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Abstract—To build a cooperative logistics network covering 
multiple enterprises, a planning method that can build a 
long-distance transportation network is required. Many strict 
constraints are imposed on this type of problem. To solve this 
problem efficiently, a selfish-constraint-satisfaction genetic 
algorithm (GA) is proposed. In this type GA, each gene of an 
individual satisfies only its constraints selfishly, disregarding 
constraints of other genes even in the same individual. Further, 
to some extent, even individual that violates constraints can 
survive over several generations and has the chance of 
reparation. Moreover, a constraint pre-checking and dynamic 
penalty control methods are also applied to improve 
convergence of GA. Our experimental result shows that the 
proposed method can obtain an accurate solution in a 
practical response time.  
 
Index Term — genetic algorithm, logistics network, 
cooperative logistics, vehicle routing problem 
 

I.   INTRODUCTION 

Logistics cooperation covering multiple enterprises is an 
effective method for improving logistics efficiency of parts 
procurement [1]. However, this cooperation forms a 
“cooperative logistics network” consisting of several 
mutual sub-networks such as “parts-collection networks” 
covering parts suppliers and depots (distribution centers) 
and a “long-distance transportation network” covering 
depots and factories. Thus, construction of this type of 
cooperative logistics network is therefore a very 
complicated task. Accordingly, usually this task is divided 
into several phases [2, 3].  

We already proposed a two-phased (“construction phase” 

and “scheduling phase”) planning method for optimizing a 
cooperative logistics network [4]. In the construction phase, 
which corresponds to strategic or tactical level planning, we 
make a parts-procurement plan corresponding to a 
production plan and assign resources such as drivers and 
vehicles to sub-networks [5, 6]. Next, in the scheduling 
phase, an actual transportation schedule to evaluate the 
operability of the network and to evaluate accurate logistics 
cost based on the number of used vehicles is made.  

A simple mathematical optimal plan is usually not readily 
accepted because of conflicts that arise in the different 
enterprises. A human expert must thus evaluate the plan 
from many aspects and coordinate it with consideration of 
many non-systemized conditions. To build logistics plans 
for the scheduling phase, solution methods for scheduling a 
long-distance transportation network and for depot-centered 
parts-collection networks which provide at least 
human-expert-level accuracy within interactive response 
time are required. We already proposed a VRP (Vehicle 
Routing Problem) [7, 8] solution method for 
parts-collection networks [9]. In this paper, we propose a 
scheduling method for a long-distance transportation in the 
cooperative logistics network. 

A long-distance transportation network is not only 
directly connected to the production schedules of factories 
but also connected to many parts-collection sub-networks. 
Moreover, this network contains many transportation points 
(depots and factories) dispersed all over the nation. And on 
the network, a vehicle distributes and collects parts at the 
same time. Stricter constraints are thus imposed on this type 
of scheduling problem than those on a normal VRP.  

As a method for solving VRP, IP (Integer Programming) 
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has been applied [10]. Although, this method can obtain the 
optimal solution, it cannot satisfy the practical response 
performance. 

The sweep method [11] is a high-speed solution adopting 
comparatively simple heuristics. However, it is difficult to 
solve a tough-constraint problem with practical accuracy. 

A mathematical model such as a minimum-cost-flow 
model with a time period is also applied for constructing a 
large-scale transportation network [12, 13, 14]. This method 
is suitable for determining the transportation capacity of 
each sub-network and for determining the allocation of the 
cost to each enterprise. However, it is impossible to 
evaluate the accurate logistics cost based on the number of 
used vehicles. 

Meta-heuristics such as the tabu search or SA (Simulated 
Annealing) [15] combined with a local search method such 
as cross-opt [16, 17] have also been proposed, and these 
methods can obtain highly accurate solutions [18, 19]. 
However, it is difficult to apply these methods to our 
problem because a vehicle picks up and distributes parts at 
the same time. Moreover, some parts are directly 
transported between factories, that is, not through depots. 
Thus, we cannot apply these local search methods to our 
problem. 

