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Abstract This paper presents an improved constraint satisfaction adaptive neural network for job-shop scheduling
problems. The neural network is constructed based on the
constraint conditions of a job-shop scheduling problem. Its
structure and neuron connections can change adaptively according to the real-time constraint satisfaction situations that
arise during the solving process. Several heuristics are also
integrated within the neural network to enhance its convergence, accelerate its convergence, and improve the quality
of the solutions produced. An experimental study based on
a set of benchmark job-shop scheduling problems shows
that the improved constraint satisfaction adaptive neural network outperforms the original constraint satisfaction adaptive neural network in terms of computational time and the
quality of schedules it produces. The neural network approach is also experimentally validated to outperform three
classical heuristic algorithms that are widely used as the baS. Yang ()
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sis of many state-of-the-art scheduling systems. Hence, it
may also be used to construct advanced job-shop scheduling
systems.
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Non-delay schedule · Priority rule · Computational
complexity

1 Introduction
The job-shop scheduling problem (JSSP) is one of the most
difficult problems in scheduling. It aims to allocate a number of machines over time to perform a set of jobs with
certain constraint conditions in order to optimize a certain
criterion, e.g., minimizing the makespan (Baker 1974). The
JSSP has been much studied in the academic literature due to
its importance as a typical combinatorial optimization problem and its potential expansion to a wide range of industrial
problems. Traditionally, there are three kinds of methods to
solve JSSPs: priority rules, combinatorial optimization, and
constraints analysis (Dubois et al. 1995). The first category
has the merit of being computationally efficient and easy to
implement on real cases, but there is no guarantee with respect to the quality of the solutions produced. Optimization
methods are much more rigorous but are not tractable when
the problem size is large and the optimal solution is required
(Bellman et al. 1982). The third category, originated from
Erschler et al. (1976), looks for a set of feasible solutions
that meet several technical constraints from which the user
may choose the final solution.
It has been demonstrated (Garey et al. 1976) that jobshop scheduling is usually an NP-complete problem. Because of the NP-complete characteristics of the JSSP, it is
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usually very hard to find its optimal solution. Fortunately,
an optimal solution in the mathematical sense is not always necessary in practice. Hence, researchers have turned
to search for near-optimal solutions to JSSPs, utilizing many
different heuristic algorithms (French 1982) and the nearoptimal solutions that are produced usually meet the requirements of practical problems. Several knowledge-based
scheduling systems have been presented (Fox and Zweben
1993; Hentenryck 1989), which are much more general than
traditional methods because they systematically use constraints, implement heuristic knowledge, and represent a
framework for stating and solving combinatorial optimization problems.
Researchers have also investigated artificial intelligence
methods for JSSPs. As one line of research on artificial intelligent methods for JSSPs, genetic algorithms (GAs) have
been intensively investigated in the last decade (Bierwirth
and Mattfeld 1999; Cheng et al. 1996, 1999; Fang et al.
1993; Hart et al. 2005). Nowadays, several state-of-theart JSSP scheduling systems are based on GAs (Vázquez
and Whitley 2000a provides a comparison of several GAs
on JSSPs). As reviewed by Hart et al. (2005), many of
the state-of-the-art GA based approaches for JSSPs make
use of heuristics, such as the classical Giffler and Thompson’s algorithms (Giffler and Thompson 1960), to generate
schedules and/or guide genetic operators. The examples are
the Heuristically-guided GA (HGA) (Hart and Ross 1998),
the Order Based Giffler and Thompson (OBGT) algorithm
(Vázquez and Whitley 2000b), and the GA with Time Horizon Exchange (THX) operators (Lin et al. 1997).
Another line of research on intelligent methods for JSSPs
is to investigate artificial neural network based scheduling
systems (Luh et al. 2000; Akyol and Bayhan 2007). Foo and
Takefuji (1988a, 1988b) first used a neural network to solve
JSSPs. Thereafter, several neural network architectures have
been devised for JSSPs (Foo et al. 1994; Willems 1994;
