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Abstract: A genetic algorithm (GA) and a hybrid genetic algorithm (HGA) were used for optimal scheduling

of public vehicles based on their actual operational environments. The performance for three kinds of ve-

hicular levels were compared using one-point and two-point crossover operations. The vehicle scheduling

times are improved by the intelligent characteristics of the GA. The HGA, which integrates the genetic algo-

rithm with a tabu search, further improves the convergence performance and the optimization by avoiding

the premature convergence of the GA. The results show that intelligent scheduling of public vehicles based

on the HGA overcomes the shortcomings of traditional scheduling methods. The vehicle operation man-

agement efficiency is improved by this essential technology for intelligent scheduling of public vehicles.

Key words: genetic algorithm (GA); hybrid genetic algorithm (HGA); intelligent transportation system (ITS);

intelligent scheduling; public traffic

Introduction

Urban public transportation systems seek to meet the
increasing demands of all kinds of passengers while
earning profits with high quality of service (QoS) us-
ing a limited number of public vehicles. The contradic-
tion between the supply and demand of public vehicles
has existed for many years because the demands are
increasing while the vehicle resources cannot be ex-
panded infinitely. The scheduling of public vehicles
seeks to manage vehicle resources effectively by rea-
sonably allocating limited resources, with better results
realized through an optimized schedule. Since an op-
timized scheduling scheme is very complex, the oper-
ating environment is often simplified in practical
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systems. The results then fail to meet the real time
needs when the scheduling scheme is not fully opti-
mized"?. In some cases, such problems have been
successfully addressed by the use of interactive deci-
sion support systems to generate “good quality” solu-
tions™. Some local search techniques such as the
multi-start descent methods using simulated annealing
(SA), the tabu search (TS), and other neighborhood
exploration methods have been successfully applied in
some vehicle routing systems[4’5]. Despite their flexibil-
ity and relatively high efficiency, strategic support sys-
tems and local searches tend to require extensive man-
ual intervention and/or reevaluation of candidate solu-
tions. Although these disadvantages are sometimes
overcome by efficient schemes that evaluate perturba-
tions of existing solutions, this method is not valid in
all cases. Vehicle transportation itself is a nonlinear
programming (NP) problem that is difficult to sched-
ule!®, since candidate solutions are costly to evaluate
and the potential for user insight is limited.

Many researchers have introduced the genetic algo-
rithm (GA) into schemes to manage the operation and
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scheduling of public vehicles to obtain a reasonable
and effective scheduling scheme even in actual com-
plex environments''". However, different problems
need different object functions and genetic operators.
The GA has been used to obtain optimal solutions for
demand responsive services by public taxis'®”. The
GA has also been used for vehicle scheduling solutions
when traffic is disrupted®”. Benyahia and Potvin!'"
used the fleet routing to carry passengers to different
locations. Wang[”] elaborated on the architecture of in-
formation acquisition and infusion for dynamic routing,
but did not analyze the routing algorithm. The GA has
a strong search capability in large search space but its
search capability decreases in a small space. It can
quickly arrive at 90% of an optimized solution, but it
takes a very long time to arrive at 100% of the optimiz-
ing solution!"?.

Urban public vehicle scheduling in China generally
operates on fixed routes, with the operating mode of
each vehicle changeable to meet different demands dur-
ing the day. Not every vehicle stops and services at all
bus stops and not every vehicle needs to run the whole
route. The scheduling task is to assign the operating
mode and order of each vehicle to obtain the best QoS
level. Currently, vehicle scheduling is still mostly per-
formed by experts because the task is very complex and
requires high-level cognitive abilities. There are no ex-
isting computer aided solutions to maximize the service
level and the real time route conditions are not consid-
ered, i.e., existing schedule strategies are not automatic
or dynamic. This paper takes Beijing as an example and
analyzes the public vehicle scheduling problem using a
GA and a hybrid GA (HGA).

