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Abstract. In this paper the job shop scheduling problem with two crite-
ria of minimizing makespan and the sum of tardiness of jobs is considered.
This multi-objective problem is strongly NP-hard, as single criterion ver-
sion is strongly NP-hard as well. A permutation-based representation
for the job shop problem is used and a new hybrid parallel multi-agent
method, called GACO (Genetic Algorithm Ant Colony Optimization),
is proposed. The computation is done in parallel and additional threads
concurrently compute certain parts of both algorithms. The researched
speed-up is considerable, albeit limited by the need to combine solutions.
Approximation of the Pareto front obtained by GACO is superior to the
approximations obtained by GA and ACO separately.

Keywords: Multi-criteria optimization · Job shop problem · MCDA ·
Hybrid algorithm · Nature-based

1 Introduction

Maintaining competitive position in fast changing market requires companies to
use new methods of optimization and drives scientists to develop more efficient
algorithms. Due to that competitiveness, developing effective, advanced methods
is extremely important. The so-called job shop scheduling problem (JSP) rep-
resents a class of widely studied cases based on ideas derived from production
engineering. Most of the currently researched problems consider single criterion
objective value function and are easily adaptable to real world applications,
but modern scheduling problems need more advanced models. This applies not
only to scheduling problems in manufacturing processes, but also for network
scheduling [16] or vehicle routing problems [7].

Multi-objective JSP (MOJSP) is the result of natural evolution of models
and optimization methods that put more emphasis on practical applications of
JSP. This is because decision making in scheduling usually have to take several
economic indexes simultaneously, which naturally take the form of several opti-
mization criteria. Thus, real world applications require adjusting existing mod-
els of discrete optimization and objective functions to multi-criteria approach to
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solve modern optimization problems. However, frequently studied cases apply
optimization algorithms with only one criterion and few researchers use multi-
criteria approach to JSP. One of the biggest concerns of multi-criteria optimiza-
tion is computational complexity, which generally grows with the number of
defined criteria, making solving NP-hard problems even more difficult. Recently
researchers try to bypass this issue by harnessing the possibilities of parallel
programming, CUDA architecture and distributed computing being the prime
examples. These are used to significantly speed up the computation process.

1.1 Multi-objective Job Shop Scheduling Problem

Most common multi-objective algorithms are variances of evolutionary and pop-
ulation based methods. This is caused by the fact that multi-agent algorithms
perform multiple searches of the solution space at the same time. One of their
qualities is an ability to find an approximation of the Pareto front in short time,
which made them useful and efficient in multi-criteria optimization. Below we
present a brief review of some of such methods proposed in the literature.

In paper [8], a Two-Stage Genetic Algorithm (2S-GA) was proposed by
Kachitvichyanukul et al. Its goal was to minimize weighted sum of the criteria,
including makespan, total weighted earliness and tardiness. Proposed algorithm
was compared with single criterion methods and one multi-objective algorithm.
Authors compared their new dispatching rule based representation with others
known from literature. Algorithms using Model-based Hybrid Representation
(MHR) obtained higher values of Hyper-Volume Indicator (IH) and were more
robust to the representation size. An evolutionary algorithm (EA) was proposed
by Lei and Wu [11]. External population was adjusted using crowding measure
and assigned different fitness values for individuals. Proposed algorithm per-
formed well in optimizing bi-criteria objective function, consisting of makespan
and total tardiness.

A hybrid algorithm called Jumping Genes Genetic Algorithm (JGGA) [15],
proposed by Ripon, was capable of searching for near-optimal Pareto solutions,
while maintaining convergence. Performed tests have shown better results com-
pared to the other existing evolutionary approaches.