Willems and Brandts 1995; Yu 1997). Willems (1994) first
proposed a constraint satisfaction neural network for traditional JSSPs without free operations.1 Willems’s neural network was extended in (Yu 1997; Yu and Liang 2001) a job
constraint block to deal with free operations and introduced
the gradient optimization mechanism that can be combined
with the neural network for JSSPs. The above mentioned
neural networks are basically static, where the connection
weights and biases of neurons must be first prescribed according to the constraints of a particular JSSP and then remain fixed during the solving process.
In (Yang and Wang 2000), a constraint satisfaction adaptive neural network (CSANN) was proposed for JSSPs.
1 A free operation of a job is one that has no sequence constraints with
other operations of the job.
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CSANN consists of a sequence constraint block that is constructed according to the sequence constraints of a JSSP and
a resource constraint block that is constructed according to
the resource constraints of the JSSP. CSANN works by iteratively removing the violation of the mapped constraints
and can adaptively adjust the connection weights and biases
of neurons according to the actual constraint violations during the solving process. In Yang and Wang (2000, 2001),
several heuristic algorithms were also proposed to improve
the performance of CSANN and the quality of produced solutions. Recently, an improved model of CSANN (called
CSANN-II), which simplifies the resource constraint block
of CSANN, was proposed in (Yang 2005) with some preliminary experiments showing promising results. In CSANNII, the resource constraint block is adaptively constructed
from the actual resource constraint satisfaction situation
during the solving process via a simple sorting algorithm.
CSANN-II has reduced resource constraint neurons in the
resource constraint block over the original CSANN model
and hence has reduced computational complexity. In (Yang
2005), some heuristics were also integrated to improve the
performance of CSANN-II. For example, an adaptive preprocessing method was proposed to determine the expected
makespan value used for CSANNs and a schedule improvement method was applied to get an active schedule (the definition of an active schedule will be given later on in Sect. 2.2
from a feasible schedule produced by CSANNs.
This paper further investigates CSANN-II for JSSPs
and provides a compilation and extended discussion of
work reported previously in (Yang and Wang 2000, 2001;
Yang 2005). Based on an extended set of benchmark JSSPs,
experiments are carried out in this paper to verify the
computational complexity comparisons of CSANN-II over
CSANN reported previously in (Yang 2005), and new experiments are provided to investigate the impact of the initial
expected makespan provided to CSANNs on the makespan
of schedules produced by CSANNs. In this paper, the performance of CSANN-II is also experimentally validated in
comparison with CSANN and three classical heuristics algorithms based on Giffler and Thompson’s methods (Giffler
and Thompson 1960) for JSSPs. The three classical heuristic algorithms studied in this paper are widely used as the
fundamental tools for constructing advanced JSSP systems
(Hart et al. 2005). Just like the three classical heuristic algorithms, CSANN-II can act as a good fundamental tool for
constructing advanced JSSP scheduling systems given its
better performance.
The rest of this paper is organized as follows. The next
section presents the basic concepts of classical job-shop
scheduling, the mathematical formulation and the classical Giffler and Thompson methods for JSSPs (Giffler and
Thompson 1960). Section 3 presents the original CSANN
model proposed in (Yang and Wang 2000, 2001) for JSSPs.
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In Sect. 4, the improved model of CSANN-II is described
in detail together with the heuristic algorithms that can be
combined with CSANN and CSANN-II for a better performance. Section 5 presents the computer simulation study
based on a set of benchmark JSSPs to investigate the computational complexity of CSANN-II over CSANN and show
the performance of the combined approach of CSANN-II
and heuristic algorithms for JSSPs. Finally, Sect. 6 concludes this paper with discussions on relevant future work.
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job i, where Oikp must be processed before Oilq . Let Rq be
the set of operations Oikq to be processed on machine q.
Taking minimizing the makespan as the optimization criterion, the mathematical formulation of the JSSP considered
in this paper can be presented as follows:
Minimize E = max(Tiμi q + Piμi q ),
i∈J