1 Public Vehicle Scheduling
1.1 Objective function

Vehicle scheduling problems can be studied as sort or-
der or resource distribution problems theoretically and
as transportation task planning and management in
practice. That is, the scheduling problem invokes the
time distribution of shared resources. Usually, the
scheduling method uses an object function for re-
stricted conditions as an equation or inequality. The re-
striction condition generally involves resource restric-
tions in sort order restrictions. The objective function
can be the time span, time delay, or resource utilization
efficiency. For most urban public transportation sys-
tems, which are stochastic service systems, the vehicle
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scheduling can be solved as a sort order problem.

In Beijing, the public buses run mainly as a full-
course bus, an intersection bus, or a main-stop express
bus. Let M be the entire vehicle set and J the bus stop
set, and each bus should arrive at its stops on time, es-
pecially the main stops. For example, if there are N ve-
hicles serving one route, the bi-directional (from origi-
nal stop to the final stop and vice versa) vehicle set is
represented as M = {m|m =12,..,2x N} . There are P

bus stops along the route, J = {j|j = 1,2,...,P} . If one

vehicle runs the full course, it will stop at all P stops. If
one vehicle runs in the intersection mode, it will only
stop (i.e., service) at the first Q (Q < P) stops. The ex-

press bus will only stop at some important stops (de-
fine O < P stops in advance and include the final stop
P) along the whole route.

Public transportation services in Beijing always
seem to have long intervals between buses providing
passenger service. Therefore, the passengers must wait
a long time for their incoming bus. Then sometimes
two buses get very close to each other so that the later
one does not pick up any passengers. In both scenarios,
the QoS is not satisfactory and the vehicle resources
are not utilized efficiently and effectively. To obtain a
high QoS level and to efficiently utilize the resources
of public vehicles, the operating mode and order for
each vehicle must be arranged according to an optimi-
zation index. Also, the operation time for each vehicle
should be as short as possible to enable the passengers
to arrive at their destinations within a reasonable time.
Statistically, the optimization index for the vehicle
scheduling problem seeks to minimize the operating
time according to the ratio of vehicles used during
slack and rush times. Thus, the objective function can
be defined as

min7; = Z max 7, + pZmax(O, o, —t;) (1)

meM JjeJ
where 7 is the operational vehicle turnover time from

the first vehicle leaving to the N-th vehicle returning, 7,

represents the execution ratio of the time for the m-th
vehicle to complete the whole transportation task (stop
and service O, P, or Q stops), l; and¢ 4. are the service

times at stop j and the stated service time, and p is

weighting coefficient which depends on the operating
time. Expert experience suggests that the weighting co-
efficient follows a stochastic Gauss distribution during
slack times and a fixed value during rush hours.
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1.2 Genetic coding

For public vehicle scheduling in Beijing, the execution
task sequence for the vehicle m can be expressed as

OP(’”):{OM,J(U’ Om,J(z)’ B m,J(X)} @)
where O, ., (j=12,..,X) stands for vehicle m

serving bus stop J(j) and J(X) stands for the number of
bus stops where vehicle m serves. The basic conditions
are: If X=P, then J(j)=j and the operation mode is the
full course coded as 0; If X=0, then J(j)=j and the op-
eration mode is the express mode coded as 1; If X=0,
thenJ(j)# j(j#1) and the operation mode is the in-
tersection mode coded as 2.
With this problem description, the vehicle schedul-
ing solution can be expressed by chromosomes,
SOP = {OP(m) | me M} 3)

Each chromosome is called an individual in the GA.
1.3 Genetic operation

In Eq. (3), all OP(m) (m=1,2,...,2x N) are genes.
The gene position in the Beijing public vehicle schedul-
ing problem is also a sort-order problem since the gene
itself will not be changed in the genetic operations. One-
point crossover, two-point crossover, and interchange
operators were used for the gene operations.

1.4 Fitness value calculation

The optimization index, 7j, of each chromosome can
be calculated on the basis of the scheduling results
with its sequential fitness value, f. However, Eq. (1)
requires the minimum performance index, 7, which
should be the maximum fitness value in the GA.
Ty, of ecach
chromosome is mapped into a fitness value using the

Therefore, the optimization index,
transpositional function

J=cly+d “)

where ¢ and d are constants, selected as described by
Chen et al.™ The selection of ¢ and d should make the
fitness value map into the region [C, D] after the
population scale initialization. In this way the
difference between fitness value among populations
will be preserved and the individual with the minimum
fitness value has an opportunity to participate in the
competition.