Another multi-agent method, called Particle Swarm Optimization (PSO),
was proposed by Lei [10]. This method used global best position selection com-
bined with maintaining crowding measure-based archive. Tests have shown, that
the algorithm produced high quality Pareto fronts. Sha and Lin proposed Multi-
Objective PSO (MOPSO) [17] with the optimization criteria of the makespan,
total tardiness and total idle times. Decoding was performed using the Giffler
and Thompson heuristic, which provides active solutions from schedules. Small-
sized benchmarks were used in evaluation and MOPSO yielded good quality
results. Representative of another multi-agent method was proposed by Udom-
sakdigool and Khachitvichyanukul [20]. An Ant Colony Optimization (ACO)
solved MOJSP with competitive results. Authors applied Local Search (LS)
method in order to intensify the search.
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Apart from multi-agent algorithms, some methods based on local search (LS)
methods were proposed for solving MOJSP. Suresh and Mohanasndaram devel-
oped Pareto-archived simulated annealing (PASA) [19] for solving bi-criteria
MOJSP. It made use of Pareto dominance and a criteria aggregating to accept
the candidate solution from among the solution set generated by the segment
random insertion (SRI neighborhood structure. PASA outperformed other tested
algorithms in benchmarks. Fattahi et al. tackled bi-criteria MOJSP with simu-
lated annealing (SA) approach [4]. Multi-objective problem with makespan and
total weighted tardiness was converted to scalar optimization function. Unfor-
tunately, no comparative tests were performed.

1.2 Parallel Job Shop Scheduling Problem

Recently parallelization of algorithms became common in the field of computer-
aided optimization. This is caused by the fact that modern computer systems
increase their computational power by developing methods of parallel processing
(e.g. multiple processor cores), instead of increasing the clock rate of processors
(and other subsystems). As a result, sequential algorithms, which use only a sin-
gle core, fail to employ almost all of the available computational power offered
by state-of-the-art computers. Along with the further development of multi-
core devices the advantage of parallel algorithms over sequential algorithms will
increase even further. Below we briefly present some recent developments and
approaches to parallel JSP.

Bożejko et al. proposed a parallel SA algorithm [1] and significantly reduced
the computation time through the parallelization of computing the fitness proce-
dure. Super linear speedup was obtained when using representative-based neigh-
borhood. Gu et al. [5] proposed a parallel genetic algorithm (GA). The solution
space was divided into so-called islands. Each of the parallel algorithms per-
formed operations on one of those islands. Algorithm instances exchanged infor-
mation with each other to provide the best individuals. Tests have shown that
the proposed algorithm has high convergence speed and provides near-optimal
solutions efficiently. Another population based algorithm was proposed by Yusof
et al. in [21]. It was micro GA, which worked on small populations. When pop-
ulations reached similar chromosomes, the re-initialization started. The best
individual was kept and all others were replaced by randomly-generated pop-
ulation. Parallel approach provided better solutions in less time than sequential
GA and micro GA. Parallel tabu search algorithm was proposed by Bożejko
et al. [2]. Authors solved flexible JSP. The problem has been divided into two
subproblems: assigning operations to the machines and determining the order of
operations on each machine. The second phase was performed on parallel GPU
machines, and the results were collected using the MPI protocol. Computations
time for instances of big size was significantly improved.
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1.3 Applications

Pfund et al. considered complex job shop problem in semiconductor wafer
fabrication process. In paper [14]a Modified Shifting Bottleneck Heuristic was
proposed. Semiconductor wafer usually need to be processed many times on dif-
ferent machines, sometimes repeatedly on each machine in different stages of the
processing. Since each machine can cost from tens to hundreds of thousands of
dollars, it is necessary to reduce capital spending by scheduling of jobs.

In further practical use for multi-criteria scheduling, one should concentrate
on decision support systems (DSS), which will aid decision-maker (DM) and
allow to improve results accordingly. When considering more than two criteria,
it is crucial to decide on a method of visualization. Miettinen prepared a sur-
vey of visualization techniques in paper [12]. Depending on problem and DMs
preferences, there is a number of methods to implement in DSS.

2 Problem Description

We consider a manufacturing system with the set M = {1, . . . ,m} of m machines
with unit capacity. Moreover, J = {1, 2, ..., n} is the set of n jobs to be processed.
Job j-th, consists of the sequence of nj operations indexed consecutively (lj−1 +
1, ..., lj−1 +nj), where lj =

∑j
i=1 ni is the total number of operations of the first

j jobs, j = 1, 2, ..., n, (l0 = 0), o =
∑n

i=1 oi is the total number of all operations
and oi is the number of operations required to complete job i. Operation x is
to be processed on machine μx ∈ M during an uninterrupted processing time
px > 0, x ∈ O. Our aim is to find the schedule under the following constraints:
(1) each machine can process at most one product at a time, (2) each product
can be process by at most one machine at a time, (3) operations cannot be
preempted.