A method of applying GA (Genetic Algorithm) that 
introduces route-exchange genetic operation has also been 
proposed [20]. Although, it can obtain extremely accurate 
solutions, the response performance is insufficient for 
problems with strict constraints.  

With the above-described problems in mind, we propose 
a method of applying GA to solve the long-distance 
transportation problem. This solution method satisfies both 
interactive response performance and human-expert-level 
accuracy. The planning of the long-distance transportation 
network and its technical problems are described in section 
2. In section 3, the concept of the method that meets the 
above requirements is proposed. In section 4, the detail 
implementation of the method is described. Section 5 shows 
the experimental results for VRP benchmark problems. In 
section 6, an experiment on the long-distance transportation 
problem is explained. Section 7 presents our conclusions. 

II.   LONG-DISTANCE TRANSPORTATION NETWORK 
PLANNING PROBLEM 

A. Cooperative Logistics Network 
Previously, parts suppliers individually delivered their 

own parts to factories. However, the cost of procurements 
logistics increased because of the increase in high-mix, 
low-volume production [21]. For this reason, to realize total 
optimization of the procurements network, enterprises that 
belong to a supply chain set up a cooperative logistics 
network using composed of depots (delivery center) as 
shown in Fig. 1. 

This cooperative logistics network consists of several 
mutual sub-networks such as “parts-collection networks” 
covering parts suppliers and depots and a “long-distance 
transportation network” among factories and depots. The 
key features of the long-distance transportation network are 

as follows. 
(1) Wide-area transportation 

Factories and depots are located across a large 
nationwide area. Long-distance transportation is thus 
necessary for this cooperative logistics. 
(2) Strict time constraints 

Transportation between depots and factories requires 
synchronization of the production plans of each factory. 
This parts transportation must therefore satisfy strict time 
constraints. 
(3) Coexistence of pickup and delivery transportation 

In this network, parts are transported from depots to 
factories. Moreover, semi-finished products are transported 
from one factory to another. Vehicles thus pick up parts and 
deliver parts simultaneously. 
(4) Multi depots 

There are several depots in the long-distance 
transportation network, and each depot has several vehicles. 
A vehicle starts from a depot and travels to several factories 
and other depots. Finally, the vehicle returns to the original 
depot. Along this traveling route, some parts are directly 
transported from a factory to other factories, that is, not 
through any depots. 

B. Technical Problems Regarding Long-distance 
Transportation Network Planning 

To implement the scheduling method for the 
long-distance transportation network, the following 
technical problems must be addressed. 
(1) Human-expert-level optimality for strict-constraint 
problems 

An optimal solution for solving the scheduling-phase 
problem is not always required. However, to avoid crucial 
error at estimation of cost and operability, at least, human 
expert-level optimality is required. 
(2)  Response performance for interactive operation 

To realize a human expert’s evaluation from many 
aspects, response performance enabling interactive 
operation at least once or twice an hour is necessary.  

C. Model for Long-distance Transportation Network 
The scheduling problem is modeled, with the following 

Depot

Depot 
Depot

Depot

Factory 

Factory

Factory 

Parts collection 
sub-networks 

Long-distance transportation 
sub-network 

Depot

Figure 1. Structure of cooperative logistics network. 
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notations, as follows . 
Q: maximum loading capacity of a vehicle. 
M: maximum usable vehicles. 
{Li}i=1..N : a set of loads. 
{w1, .., wN, wN+1,.., w2N}: a set of pickup and delivery works. 
w2i-1: pickup work of load Li.  
w2i: delivery work of load Li.  

i
Q : amount of load that is picked up or delivered at work wi. 
When work wi is a pickup work, Qi is a positive value. On 
the contrary, Qi is negative, when work wi is a delivery. Qi 
satisfies (1). 

2 2 1 2 1 20, 0,i i i iQ Q Q Q
− −

= − > < .         (1) 
{Pi}i=1..P: a set of transportation points (e.g., factories and 
depots). And Pl(wi) means the transportation point where 
work wi is done. 
[ei, li] : A time constraint for work wi. A vehicle to which 
work wi is assigned must arrive to delivery point Pl(wi) no 
later than li. When the vehicle arrives before ei, it must wait 
the start of the work (pickup or delivery) until ei.  
Mi : number of vehicles that the distribution point Pi holds. 
M means the total of all Mi as (2). 