1.5 Scheduling algorithm procedure

The scheduling algorithm is described as follows.

Step 1 Stochastically produce an even number of
solutions to act as the initial population, storing the op-
timal individual and its setting as the evolutional gen-
eration number n.=0.

Step 2
larger than a given value, or the performance index of
the optimal individual reaches a given value, the
evolution process ends. Otherwise, continue to Step 3.

Step 3 Select individuals from the population pool

If the evolutional generation number #, is

according to the selection probability which is directly
proportional to their fitness value. The individuals are
selected for crossovers and mutations in order to
produce a new generation population. The crossover
operation is performed for genes at the same position
within two chromosomes. The mutation operation is
also performed for genes within the chromosome.
The feasibility of results is checked after the genetic
operation with n.=n.t1.

Step 4 Calculate the fitness value as the evaluation
standard for each individual.

Step 5 Replace the worst child individual with the
best father individual based on the super excellence
strategy.

Step 6
in this generation is larger than that of the optimal
individual in the corresponding father generation, set it

If the fitness value of the optimal individual

as the optimal individual. Continue to Step 2.

The outbreeding strategy is applied in the evolution
process to avoid inbreeding. The crossover will only be
performed with two different individuals.

2  GA Applications

Heuristic rules are applied to the initial population to
obtain solutions and improve the evolution efficiency.
With regard to the vehicle scheduling problem, one-
point and two-point crossover operations are used in
the GA. The basic performance with these two cross-
over operations are analyzed based on three different
problem scales with N=12, N=18, and N=21. Table 1
and Fig. 1 compare the results with these two genetic
operations in terms of the computational time and the
convergence speed.
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Table 1 Computational times for the two crossover operations

Minimum value

Average value Maximum value

Problem scale Crossover — - — ) .
Objective Computing Objective Computing Objective Computing
(2xN) type N : o : R .
function (min) time (s) function (min) time (s) function (min) time (s)
4 One-point 287.36 0.73 287.36 0.73 287.36 0.73
Two-point 287.36 0.94 287.36 0.94 287.36 0.94
36 One-point 367.62 0.80 375.42 0.82 383.22 0.84
Two-point 393.07 1.13 412.50 1.20 421.93 1.25
0 One-point 428.23 0.89 434.94 0.91 451.65 0.93
Two-point 468.23 1.47 418.70 1.49 495.27 1.59
500; population strings are created randomly. However, the
performance of the GA is influenced greatly by the pri-
c . . .
Easof ho_______ < Two-point crossover mary s.olutlons and the qu?lhty of solutions depen'ds' 9n
g T the primary fitness function value. Therefore, initial
g \ population strings should be created by using illumi-
B=1 \ . .
5 400 N nating regulations.
B Y I
3 One-point crossover Y (2) Filtering procedure In the pure GA, the com-
N \ petition is carried out within each child generation with
350 L L I

1 I
0 20 40 60 80 100
[terative number

Fig.1 Convergence speeds with N=18

As shown in Fig. 1 and Table 1, the algorithm needs
about 40 generations and 0.82 s to reach the optimal
solutions with the one-point crossover operation. The
two-point crossover operation needs about 85 genera-
tions and 1.20 s to reach the optimal solution.