subject to
Tilq − Tikp ≥ Pikp , [Oikp , Oilq ] ∈ Si ,

2 The job-shop scheduling problem
2.1 Formulation of the JSSP
Traditionally, the JSSP can be stated as follows (Conway
et al. 1967): Given n jobs to be processed on m machines
in a prescribed order under certain restrictive assumptions,
the objective is to optimally arrange the processing order
and the start times of operations to optimize certain criteria. Generally speaking, for JSSPs there are two types of
constraints: sequence constraints and resource constraints.
The first type states that one operation of a job must finish before another operation starts. The second type states
that no more than one job can be handled on a machine at
the same time. Job-shop scheduling can be viewed as an
optimization problem, bounded by both sequence and resource constraints. Traditionally for a JSSP, each job may
consist of a different number of operations, which are subject to some precedence restrictions. Usually, the processing
order of each job by all machines and the processing time of
each operation are known and fixed. Operations cannot be
interrupted once started (i.e., non-preemptive). This kind of
scheduling is called deterministic and static. In this paper,
we focus on the deterministic and static JSSP.
For the convenience of formulating the JSSP, some notations are defined as follows. Let J = {J1 , . . . , Jn } and
M = {M1 , . . . , Mm } denote the job set and the machine set,
respectively, where n and m are the numbers of jobs and machines, respectively. Let μi be the number of operations for
job i. Oikq represents operation k of job i to be processed
on machine q, Tikq and Pikq represent the start time and
processing time of Oikq , respectively, Tiμi q and Piμi q represent the start time and processing time of the last operation
of job i, respectively.2 Denote ri and di as the release date
(the earliest start time) and deadline (the latest end time) of
job i. Let Si denote the set of operation pairs [Oikp , Oilq ] of
2 In this paper, we deal with JSSPs where each operation of a job must
be processed by one fixed machine. Hence, in the notation of Oikq and
other variables with three subscripts, the third subscript is determined
by the first two subscripts. However, for the convenience of describing
resource constraints and RC-block, the third subscript is used.

k, l ∈ {1, . . . , μi }, i ∈ J,
Tj lq − Tikq ≥ Pikq

or

Tikq − Tj lq ≥ Pj lq ,

Oikq , Oj lq ∈ Rq , i, j ∈ J, q ∈ M,
ri ≤ Tij q ≤ di − Pij q ,

(1)

(2)

i ∈ J, j ∈ {1, . . . , μi }, q ∈ M, (3)

where the cost function E is the completion time of the
latest operation. Minimizing the cost function means minimizing the makespan. Equation (1) represents the sequence
constraint; (2) represents resource constraints in a disjunctive format; (3) represents the release date and deadline constraints. Note that the fact that jobs can have deadlines suggests that problems could be oversubscribed (i.e., there may
be more jobs to do than available resources). In this paper,
oversubscribed problems will not be considered. This paper will mainly concern JSSPs with no (tight) deadline constraints for jobs. In this paper, we also assume that a job is
not allowed to be processed by a machine more than once.
Using the standard notation for scheduling systems of
Graham et al. (1979), the above JSSP can be denoted by
J m|n|Cmax , where J means job-shop scheduling and Cmax
means minimizing the maximal completion time, i.e., the
makespan. For a J m|n|Cmax , there are at most n(m − 1)
sequence constraint inequalities of (1), at most mn(n − 1)
resource constraint inequalities of (2), at most mn start time
constraint inequalities of (3), resulting in a total number of at
most n(mn + m − 1) constraint inequalities. There are also
at most mn number of variables Tikq . The objective of jobshop scheduling is to find values for these variables so that
they satisfy all the constraint inequalities while minimizing
the makespan.
2.2 Classification of schedules to JSSPs
Given a JSSP, any feasible solution to the above formulation
is called a feasible schedule. Given a feasible schedule for a
JSSP, if an operation can be left-shifted, i.e., started earlier,
without altering the processing sequences, such a left-shift
is called a local left-shift. If a left-shift of an operation alters
the processing sequences but does not delay any other operations, it is called a global left-shift. Based on the concept
of local and global left-shift, feasible schedules for a JSSP
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Fig. 1 Relationships of different kinds of feasible schedules