1

P

i
i

M M
=

=∑ .         (2) 

A vehicle route is a sequence of works as follows. 

1 2
, , ..,

ni i iW w w w=  
1

( ( ) ( ))
ni iP l w P l w= .      (3)

 

  A vehicle starts from a depot and travels several points 
(factories and depots) to pick up or deliver parts. The 
vehicle finally comes back to the original depot. Thus, a 
traveling route of a vehicle is represented as a sequence of 
works (pickup or delivery).  
Wk

i-: the set of works before 
k

w  in the sequence. 

Wk
i+: the set of works after work 

k
w  in the sequence. 

Wrk(Wi) : the set of works contained vehicle route Wi. 
WORK: the set of all works. 
t(Pi,Pj): vehicle traveling time from points Pi to Pj.  
tm(Wi): total traveling time of vehicle route Wi. 

1 1

1

1

( ) ( ( ), ( )) ( ( ), ( ))
j j n

n

i i i i i
j

tm W t Pl w Pl W t Pl w Pl W
+

−

=

= +∑  .  (4) 

ω={W1, W2, …,Wm}: a transportation plan, where ω is a set 
of vehicle routes that satisfy constraints (5) and (6). 

1

( )
m

i
i

Wrk W WORK
=

=U .                  (5) 

( ) ( ) ( )i jWrk W Wrk W i j= ∅ ≠I .         (6) 
Moreover, a vehicle route Wi that is contained in ω must 
satisfy the following constraints. 
(a) Limitation on number of vehicles.   

The number of the vehicle that starts from the depot must 
not exceed the number of vehicles held by the depot. 
(b) Time constraint  

Let Wj be a vehicle route that work wi is assigned to, and 
ai

j be the arrival time of the vehicle to Pl(wi). The arrival 
time must not exceed time constraint li. 

j
i ia l≤ .   (7) 

(c) Vehicle-total-traveling-time constraint  
tm(Wi)<T.    (8) 

(d) Pick-up-and-delivery-work-order constraint 
 The corresponding pick-up work and delivery work must 
be assigned to the same vehicle by the following order (9). 

22 1 2 1i j
i

j jWw w w− −∈ → ∈ + .   (9) 
(e) Load-capacity-constraint for a vehicle 

         1

0 (1 )
j

ik
k

Q Q j n
=

≤ ≤ ≤≤∑ 　　 .   (10) 

α: fixed cost for a vehicle. 
c(Pi, Pj) : vehicle transportation cost from points Pi to Pj.  
The vehicle traveling cost of route Wi is represented as  
(11). 

1 1
1

( ) ( ( , ( ( ( , ( )) )) ) )
j j n

n

j
i i i itc Wi c Pl w Pl w c Pl w Pl wα

+
=

= + +∑ . (11) 

The total cost of transportation plan ω is thus represented as 
(12). 

1

( )( )
m

i
itc Wtc ω

=

= ∑ .     (12) 

III.  CONCEPT OF THE PROPOSED SOLUTION METHHOD 
FOR THE COOPERATIVE LOGISTICS NETWORK 

SCHEDULING 

A. Concept of Selfish-constraint-satisfaction GA 
 

To guarantee both response performance and optimality 
in solving the transportation-planning problem as described 
in section 2, we propose a GA method, which we call 
“selfish-constraint-satisfaction GA”. This method basically 
consists of the following two ideas.  

The first idea is a new concept of a “selfish gene”, which 
is different from Dawkins' “selfish gene”. The original 
“selfish gene” proposed by R. Dawkins [22] lies in the 
following idea. Namely, all genes of an individual cooperate 
with each other, aiming at the prosperity of the individual 
for its selfishness. Strictly speaking, all genes constituting a 
chromosome cooperate with each other, aiming at the 
prosperity or reproduction of the chromosome to satisfy the 
chromosome's selfishness. We further developed this idea; 
that is, each gene on a chromosome or an individual acts 
selfishly to optimize only itself or the relationship between 
itself and its surroundings locally, without considering the 
totality of the individual or other genes of the same 
individual. When the constraint is quite severe and higher 
optimality is required, it is natural to imagine that such a 
local selfish action occurs.  