The set of operations O can be decomposed into subsets Ok = {x ∈ O|μx = k},
each of them containing the operations to be processed on machine k ∈ M . Let
permutation πk define the processing order of operations from the set Ok on
machine k, and let Πk be the set of all permutations on Ok. The processing order
of all operations on machines is determined by m-tuple π = (π1, π2, ..., πm), where
π ∈ Π1 × Π2 × . . . × Πm.

A given schedule π can be described by a pair of vectors S = (S1, . . . , So)
and C = (C1, . . . , Co), where Sj and Cj denote starting and completion time of
operation j. The schedule has to satisfy the following constraints:

Ctj
≤ Sj tj �= 0, j ∈ O, (1)

Csj
≤ Sj sj �= 0, j ∈ O, (2)

Cj = Sj + pj j ∈ O, (3)

A schedule that satisfies inequalities (1–3) is feasible. Constraint (1) follows from
technological processing order of operations inside job, whereas (2) follows from
the unit capacity of machines.
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Our aim is to find feasible processing order π∗ ∈ Π, such that:

Csum(π∗) = min
π∈Π

Csum(π), (4)

Cmax(π∗) = min
π∈Π

Cmax(π), (5)

where Csum(π) =
∑n

i∈OL Ci is the sum of jobs completion times and OL = {i :
i = li−1 + ni, i ∈ O} is the set of the last operations of jobs, while Cmax(π) is
the time required to complete all jobs on the machines in the processing order.

3 Multi-Criteria Solutions Evaluation

Evaluation of multi-criteria solutions is not as straight-forward as in the case of
single-criterion problems. Comparing two solutions requires different approaches.
Aggregation of (weighted) objectives is one of the most commonly used tech-
niques, unfortunately this method requires either fine tuning of the weights or
running the algorithm using the multi-start method. Thus, we considered tech-
niques from multi-criteria decision analysis (MCDA) to evaluate solutions in
those multi-agent algorithms.

Technique for Order of Preference by Similarity to Ideal Solution.
Hwang and Yoon proposed TOPSIS, a MCDA method in [6]. The concept is to
choose the solution with the shortest geometric distance from the best (ideal)
solution and the longest distance from the worst (negative-ideal) solution. The
extreme criteria values of given solutions are used to determine this ideal and
negative-deal solution. The method also uses weights for each criterion and nor-
malizes all solutions before calculating the geometric distances. The higher the
value of the relative closeness the better the solution. This method allows to
choose one solution from the Pareto front, without involving decision-maker in
the process.

Pareto Efficiency. The solution to a multi-objective problem is the set of
non-dominated solutions called the Pareto front, where dominance is defined
as follows. In a minimization problem a solution y = (y1, y2, . . . , yf ) dominates
z = (z1, z2, . . . , zf ) (denoted y ≺ z) if and only if:

∀
i∈F

yi ≤ zi, (6)

∃
i∈F

yi < zi, (7)

where F = {1, . . . , f} is the set of f criteria (objective functions).
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4 Representation and Decoding

The representation of solutions is an important aspect in algorithm development,
as it determines the solution space and some properties of solutions. When solv-
ing JSP, it is also important to decide on a method of decoding such representa-
tion. For the purpose of this work we decided to use a job-based representation
and decoding scheme based on Giffler and Thompson heuristic. In result, solu-
tions decoded by our algorithm are active. Moreover, simplified representation
results in decreased computational time of the algorithm.

5 Proposed Method

For the purpose of this article a hybrid parallel algorithm was implemented.
Said algorithm used two multi-agent methods – Genetic Algorithm (GA) and
Ant Colony Optimization (ACO) – which allow fast approximation of Pareto
front and, due to their characteristics, search different areas of solutions space.
Parameters of all algorithms were automatically adjusted (self-set parameters).
Moreover, a second stop rule was implemented. When execution reaches certain
(predetermined by tests) run time, the algorithm stops at current iteration and
returns gathered solutions.

5.1 Ant Colony Optimization

The Ant Colony Optimization (ACO) is a probabilistic meta-heuristic technique
used to create approximate algorithms for optimization problems. The technique
itself is used in order to find good (short) paths in a given graph. It is most
commonly used in the Traveling Salesman Problem (TSP). Currently it has
found usage in a wide range of discrete optimization problems and is applicable
to any problem that can be reduced to short path search in a graph, including
the MOJSP.