can be classified into four types: inadmissible, semi-active,
active and non-delay. Inadmissible schedules are those that
contain excess idle time and can be improved by local leftshift(s). Semi-active schedules are those that allow no local
left-shift. Active schedules are those that allow neither local left-shift nor global left-shift. Non-delay schedules are
those schedules in which no machine is kept idle when it
could start processing some operation.
The relationships between the different kinds of feasible
schedules are illustrated in Fig. 1. Non-delay schedules are
necessarily active and hence also necessarily semi-active.
An optimal schedule with respect to makespan is guaranteed to be an active one but not necessarily a non-delay one
(Baker 1974). However, there is strong empirical evidence
that non-delay schedules show a better mean solution quality
than active ones. Nevertheless, scheduling algorithms typically search the space of active schedules in order to guarantee that the optimum is taken into consideration.
2.3 Giffler and Thompson Heuristics for JSSPs
Giffler and Thompson (1960) first proposed a systematic
method, denoted GT-Act in this paper, to generate any active schedules for JSSPs as described below. Let ES(O) and
EC(O) denote the earliest (possible) start time and earliest
(possible) completion time of an operation O respectively.
Let D be a set of all operations that are not scheduled yet
and can be scheduled next. Initially, D consists of the first
operations of jobs. An active schedule is generated by iteratively updating D and selecting one operation from D until
all operations are scheduled (i.e., D is empty) as shown in
Algorithm 1.
Giffler and Thompson (1960) also developed an algorithm, henceforth denoted GT-ND, to generate any nondelay schedules for JSSPs iteratively as shown in Algorithm 2. GT-ND differs from GT-Act only in that, in step
2, GT-ND selects from D the operation with the minimum
earliest (possible) start time to be O ∗ in order to decide the
machine M ∗ to schedule an operation on.
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Algorithm 1 The GT-Act algorithm
1: Calculate the set D of all operations that can be scheduled next. If D is empty, stop.
2: Find an operation O ∗ ∈ D (with ties broken randomly)
that has the minimum earliest (possible) completion
time. That is, O ∗ := arg min{EC(O) | O ∈ D}. Let M ∗
denote the machine that processes O ∗ .
3: Construct the conflict set C that contains those unscheduled operations in D that are processed on
M ∗ and will overlap with O ∗ in time if they are
scheduled at their earliest start times. That is, C :=
{O ∈ D | O on M ∗ , ES(O) < EC(O ∗ )}.
4: Select an operation O ∈ C randomly and schedule it on
M ∗ with its completion time set to EC(O).
5: Delete O from D and return to step 1.
Algorithm 2 The GT-ND algorithm
1: Calculate the set D of all operations that can be scheduled next. If D is empty, stop.
2: Find an operation O ∗ ∈ D (with ties broken randomly)
that has the minimum earliest (possible) start time. That
is, O ∗ := arg min{ES(O) | O ∈ D}. Let M ∗ denote the
machine that processes O ∗ .
3: Construct the conflict set C that contains those unscheduled operations in D that are processed on
M ∗ and will overlap with O ∗ in time if they are
scheduled at their earliest start times. That is, C :=
{O ∈ D | O on M ∗ , ES(O) < EC(O ∗ )}.
4: Select an operation O ∈ C randomly and schedule it on
M ∗ with its start time equal to ES(O).
5: Delete O from D and return to step 1.
In step 4 of the above GT-Act and GT-ND algorithms,
an operation to be selected from the conflict set C has an
important effect on the final active and non-delay schedule,
respectively. Researchers have developed a large number of
heuristic priority rules to be used in the Giffler and Thompson algorithms to select an operation from the conflict set C
to be scheduled next. An extensive summary and discussion
on heuristic priority rules can be found in (Blackstone et al.
1982; Haupt 1989; Graves 1981). Table 1 lists some priority
rules commonly used for scheduling an operation for JSSPs
in practice.
It is also quite common that the priority rules can be combined into the Giffler and Thompson algorithm: when dispatching an operation, one priority rule is first randomly selected from a pre-defined set of priority rules and then is applied to select an operation. This hybrid method is denoted
GT-Rule in this paper and is described in Algorithm 3.
The GT-Act, GT-ND, and GT-Rule algorithms have become the basis for many state-of-the-art hybrid scheduling systems for JSSPs (Hart et al. 2005). For example, in
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Table 1 A list of priority rules
for dispatching an operation for
JSSPs
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Rule