The second idea is a concept of limited allowance. 
Namely, to some degree, a divine being, namely, “God”, or 
a “natural system” admits reproduction or prosperity of a 
chromosome or an individual, each constituent of which is a 
selfish gene. However, in the end, through reflection or 
punishment at some appropriate generations, only 
individuals that satisfy the objectives or constraints can 
survive over generations.  
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We came up with the above two ideas in order to find an 
efficient GA method that can optimally solve 
strict-constraint problems. Concretely speaking, in the GA 
method for solving strict-constraint transportation 
scheduling problems, each gene satisfies only the time 
constraints directly related to itself, in other words, it does 
not consider satisfying the time constraints of other genes in 
the same chromosome. Further, each such chromosome, 
each constituent of which is a selfish gene, is allowed to 
survive over generations under the following conditions. 
That is to say, the chance of globally satisfying constraints 
is given through changing the structure of each constituting 
gene per execution of GA’s operation such as crossover and 
mutation. Furthermore, an individual (strictly speaking, a 
chromosome or a unit genes' group) is not killed until some 
particular generations even if it includes a selfish gene that 
cannot globally satisfy constraints.  

In this way, by allowing the selfishness of each 
constituting gene and not examining the global constraints’ 
satisfaction except for some particular generations, GA’s 
execution time is shortened. Moreover, by allowing various 
types of individuals to survive, more optimal solutions are 
found. Both high optimality and speedy responsiveness are 
thus obtained.  

In the real world of living things, a group of unit genes or 
an individual that perfectly adapts to the environment does 
not suddenly emerge in their evolving stages. Primitive and 
imperfect living things, which surely violate some rules or 
constraints, evolve slowly to adapt to their environment. 
Likewise, this phenomenon exists in the optimization of 
GAs. If we try to continue satisfying all constraints at each 
generation, the population size often shrinks or the system 
falls into a local minimum. Efficient optimization cannot be 
attained in this fashion. When constraints are very severe, in 
the worst case, the whole population can be destroyed. This 
is to say, if a population consists of only individuals that 
satisfy constraints, a remarkable improvement is not 
expected. However, there is a risk of falling into a local 
minimum. For such reasons, we also give a limited chance 
of survival, reflection or reparation to the individuals that 
violate constraints. 

B. Penalty for Time-constraint Violation and Reparation 
When we permit the existence of individuals that violate 

time constraints, it is natural that all individuals will 
eventually violate the time constraints. To avoid this, a 
penalty is added to the fitness value for an individual that 
violates the time constraints. Concretely speaking, the value 
in which the penalty coefficient is multiplied by the cost 
that corresponds to the delay time is added to the cost 
estimation. 

Moreover, an individual that violates time constraints is 
repaired at constant generation intervals. To repair the 
time-constraint violations, pairs of pickup and delivery 
works on a vehicle route that violate the constraint are 
removed singly. After these removals are performed for all 
vehicle routes, the removed pickup and delivery works are 
reinserted into a vehicle route that globally satisfy time 
constraints. If there is no vehicle that can satisfy the time 

constraints, a new vehicle is allocated to the transportation. 

C. Dynamic Penalty Control 
The above mentioned penalty is regarded as latitude for 

individuals that violate time constraints. The large latitude 
promotes the convergence of the objective function. On the 
other hand, the small latitude prompts a search in the 
constraint satisfaction solutions. However, it is difficult to 
generate new individuals that satisfy all constraints for hard 
constraint problems.  

To avoid this problem, we apply a dynamic penalty 
control method [23]. This method promotes the 
optimization of the objective function by using relatively 
large latitude at start time. Then, the latitude is decreased 
gradually in order to reduce the individuals that violate time 
constraints in the population. In more detail, the penalty is 
increased exponentially from initial value at each 
generation. At the reparation generation, the penalty is 
turned down to the initial value.  