ACO is a population-based algorithm simulating the foraging behavior of ant
colonies, where ants create candidate solutions in each iteration. Solutions are
created in steps, each step extends an existing partial solution, by choosing next
node in a graph. The probability of selecting a given node is dependent on the
visibility of the node and the pheromone trail on the edge that leads to that node,
the higher the pheromone value, the more attractive the edge is. All constructed
solutions are then evaluated and the pheromone trails are updated depending
on the quality of solutions found. Thus, the search can intensify on promising
parts of the solution space. The pheromone evaporates over time, meaning the
colony can forget unused or bad trails and thus diversify the search process.

A number of variants of ACO have been proposed. In this paper we employ
Max-Min Ant System (or MMAS) by Stützle and Hoos [18], which introduces
a few new elements. The pheromone trail on a given edge is restricted between
values of τmin and τmax. Contrary to the basic ACO variant, MMAS uses an elitist
approach, where only one or two ants have the right to update the pheromone
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matrix per iteration. Both iteration- and global-best ants are used as candidates
for this role. The MMAS is easily adapted to MOJSP, since our solution rep-
resentation is a permutation (the same as in TSP). The main problem is the
definition of the visibility of the edge (job) j. We decided on a heuristic app-
roach where the visibility is equal to the sum of processing times of all operations
of the job j. The remaining implementation of our MMAS closely follows the
original paper by Stützle and Hoos.

5.2 Genetic Algorithm

Genetic Algorithm (GA) is a multi-agent method based on the evolution pro-
cess found in the nature to find better solutions. Evolutionary algorithms use
techniques inspired by natural occurring factors, such as inheritance, mutation,
selection and crossover to generate solutions to optimization problems. Usually,
the evolution starts from random initial population, which consists of individ-
uals. In each iteration, called generation, those individuals are modified (by
means of mutation and/or crossover) and their fitness is evaluated in order to
select best solutions for next generation. Over the years, different approaches to
the GA were proposed and tested for a variety of optimization problems. Our
GA uses external Pareto archive in order to maintain non-dominated solutions
through successive iterations. The individuals in population are represented by
the following: jobs permutation, values of criteria functions and relative close-
ness indicator calculated by the TOPSIS method. Initial population includes
solutions obtained from certain constructive algorithms, prepared to optimize
one of the criteria. Such initialization allows faster designation of the approxi-
mation of Pareto front. Mutation is performed by interchanging two random jobs
in schedule, while crossover uses a partially matched crossover (PMX) scheme.
Fitness values are evaluated using the TOPSIS technique and are then used in
tournament selection. After the selection, half of parent and child population is
combined into new parent population. Moreover, when relative closeness values
converge to zero, an anti-stagnation function is employed.

5.3 Parallel Algorithm – GACO

Both component algorithms, GA and ACO, are population-based meta-heuristics.
GA uses its current solution population (let us denote it PGA) in order to perform
the selection process: select(PGA). Similarly, ACO employs its constructed solu-
tions (PACO) to perform the pheromone update: update(PGA). Our idea is to allow
both algoritms to use each population of the other algorithm in addition to their
own. Let PGACO = PGA ∪ PACO. Then we define new selection and pheromone
update operations: select(PGACO) and update(PGACO). This allows to combine
solutions gained through the capabilities and unique features of both algorithms.
The resulting hybrid algorithm is named GACO.

In order to properly perform the selection and update process, the GACO
algorithm needs both populations. Therefore, a synchronization mechanism is
implemented (using condition variables) to ensure that those processes will not
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 0

 0.5

 1

 1.5

 2

 2.5

 3

 3.5

 4

 1  2  3  4  5  6  7  8

Number of threads

Time [100x seconds]
Speedup
Efficiency

Fig. 1. Processing time, speed-up and speed-up efficiency for the GACO algorithm

start until both PGA and PACO are prepared for the current iteration. The result-
ing sequential algorithm has the processing time a little over a sum of the sequen-
tial GA and ACO processing times. In case of the ta01 instance this time equals
314 seconds (10 000 iterations, 200 ants and 200 GA specimens). However, we
employ two parallelization mechanisms. First, the GA and ACO are computed
in parallel, only stopping to wait for the other algorithm before combining their
current populations. This uses two parallel threads and reduces the processing
time to 183.6 seconds for ta01. Next, a number of subthreads is created for each
algorithm. Those threads are created only once and are used to perform time-
consuming operations (crossover, mutation, ants solution construction) in each
iteration. For 8 concurrent threads this results in and processing time of 79 sec-
onds for ta01 and a total speed-up of roughly 4. This value stays fairly constant
for other Taillard instances, meaning (from Amdahl’s law) that the parallel frac-
tion of the GACO algorithm is roughly equal to 85%, including the processor
overhead. The speed-up and speed-up efficiency for the GACO algorithm are
shown in Fig. 1. The values were measured for even number of threads and the
computing times in the figure were divided by 100.