3 Hybrid Genetic Algorithm
3.1 Description

The GA has a strong search capability in the large
search space but its search capability is reduced in a
small space. Therefore, many methods have been in-
troduced into the GA to improve the local search per-
formance such as intercross restriction operators and
combining the GA with traditional search algorithms
such as SA and TS. The introduction of SA or TS into a
GA to create an HGA not only enhances the local op-
timization of the GA, but also extends the local search
areas of the SA and TS algorithms and strengthens the
global optimization of the pure SA and TS algo-
rithms! >34,

There are three ways to integrate the GA with other
optimization methods.
The GA starts from
initial

(1) INluminating regulations

an initial population string. Usually, the

no competition between father and child generations.
Therefore, the excellent genes in the father generation
may be lost when transmitted to the child generation.
The optimum group solutions are put directly into the
next generation in some algorithms to preserve such
genes. However, this can cause premature convergence.
In addition, since the GA uses random crossover and
mutation operators, the transmitted individuals are not
all excellent ones. As a result, the initially excellent in-
dividuals can be damaged and the algorithm perform-
ance can be diminished. The preservation of excellent
child generation individuals is guided by certain rules.
Each child generation that cannot be preserved will be
filtered. When the value of the fitness function is less
than that of the father generation, the acceptance prob-
ability is taken as the survival probability of the weak
child generation'"".

(3) Cultivation procedure The single optimiza-
tion of certain individuals within the group to make it
acquire more excellent characteristics after several
generations of evolution is called cultivation. The “ex-
cellent generation” after the cultivation is returned to
the original evolution procedure to continue the genetic
evolution". The TS, SA, or other methods can be
used during the cultivating procedure.

The primary operations in the hybrid genetic algo-

rithm are!'™:
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Selection

GA: POP, ————— Parents,

Crossover+mutation

— Crosoversmutation_, pyp,

+1°

Crossover +mutation

HGA: POP, —=" ; Parents, —osovwertmutition
POP, —"5POP,

temp k+1>

Selection Crossover+mutation

POP, ———=— Parents, ———————"—
pPOp - Cultvation o pOp

temp k+1*
3.2 Tabu search algorithm

The tabu search is a meta-strategy iterative procedure
for building extended neighborhoods with particular
emphasis on avoiding being caught in a local optimum.
TS was initially proposed by Glover'®. The search
space is explored by moving from a solution to its best
neighbor to increase the likelihood of moving out of a
local optima. Successive neighbors of a solution are
generated and the corresponding objective function is
evaluated since the results are sometimes worse than
the previous solution. To avoid cycling, solutions that
were recently examined are forbidden or declared tabu
for a certain number of iterations. A move made in it-
eration X is called tabu until iteration (X + ) where 6
is the tabu duration randomly chosen on a pre-
specified interval. Thus, the tabu list is an ordered
queue containing forbidden moves. Whenever a move
is made, it is inserted into the end of the tabu list and
the first element from the list is removed. The best ad-
missible move is then chosen as the highest evaluation
move in the neighborhood of the current solution in
terms of the objective function value and the tabu
restrictions.

The key to the enlightening optimizing method is to
decide the size of the tabu list. If the tabu list is too
small, invalid iterations are not avoided, which will af-
fect the optimizing function of the TS over the whole
search area. If the tabu list is too large, the list will not
only increase the computing complexity in time and
space, but will also make it difficult for the TS to ap-
proach the vicinity of the optimum solution in the
whole area.

3.3 GA-TS hybrid genetic algorithm

The TS algorithm solves hybrid optimization problems
very efficiently because it repeatedly searches in the
vicinity of current solutions and moves quickly in the
optimization direction with high probability. However,

the TS algorithm has adjustable parameters that have to
be adjusted during the calculations. Since the parame-
ter selection directly affects the final solutions the TS
is not robust. The GA is used to adjust not a single so-
lution but several limited parameters. Therefore, the
combination of the GA and the TS gives a hybrid ge-
netic algorithm with better performance than each one
separately. When introduced into the GA, the TS is
used to optimize all the individuals in the group in the
“cultivating procedure”. Then the mutation operation is
used to acquire more optimum characteristics to reach
the optimum result. A flow chart of the GA-TS HGA is
shown in Fig. 217,

TS-cultivation

>Parents, ———

POPk Selection +Crossover

POP Mutation POP

temp k+1°

The GA-TS HGA has four basic steps.

(1) Initialization: several feasible solutions unrelated
to each other are created randomly to get primary fea-
sible solution.

(2) Genetic operations: selection and crossover are
aimed at the group of feasible solutions to get a locally
optimum solution.