D.  Constraint Pre-checking Method 
To obtain highly optimal solutions by avoiding the 

convergence into the local minimum, the GA must have 
enough population and generations. However, long 
chromosomes containing many genes are needed to 
represent our planning problem. Therefore, both the 
mutation operation and the crossover operation take a long 
calculation time. Moreover, the calculation slows down 
because various constraints on our proposed GA are 
checked. To avoid such problems caused by various 
constraints, we propose a constraint pre-checking method. 
This method introduces into our GA the concept of 
constraint propagation utilized as an efficient solving 
method for constraint-satisfaction problems [24, 25]. 
Namely, this method statically analyses the constraints on 
the problem, before starting the GA. This reduces the 
overhead for dynamically searching nodes that cannot be 
visited by one vehicle. This improves the calculation 
efficiency of routes’ reconstruction during the crossover and 
the mutation of GA. That is, constraints brought by, for 
example, distribution time range, load capacity, and node’s 
geographical position are statically analyzed before starting 
the GA and set in a table of exclusive nodes. Thus, during 
the execution of GA, the system does not need to 
dynamically repeat the check of these constraints. In 
particular, because distribution points (factories and depots) 
are spread over a nation-wide area, the geographical 
conditions effectively reduce the combination of points that 
can be visited by one vehicle. Since there are many 
constraints on our long-distance transportation planning 
problem, it is expected that this method reduces the 
calculation time of the GA and realizes near-real-time 
response performance.  

In the operation of our cooperative logistics network, a 
vehicle does not go to a far point (depot or factory) during 
running neighboring points. This operational rule is 
represented by the following constraints (13), (14), and (15).  
The x, y, and z represent transportation points. When these 
three condition are satisfied, the pickup or delivery work at 
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y cannot be inserted into a vehicle route between x and z. 
 

l0<t(x,z)<l1.      (13) 
t(x,y)+t(y,z)-t(x,z)>l2.     (14) 

t(x,y)+t(y,z)-t(x,z) >βt(x,z). (15) 
 

β,l0, l1, and l2 are fixed values. 

IV.  IMPLEMENTATION OF THE PROPOSED METHOD 

A. Structure of Chromosome 
 

The solution to the long-distance transportation problem 
includes clustering of loads, which indicate their 
correspondence to vehicles, and their travel routes in each 
cluster. To express both clustering and routing information, 
the chromosome structure shown in Fig. 2 (a) is applied. 
The chromosome is a sequence of work IDs of pickups and 
deliveries. Table 1 shows a detail of the load information. 
The load information consists of its origin, destination, 
pickup work ID, and delivery work ID. The “load 1” is 
transported from P1 to P5, and its pickup id is 1, and 
delivery work id is 2. In a similar manner, the “load 2” is 
transported from P3 to P4. In this example, the first vehicle 
of the chromosome in Fig. 2 (a) travels round P3, P4, P6, 
and P8 as shown in Fig. 2 (b). 

B.  Scheduling Algorithm using GA 
  The selfish-constraint-satisfaction GA constructs 
solutions disregarding global constraints. This type GA 
generates individuals that violate time constraints in the 
population. Consequently, to solve this problem, these 
individuals have to be repaired at constant generation 
intervals. Moreover, dynamic penalty control is also applied 
for efficient optimization. Thus, in addition to the normal 
genetic operations such as selection, crossover, and 
mutation, reparation for individuals that violate time 
constraints and recalculation of the penalty are performed 
as follows.  
 
Step 1. Generate initial population. 
Step 2. Calculate penalties. 
Step 3.  Calculate fitness value for each individual. 
Step 4. Perform selection. 
Step 5. Perform crossover. 
Step 6. Perform mutation. 
Step 7. Repair individuals that violate time constraints. 
Step 8.   Check terminates condition. 
Step 9. Go to step 2. 
 

TABLE 1.  
SAMPLE PICKUP AND DELIVERY WORK OF LOAD 

 

ID Origin Destination Pickup 
work ID 

Delivery 
work ID 

1 P1 P5 1 2 
2 P3 P4 3 4 
3 P3 P6 5 6 
4 P5 P9 7 8 
5 P4 P8 9 10 
6 P1 P2 11 12 

 
 

(a) Sample representation of chromosome 
 
 
 

Vehicle 1:  P3→P4→P6→P8 
Vehicle 2:  P1→P2→P5･･･ 

 
(b) Sample vehicle round routes 

 
Figure 2. Sample representation of chromosome and vehicle routes. 