Description

SPT

Select an operation with the shortest processing time

LPT

Select an operation with the longest processing time

MWR

Select an operation for the job with the most total remaining processing time

LWR

Select an operation for the job with the least total remaining processing time

MOR

Select an operation for the job with the most number of operations remaining

LOR

Select an operation for the job with the least number of operations remaining

Algorithm 3 The GT-Rule algorithm
1: Calculate the set D of all operations that can be scheduled next. If D is empty, stop.
2: Find an operation O ∗ ∈ D (with ties broken randomly)
that has the minimum earliest (possible) completion
time. That is, O ∗ := arg min{EC(O) | O ∈ D}. Let M ∗
denote the machine that processes O ∗ .
3: Construct the conflict set C that contains those unscheduled operations in D that are processed on
M ∗ and will overlap with O ∗ in time if they are
scheduled at their earliest start times. That is, C :=
{O ∈ D | O on M ∗ , ES(O) < EC(O ∗ )}.
4: Select an operation O ∈ C according to a priority rule
randomly selected from a set of priority rules and schedule it on M ∗ with its completion time equal to EC(O).
5: Delete O from D and return to step 1.

Hart and Ross’s HGA (Hart and Ross 1998), each gene in a
chromosome represents a pair of values (method, heuristic),
where method denotes either GT-Act or GT-ND should be
used at each iteration of a scheduling algorithm to calculate
a set of schedulable operations, and heuristic represents the
priority dispatch rule to be used to select an operation from
that set. The priority dispatch rules used in HGA are similar
to those shown in Table 1.
In this paper, the GT-Act, GT-ND, and GT-Rule algorithms will be used as peer algorithms for comparing
the performance of CSANN and CSANN-II for JSSPs.
The GT-Rule algorithm studied in this paper uses the six
rules in Table 1 as the set of priority rules. The following two sections will describe the details of the original
CSANN model and the improved CSANN-II model, respectively.

Fig. 2 General neuron model

below:

 n


(Wij × Aj ) + Bi ,
Ai = f (Ni ) = f

(4)

j =1

where the summator sums a bias Bi and received activations
Aj (j = 1, . . . , n) from connected neurons with connection
weight Wij from neuron j to neuron i. The output of the
summator is the net input Ni to neuron i, which is then
passed to the activation function f (·) to obtain the activation Ai . Figure 2 shows the model of a general neuron in a
neural network.
3.1 Neurons of CSANN
Based on the general neuron model, CSANN contains three
kinds of neurons: ST-neurons, SC-neurons and RC-neurons.
Each ST-neuron represents an operation with the activation
representing the start time of the operation. Each SC-neuron
or RC-neuron represents whether a relevant sequence constraint or resource constraint is satisfied, respectively.
The net input and activation functions of an ST-neuron,
STi , are defined as:


NSTi (t + 1) =
WSCj →STi × ASCj (t)
j

+



WRCk →STi × ARCk (t) + ASTi (t),
k

(5)
3 The original CSANN Model for JSSPs
Usually, a neural unit (or neuron), say neuron i, in a neural
network consists of a linear summator and a nonlinear activation function f (·), which are serialized (Haykin 1999) as

ASTi (t + 1)
⎧
⎪
⎨ ri ,
=

⎪
⎩

NSTi (t + 1) < ri ,

NSTi (t + 1),

ri ≤ NSTi (t + 1) ≤ di − PSTi ,

di − PSTi ,

NSTi (t + 1) > di − PSTi ,

(6)
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where in (5) the net input of STi is summed from three
parts. The first and second parts come from the activations of
STi -relevant SC-neurons SCj weighted by WSCj →STi and
the activations of STi -relevant RC-neurons RCk weighted
by WRCk →STi , which implement feedback adjustments due
to sequence and resource constraint violations, respectively.
The third part comes from the previous activation of neuron STi itself. The activation function in (6) is a linearsegmented one, where ri and di are the release and deadline of job i to which the operation, corresponding to STi ,
belongs. PSTi is the processing time of the operation. This
activation function implements the release and deadline constraints described by (3).
The net input and activation functions of an SC-neuron
SCi or a RC-neuron RCi have the same definition as shown
below:
NCi (t + 1) =WST1 →Ci × AST1 (t)
+ WST2 →Ci × AST2 (t) + BCi ,
ACi (t + 1) =