(3) TS-searching: The locally optimum solutions in
Step 2 are succeeded to get the optimum local solution.

(4) Mutation operation: The individuals from the op-
timum local solution in Step 3 are calculated to get
new individuals.

Creation of initial
population strings: m

1

(" Examination of the fitness )
of feasible solution

i

[ Genetic operation: Selection and crossover ]

i

[ Confirming TS list, search best solution ]

in neighbor domain of feasible solution
1

Make current solution as the
best searching solution

i

[ Genetic mutation operation ]

Judgment
criteria of stop

[ Optimal solution ]

Fig.2 Flow chart of GA-TS HGA



630

Steps 2, 3, and 4 are repeated until the algorithm
stop criterion is met.

The efficiency of the GA-TS hybrid genetic algo-
rithm for the optimal public vehicle scheduling prob-
lem was evaluated by comprising the GA-TS HGA and
the pure GA separately to the optimal scheduling of 18
vehicles (NV=18). The convergence speeds and optimiz-
ing qualities of the hybrid GA-TS genetic algorithm
and the simple GA are shown in Fig. 3.

5001

450

400

Object function (min)

A
HGA =N _
350 L
0 20

80

1 1 ]
40 60 100
Iterative number

Fig.3 GA-TS HGA and GA results

The results show that the GA-TS HGA possesses

stronger convergence characteristics and moves
quicker to a good search domain than pure GA. Thus,
the number of generations is reduced and the prema-
ture convergence of the GA is avoided, which im-

proves the scheduling performance.
4 Results and Analyses

The route 375 buses in Beijing urban public transporta-
tion system are taken as an example using the intelli-
gent GA-TS HGA. Since the bus system is an open,
dynamic system, many factors influence and restrict
the operating speed of the buses. Statistical analyses of
the urban traffic flow in Beijing show that the public
vehicle traffic during slack times is basically steady but
that the buses face traffic jams during rush hours. Dif-

ferent weights were used to model the values situations.

The following simulations were for slack times with

the weights o chosen as a stochastic Gauss distribution.

There are 18 vehicles on Route 375 in Beijing, i.e.,
N=18 with full-course buses (=70%), intersection buses
(=15%), and express buses (15%). The line has 18 bus
stops and the travel time from origin to destination is
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about 50 min. The vehicles are empty before starting or
after working hours, so their operation is zero. Assum-
ing that the vehicles use the same time between bus
stops and stay at each stop for the same length of time,
the operating parameters are then a scheduling interval
of 8 min, the time at each stop of 0.25 min, and the run

time between stops of 2.9 min.

To avoid propagation among close relatives during
evolution, the intercross (or interchange) strategy was
used before the intercross operation between two indi-
viduals in the father generation, and the individuals
were comprised. If the two individuals were not the
same, the intercross operation was permitted. If they
were the same, then one of the two individuals was re-
placed randomly to create a new individual. For this
scheduling problem, the HGA population scale was 60,
the one-point crossover probability was P=0.75, and

the mutation probability was P,=0.005. The schedul-

ing scheme for the 18 vehicles gave the result:
000010021001002002001000020000100120

The detailed information above shows that if the ve-
hicular scheduling interval is 8 min, then 13 vehicles
are enough for one turnover and the total time is about
366.3 min. If 18 vehicles are used, the scheduling in-
terval will be 5.5 min. Thus, the optimal scheduling
scheme obtained based on the GA-TS HGA can rea-
sonably allocate public vehicle resources and improve

transportation efficiency.

5 Conclusions

Intelligent scheduling methods for public traffic vehi-
cles were developed using the GA and the HGA. The
intelligence characteristics of GA improve the operat-
ing efficiency of the public vehicle system. The prema-
ture consequence of the GA was avoided by the intro-
duction of the TS algorithm into the HGA to improve
the convergence and optimization characteristics. The
results show that the intelligent scheduling algorithm
based on the combination of the intelligence technol-
ogy and scheduling methods greatly improves the per-
formance of the scheduling system in terms of shorten-
ing the turnover time and balancing the vehicle

resources.
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