 

C.  Fitness Value and Selection 
The fitness value of the individual becomes larger, when 

the total cost becomes smaller. To be more precise, let U is 
an enough large fixed value compared to the total cost, and 
the fitness value is defined as (16). To create a next 
generation, individuals are selected at a rate proportional to 
their fitness value. In addition, the elite individual who has 
the highest fitness value is always copy to the next 
generation. 

U-tc(ω).  (16) 

D.  Crossover and Mutation 
To realize the above concept of selfish-constraint- 

satisfaction GA, an insertion method called “selfish NI 
(Nearest Insertion)” is applied to put nodes into a vehicle 
route. With this method, a node is inserted into a tour, using 
NI method, if the node satisfies its own constraints only. 
That is, the influence on the other nodes is not considered. 

The crossover constructs a child from two parents 
according to the following process.  
(1) Determine the crossover point in one parent 

chromosome. 
(2) Obtain vehicle routes represented by a group of genes 

located before the crossover point in the chromosome. 
(3) Change the order of remaining nodes that are not 

contained in any vehicle routes obtained in (2) 
according to the order of nodes (genes) in the other 
parent’s chromosome. 

(4) Insert the remaining nodes into the route obtained in (2) 
by using the selfish NI method in the order reordered in 
(3).  

(5) If no vehicle satisfies the time and load-capacity 
constraints, a new vehicle is assigned to the 
transportation of the load.  

In this crossover process, when a pickup node is deleted 
from a vehicle route, the corresponding delivery node is 
also removed. Namely, a pair consisting of a pickup work 
and a delivery work is deleted and inserted into the same 

3 5 4 9 6 10  1  11  12 
    

Vehicle 1 Vehicle 2

Load: 2 
P3→P4

Load: 3 
P3→P6

Load: 5  
P4→P8

Load: 1  
P1 → P5

 

2 

Load: 6 
P1 → P2
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vehicle route simultaneously. 
The mutation randomly selects a mutation node and 

deletes it together with its neighboring nodes. The deleted 
delivery points are reinserted into the transportation plan 
using the selfish NI method. This delete and reinsert process 
is done for each load. The pickup/delivery work pair is 
always assigned to the same vehicle.  

E.  Reparation 
The selfish-constraint-satisfaction method permits to 

survive individuals who violate time constraints. Thus, 
these individuals should be repaired at constant generation 
intervals by the following two steps. 
(1) Elimination of loads that violate time constraints 

If a pickup or delivery time constraint is violated, both 
the pickup and delivery works are removed from a vehicle 
route. Accordingly, the chromosome shortens by this 
elimination. 
(2) Reinsertion of eliminated load 

The removed pickup and delivery works are reinserted 
into a vehicle route which satisfies constraints globally. 
When there is no vehicle which satisfies all constraints, a 
new vehicle is assigned to the schedule and the eliminated 
pickup and delivery works are inserted into the newly 
assigned vehicle. Namely, the pickup and delivery works 
are added to the end of the chromosome in Fig. 2 (a). 

F.  Proposed Solution Method 
We propose the following two method using the above 

mentioned elemental solution methods. 
(1) Selfish-constraint-satisfaction GA with fix penalty 

This solution method constructs a vehicle route using the 
selfish NI method and permits the existence of individuals 
that violate constraints in the population. The penalty value 
is fixed for all generations in this method. 
(2) Selfish-constraint-satisfaction GA with dynamic 

penalty control 
This solution method also permits the existence of 

individuals that violates time constraints. Moreover, the 
penalty for individuals that violates time constraints is 
dynamically modified. 

In the next section, experiments to evaluate the effect of 
the above two selfish-constraint-satisfaction GAs are 
performed. These tests compare them with Non-selfish GA. 
Non-selfish GA applies conventional non-selfish NI method 
to crossover and mutation operation. This NI method inserts 
a node into the position that satisfies not only its constraints 
but also the constraints of every other node in the same 
individual. In case of such positions of nodes are not 
searched out, crossover or mutation operation assigns a new 
vehicle. 