6 Computer Experiment

All algorithms were implemented in C++ and compiled with g++ 4.6.3. The
programs were tested on i7-3610QM 2.30 GHz machine (8 concurrent threads)
with 6 GB of RAM under the Linux operating system. Benchmarks were taken
from literature and contain 8 groups. Each group consists of 10 instances of the
same size.
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6.1 Multi-Criteria Quality Indicators

Our approach is based on a dominance relation, so the result for each instance
of GACO is a set of non-dominated solutions – an approximation of the Pareto
front. Solutions from all the algorithms were flagged and aggregated into a single
set, which was then purged of dominated solutions. A number of solutions in this
global Pareto-efficient set was computed for each algorithm and used to compare
solution sets [13].

Zitzler et al. [9] provided a necessary tool for a better evaluation and compari-
son of multi-objective algorithms. Hyper-volume indicator (or HVI) IH measures
quality of the Pareto front approximations. It measures the area covered by the
approximated Pareto fronts bound by reference point, described as 120% of the
worst values of each criterion.

6.2 Results

There are 80 instances divided into 8 instance sizes, thus computation results
were combined into groups of fixed instance size.

Table 1. Hyper-Volume indicators and number of Pareto solutions

Group |P | |PACO| |PGA| |PGACO| IH(ACO) IH(GA) IH(GACO)

15 × 15 124 10 36 78 0,077 0,064 0,100

20 × 15 135 22 39 74 0,088 0,069 0,118

20 × 20 120 20 35 65 0,078 0,067 0,090

30 × 15 133 11 38 84 0,093 0,068 0,100

30 × 20 145 9 50 86 0,083 0,068 0,094

50 × 15 195 12 71 112 0,104 0,059 0,120

50 × 20 167 18 49 100 0,094 0,066 0,105

100 × 20 208 25 65 119 0,114 0,061 0,130

Sum 1227 127 383 718

Average 0,091 0,065 0,107

For each test instance and for each run of the algorithms, we collected the
following values:

– |P | – number of non-dominated solutions in aggregated approximations of
Pareto fronts from all algorithms,

– |Px| – number of non-dominated solutions found using algorithm x,
– IH(x) – HVI value of Pareto front found by algorithm x,

where x ∈ {ACO,GA, GACO}.
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Tab. 1 shows summed up numbers of Pareto solutions for each instance size.
As can be seen, the number of Pareto solutions found by GACO algorithm
exceeds the number of Pareto solutions found by ACO ang GA algorithms, both
of them in total only found around 41% of all of the non-dominated solutions.
Moreover, IH values of ACO and GA were from 15 to 39% lower than GACO.

Furthermore, a series of statistical hypothesis testing, using Octave software,
was conducted in order to assess the mean value of the HVI of GACO algorithm
compared to ACO and GA. For all test we used Student’s t-test with the sig-
nificance level of 0.05, i.e. the test yeilds the p-value and we compare it with
0.05 in order to reject or accept the null hypothesis. First, we tested the GACO
algorithm compared to ACO. For this we defined a new IH parameter as follows:

QACO =
IHi

(GACO)
IHi

(ACO)
, (8)

where i is the tested instance (i.e. from TA01 to TA80). Thus, we obtained
sample of 80 values of QACO. We have concluded that mean value of QACO is
equal to 1.25 (GACO has 25% better HVI value compared to ACO) with test
yielding the p-value of 0.075. We also determined that the mean QACO is greater
than 1.15 using one-sided t-test (yielded p-value of 0.4, null hypothesis μ = 1.15
is rejected and alternative hypothesis μ > 1.15 is accepted).

