

0 100.51 3.10 100.05 0.93 100.05 100.24 1.24 1.41 100.72

0.05 103.45 2.18 100.6 0.87 100.04 100.20 1.34 1.41 103.75

0.10 104.34 2.31 100.72 1.07 100.08 100.25 1.10 1.42 104.85

0.20 106.16 2.26 100.90 1.02 100.06 100.23 1.24 1.43 105.15

aResults taken from Hernández-Pérez and Salazar-González[5]; bCPU seconds in an AMD 1.333 GHz PC.

Table 2 Results on the second class of instances

β n TS2/TSPa TS2-tb UB2/TSP UB2-tb Best/TSP Avg./TSP Std. Dev. GA-t GA without pheromone

0 25 100.00 0.16 100.00 0.07 100.00 100.00 0 0.25 100.00

50 100.20 0.75 100.00 0.17 100.00 100.08 0 0.51 100.25

75 100.78 1.82 100.00 0.44 100.00 100.30 2.12 0.90 101.82

100 101.27 3.24 100.10 0.80 100.10 100.54 3.25 2.25 102.34

150 102.37 8.35 100.34 2.55 100.33 100.90 4.16 4.25 103.25

200 103.13 15.27 100.35 5.74 100.36 101.02 4.53 6.93 104.83

0.05 25 107.36 0.18 102.70 0.08 100.00 100.00 0 0.24 100.00

50 103.95 0.60 100.17 0.19 100.00 100.08 0 0.50 101.44

75 110.13 1.32 100.83 0.73 100.12 100.34 1.36 0.89 103.20

100 107.23 2.37 100.39 0.97 100.13 100.63 3.83 2.28 103.55

150 108.72 5.46 100.35 2.71 100.26 100.95 4.87 4.15 104.35

200 108.57 11.15 100.69 5.74 100.57 101.56 5.84 6.71 105.90

0.10 25 108.21 0.17 101.18 0.10 100.00 100.00 0 0.24 100.00

50 106.34 0.63 100.47 0.20 100.00 100.08 0 0.51 101.25

75 113.28 1.42 101.32 1.00 100.15 100.40 1.54 0.95 102.90

100 111.53 2.60 100.50 1.44 100.12 100.60 3.02 2.25 104.67

150 110.90 6.19 100.68 3.52 100.46 100.93 3.59 4.18 105.30

200 111.31 11.93 100.76 5.71 100.72 101.47 5.41 6.92 106.06

0.20 25 107.28 0.20 102.59 0.13 100.00 100.00 0 0.24 100.00

50 106.53 0.72 100.79 0.25 100.00 100.08 0 0.50 101.80

75 114.25 1.44 101.77 1.11 100.12 100.45 2.17 0.88 102.47

100 113.09 2.61 100.96 1.94 100.20 100.72 4.13 2.26 104.01

150 111.69 6.01 101.02 3.75 100.60 101.26 4.87 4.30 105.22

200 113.28 11.85 100.99 8.54 100.85 101.82 5.31 6.94 106.77

∞ 25 105.64 0.18 101.32 0.09 100.00 100.00 0 0.25 100.00

50 110.86 0.73 102.47 0.58 100.00 100.03 0 0.51 100.92

75 111.86 1.42 100.91 0.69 100.13 100.40 1.63 0.92 101.88

100 110.34 2.59 100.87 1.45 100.15 100.45 2.59 2.29 103.16

150 112.85 5.78 100.63 3.52 100.39 100.95 4.75 4.22 105.24

200 113.03 11.21 100.83 10.50 100.71 101.60 5.64 6.98 105.90

aResults taken from Hernández-Pérez and Salazar-González[5]; bCPU seconds in an AMD 1.333 GHz PC.
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As shown in Tables 1 and 2, our hybrid GA gives bet-
ter or the same results for all instances (Wilcoxon test,
Best/TSP versus TS2/TSP (p=5.6E-7), Best/TSP versus
UB2/TSP (p=3.2E-6)) except one subset of instances with
(β = 0, n = 200). Moreover, our algorithm is quite robust
under different trials, in which the average results in 30 runs
for more than a half (18 out of 35) of subsets of instances are
better than or the same as the results obtained by the TS[3]

and the incomplete optimization algorithm[5]. However, the
results obtained by the GA without pheromone are obvi-
ously worse than those found by the GA using pheromone-
based crossover operator, and the GA only works well in
some small instances with no more than 50 customers.

As for the comparison of the computing time, both the
TS and the incomplete optimization algorithm were run on
an AMD 1.333 GHz PC (>649 MFlops[24]), while the Pen-
tium M 1.6 GHz PC running the GA has an estimated power
of 352 MFlops[24]. The scaled time was computed as follows:
if Ta is the duration and Pa the computer power for one al-
gorithm a, its scaled time is Ta · (Pa/Pg), with Pg standing
for the power of the computer that running Gendreau′s TS
algorithm[3]. The scaled times of algorithms for instances
with different problem sizes are given in Table 3. From these
gross equivalences, we can see that our algorithm is obvi-
ously faster than the TS on all instances. When compared
to the incomplete optimization algorithm, the GA seems to
be slower when solving instances with 25 customers. How-
ever, the computing time of our GA increases slowly with
the growth of problem size, and for instances with more
than 50 customers, our algorithm needs less time than the
incomplete optimization algorithm.

Table 3 Scaled times for instances with different problem sizes

n TS2 UB2 GA

25 0.18 0.09 0.14

50 0.69 0.28 0.28

75 1.48 0.79 0.50

100 2.68 1.32 1.24

150 6.36 3.21 2.29

200 12.28 7.25 3.74

To sum up, the results clearly show the superiority of
our algorithm in both accuracy and speed over previous
heuristics, which should be attributed to the pheromone-
based crossover operator that utilizes both local and global
information to construct offspring.

4 Conclusions

In this paper, we described a new GA for the TSPPD.
In our algorithm, a pheromone-based crossover operator for
GA was proposed. The pheromone-based crossover opera-
tor utilizes both local information, including edge lengths
and adjacency relations, and global information stored as
pheromone trails. In addition, a local search procedure,
2-opt, is integrated into the GA to accelerate convergence.
The proposed algorithm was tested on benchmark instances
in literature, and computational results show that our hy-
brid GA outperforms any existing heuristics for TSPPD in
both accuracy and speed.

For future research, it may be worthwhile to merge
other solution improvement methods to improve the per-
formance of the hybrid GA for the TSPPD. In addition,
the pheromone-based crossover operator can be extended
to solve other routing problems, such as the VRPPD. Cur-
rently, this issue is being investigated, and the authors con-
sider this research avenue to be promising.
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