V.  EXPERIMENTS USING THE BENCHMARK PROBLEM 

To evaluate the proposed selfish-constraint-satisfaction 
GA, we determined the penalty value for time-constraint 
violations, and the generation gap interval for the reparation 
using VRP benchmark problems [26]. We then compared 
the accuracy of the selfish-constraint-satisfaction GA with 
that of the global-constraint-satisfaction GA, which satisfies 

all constraints all the time, by these benchmark problems. In 
the next section, to evaluate the proposed method, we 
applied it to the long-distance-transportation-network 
planning problem. 

GA parameters of population size, mutation rate, and 
crossover rate were determined based on an explorative 
experiment. In this experiment, we executed GAs in 30 
minutes and compared solutions. As a result, we determined 
the population size, mutation rate, and crossover rate as 100, 
5%, and 10% respectively.   

A.  Experiment Parameters  
(1) Penalty coefficient for time-constraint violation 

Our target long-distance transportation network contains 
about one hundred distribution points (factories and depots). 
Thus, we selected a VRP benchmark problem with 100 
distribution points to determine the parameter for our 
proposed GA.  

The accuracy of the solution according to the change in 
the coefficient is shown in Fig. 3. When there is no penalty, 
the error rate is over 10%. When the coefficient is larger 
than 3, the error rate stays under 5%. In particular, the error 
rate becomes less than 3% when a value from 5 to 10 is 
specified for the coefficient. According to this result, we 
determined the coefficient as 5. 
(2) Generation gap for gene reparation 

Fig. 4 shows the change in the accuracy according to the 
change in the generation gap interval of the time-constraint 
reparation. The error rate is over 3% when the gap is less 
than 3. The accuracy becomes a minimum when the gap is 
between 5 and 10. We thus determined the gap as 10 
generations. 

 

 
Figure 3.  Correlation between penalty coefficient and accuracy. 
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Figure 4.  Correlation between generation gap and accuracy. 

 

B.  Evaluation of Accuracy  
To evaluate the accuracy of the solution, we applied the 

proposed method to the VRP benchmark problems. Because 
of the tight connections between the production schedules 
of each factory, the long-distance transportation scheduling 
is assigned strict time constraints. We prepared three 
problems: “Problem 1”, “Problem 2”, and “Problem 3”. 
Problem 1 is the bench mark problem (R101) which has the 
hardest time constraints in bench mark problems.  

Problem 2 and Problem 3 have the same distribution 
points and load information as Problem 1. However, we 
reduced the time windows of Problem 2 to half of Problem 
1. Moreover, Problem 3 has stricter time-constraints than 
Problem 2. The time windows of Problem 3 are reduced to 
half of Problem 2. Thus, the time windows of Problem 3 are 
one fourth of Problem 1. These three problems have the 
same optimal solution. 

In this experiment, we solve the problem using the 
following three methods. 
(1) Non-selfish GA 
(2) Selfish-constraint-satisfaction GA with fix penalty  
(3) Selfish-constraint-satisfaction GA with dynamic 

penalty control 
  Table 2 lists the accuracy of above three methods for the 
Problem 1 in calculation of 1000 generations (when the 
solution is converged). Though the accuracy of the 
non-selfish GA exceeded 4.5%, the selfish-constraint- 
satisfaction GAs can obtain the solution with under 3.0% 
error. Table 3 lists the accuracy for the Problem 2. The both 
selfish-constraint-satisfaction GAs obtains solutions with 
2.7% error. Moreover, table 4 shows the results for the 
Problem 3. The selfish GAs can obtain the better solution 
than the non-selfish GA as the result of Problem 2. In 
particular, the third method can obtain the solution with 
under 4.0% error. 