Similar test was done for the GACO vs. GA case. The resulting value QGA

indicates that GACO is 70% (test yielded p-value of 0.272) or even 74% (p-value
of 0.052) better than pure GA in terms of IH . Using one-sided testing we also
observed that mean IH of GACO vs. GA is greater than 1.57 (p-value of 0.045,
null hypothesis rejected, alternative μ > 1.57 accepted).

As a last test we have decided to put GACO against the combined forces of
GA and ACO algorithms:

QMAX =
IHi

(GACO)
max(IHi

(ACO), IHi
(GA))

. (9)

We observe that the mean for such defined QMAX is equal to 1.2 (p-value 0.75) or
even 1.24 (p-value 0.077). For the one sided test with μ > 1.14 as the alternative
hypothesis, we obtained the p-value of 0.032, thus rejecting the null hypothesis
in favor of the alternative hypothesis.

All this allows us to conclude that IH indicator values for GACO are much
greater than that for GA and considerably greater than that for ACO and both
algorithms combined. This result is also statistically significant.

In order to assist the visual evaluation of the approximations of Pareto fronts
obtained by proposed algorithms, we normalized all solutions from all instances.
First, for each instance we found minimal and maximal values of all criteria.
Second, we computed a normalized value of the solutions using the following
formula:

norm(xi,j) =
xi,j − min xi

maxxi − min xi
, (10)
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where:

– xi,j – value of the i-th objective function in the j-th solution,
– min xi – minimal value of the i-th objective function in the current instance,
– max xi – maximal value the of i-th objective function in the current instance.

The sets of normalized non-dominated solutions, henceforth called clouds,
which were obtained using all tested algorithms are shown in Fig. 2. The cloud
obtained from the proposed GACO algorithm is similar in shape to the cloud
obtained from the results provided by the ACO algorithm, however the GACO
cloud has better (smaller) values for both criteria than ACO, showing its superi-
ority over it. Moreover, the GACO cloud also comes closer to the GA cloud and
while it does not reaches it, the spread of Pareto-efficient solutions is improved
compared both to GA and (to lesser extent) to ACO.

Furthermore, we have compared proposed algorithm with NSGA-II proposed
by Deb et al. in [3]. The results of the comparison are shown in Tab. 2. The total
and individual values of |P | are lower, than those of |PNSGA-II| and |P|GACO|,
because a number of locally Pareto-optimal solutions from one algorithm was
dominated by the other algorithm and vice versa. Removing the dominated and
repeated solutions yielded lower value of the total number of Pareto-optimal
solutions. In the evaluation the NSGA-II algorithm had overall better values
of HVI (especially in case of small instances), but proposed GACO algorithm
achieved its assumed purpose of finding an approximation of Pareto front, which
is more evenly spread and contains, overall, three times greater number of non-
dominated solutions.
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Table 2. Comparison with NSGA-II

Group |P | |PNSGA-II| |PGACO| IH(NSGA-II) IH(GACO)

15 × 15 81 38 105 0,25 0,19

20 × 15 93 45 116 0,18 0,10

20 × 20 72 40 95 0,28 0,21

30 × 15 92 44 105 0,10 0,08

30 × 20 78 45 99 0,16 0,18

50 × 15 110 51 131 0,15 0,17

50 × 20 80 40 123 0,14 0,13

100 × 20 68 38 139 0,09 0,11

Sum 674 341 913

Average 0,17 0,15

7 Conclusions and Further Research

Main idea behind the proposed algorithm was derived from our previous work,
where we observed certain properties of Pareto front approximations produced
by ACO and GA algorithms. Proposed hybrid algorithm met our expectations
and provided Pareto fronts which included the minimization of both objectives.
In our previous work we concluded that ACO with its pheromone matrix tends
to minimize Csum while GA steers itself for lower Cmax values. Combining those
methods and exchanging information between ants and GA individuals allowed
a wider exploration of the solution space. Further research involving different
measures of the quality of solutions and interchanging of the non-dominated
solutions will be performed.
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1. Bożejko, W., Pempera, J., Smutnicki, C.: Parallel Simulated Annealing for the Job
Shop Scheduling Problem. In: Allen, G., Nabrzyski, J., Seidel, E., van Albada,
G.D., Dongarra, J., Sloot, P.M.A. (eds.) ICCS 2009, Part I. LNCS, vol. 5544,
pp. 631–640. Springer, Heidelberg (2009)
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