TABLE 2.  
ACCURACY OF EACH METHOD FOR PROBLEM1 

 
Method Generation Accuracy 

Non-selfish GA 1,000 4.8% 
Selfish-constraint-satisfaction GA with 
fix penalty 1,000 2.5% 

Selfish-constraint-satisfaction GA with 
dynamic penalty control 1,000 2.5% 

 

TABLE 3. 
ACCURACY OF EACH METHOD FOR PROBLEM2 

 
Method Generation Accuracy 

Non-selfish GA 1,000 6.7% 
Selfish-constraint-satisfaction GA 
with fix penalty 1,000 2.7% 

Selfish-constraint-satisfaction GA 
with dynamic penalty control 1,000 2.7% 

 

TABLE 4. 
ACCURACY OF EACH METHOD FOR PROBLEM3 

 
Method Generation Accuracy 

Non-selfish GA 1,000 7.3% 
Selfish-constraint-satisfaction GA 
with fix penalty 1,000 4.2% 

Selfish-constraint-satisfaction GA 
with dynamic penalty control 1,000 3.8% 

 

C.  Evaluation of Response Performance  
To evaluate the constraint pre-checking method that 

calculates the combination of points that the same vehicle 
cannot go around, we examined two methods: one uses 
constraint pre-checking and the other does not use 
pre-checking. The pre-checking method bumps up the 
generations that could be calculated within five minutes 
from 820 to 1045 as shown in table 5. Moreover, it also 
improves the accuracy from 2.9% to 2.6% error by the 
increase of the calculated generations. 

VI.  APPLICATION TO THE LONG-DISTANCE 
TRANSPORTATION PLANNING PROBLEM 

To evaluate the proposed method using the same 
condition as the long-distance transportation problem, we 
prepared a transportation problem with mixed 
transportation (i.e., pickup and delivery) and many depots. 
This experimental network consists of 70 factories and 30 
depots. Moreover, 500 loads were prepared for the network. 
We set the origin and destination, volume, and time 
constraints for each load. The constant values, l0, l1, l2, and 
β in (13), (14), and (15) were set as 10km, 100km, 700km, 
and 7 respectively. Fig. 5 shows the convergence of the 
solutions. 

The proposed methods can calculate 300 generations 
within 30 minutes. Table 6 shows the solutions of 300 
generations GA. In this experiment the selfish-constraint 
satisfaction GA with fixed penalty can obtain about 10% 
less cost solution than the non-selfish GA. In addition, the 
cost is improved 0.5% due to the dynamic penalty control 
method.  
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Figure 5.       Convergence of solutions. 

 

 

TABLE 5. 
EFFECT OF CONSTRAINT PRE-CEHCKING METHOD 

 
Method Generation Accuracy 

Non pre-checking 820 2.9% 
Pre-checking 1,045 2.6% 

 

TABLE 6.  
ACCURACY OF SOLVINE LONG-DISTANCE  

TRANSPORTATION PROBLEM 

Method Cost 
Non-selfish GA 13,512 
Selfish-constraint-satisfaction GA with fix penalty 12,132 
Selfish-constraint-satisfaction GA with dynamic 
penalty control 12,065 

 

VII.  CONCLUSION 

We proposed a planning method for a long-distance 
transportation network that obtains both interactive 
response performance and human expert-level accuracy. 
This solution method is based on the following three ideas. 

1) First idea is selfish-constraint-satisfaction GA. Each 
gene, which constitutes an individual, does not care about 
constraints of all other genes within the same individual. 
Moreover, an individual is not killed until some particular 
generations even if it includes a selfish gene that cannot 
globally satisfy constraints. This method enables to avoid 
falling into a local minim for strict-constraint problems. 

2) The second idea is the dynamic penalty control 
method. This method promotes the optimization of the 
objective function by increasing the penalty for the 
individuals that violate time constraints according to the 
reparation cycle. 

3) The third idea is constraint pre-checking method. In 
our problems, the distribution points dispersed to a large 
nationwide area. Thus, this method statically analyses the 
constraints on the problem before starting the GA to reduce 
the overhead for dynamically searching nodes that cannot 
be visited by one vehicle. 

Our experimental results revealed that our proposed 
method enables interactive operations once or twice an hour 
for problems on a practical scale. Moreover, this method 
can obtain solutions with human expert-level accuracy for 
hard constraint problems. 
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