0,

NCi (t + 1) ≥ 0,

−NCi (t + 1),

NCi (t + 1) < 0,

(7)

W1 = −1,
W4 = W,

(8)

where Ci represents SCi or RCi and BCi is the bias, which
equals the processing time of an operation corresponding to
ST1 or ST2 (more details are explained in Sect. 3.2). The
ST-neurons, ST1 and ST2 , represent two operations of the
same job for an SC-neuron, or two operations sharing the
same machine for a RC-neuron. The activation function is
linear-segmented. When the activation of an SC-neuron or
RC-neuron is greater than zero, it means the relevant sequence constraint or resource constraint is violated and there
will be feedback adjustments from Ci to relevant ST1 and
ST2 with adaptive weights. In the following section, the connection weights and biases for SC-neurons and RC-neurons
and feedback adjustments from an SC-neuron or RC-neuron
to ST-neurons are explained.
3.2 Connection weights and biases
All neurons in CSANN are structured into two problemspecific constraint blocks: the sequence constraint block
(SC-block) that deals with all sequence constraints of a given
JSSP and the resource constraint block (RC-block) that deals
Fig. 3 (a) An SC-block unit
SCBikl and (b) a RC-block unit
RCBqikj l

with all resource constraints of a given JSSP. Each SC-block
unit has two ST-neurons that represent two operations of a
job and one SC-neuron that represents whether the relevant
sequence constraint is satisfied, see Fig. 3(a). Similarly, each
RC-block unit has two ST-neurons representing two operations on the same machine and one RC-neuron representing whether the relevant resource constraint is satisfied, see
Fig. 3(b).
Figure 3(a) shows an example SC-block unit SCBikl . STneurons STikp and STilq represent two operations Oikp and
Oilq of job i. Their activations ASTikp and ASTilq represent
the start times Tikp and Tilq . The SC-neuron SCikl represents the sequence constraint of (1) between Oikp and Oilq ,
with BSCikl being its bias. ISTikp and ISTilq represent the initial value for Tikp and Tilq , which are taken as the initial net
input to STikp and STilq , respectively. The weights and bias
are valued as follows:
W2 = 1,

W3 = −W,

BSCikl = −Pikp ,

(9)

where W is a positive feedback adjustment factor (it is the
same in other equations in this paper). At time t during the
run of CSANN, if the sequence constraint between Oikp
and Oilq is satisfied, the activation ASCikl (t) of SCikl equals
zero; otherwise, the activation of SCikl will be greater than
zero and can be calculated by
ASCikl (t + 1) = −NSCikl(t + 1)
= ASTikp (t) + Pikp − ASTilq (t)
= Tikp (t) + Pikp − Tilq (t).

(10)

The feedback adjustments from SCikl to STikp and STilq
are shown as follows:
ASTikp (t + 1) = Tikp (t + 1)
= Tikp (t) − W × ASCikl (t),

(11)

ASTilq (t + 1) = Tilq (t + 1)
= Tilq (t) + W × ASCikl (t),

(12)

where the feedback adjustments put backward the start time
Tikp of Oikp and put forward the start time Tilq of Oilq .

J Sched (2010) 13: 17–38

23

Thus, the sequence constraint violation between Oikp and
Oilq may be solved.
Figure 3(b) shows an example RC-block unit RCBqikj l ,
representing the resource constraint of (2) between Oikq and
Oj lq on machine q. At time t during the run of CSANN, the
connection weights and bias are adaptively valued according
to the following two cases.
Case 1: If ASTikq (t) ≤ ASTj lq (t), i.e., Tikq (t) ≤ Tj lq (t),
(13) holds
W5 = −1,
W8 = W,

W6 = 1,

W7 = −W,

BRCqikj l = −Pikq .

(13)

In this case, RCBqikj l represents a sequence constraint
described by the first disjunctive equation of (2). If violation
exists, the activation of RCqikj l and feedback adjustments
from RCqikj l to STikq and STj lq are calculated by
ARCqikj l (t + 1) = ASTikq (t) + Pikq − ASTj lq (t)
= Tikq (t) + Pikq − Tj lq (t),

(14)

ASTikq (t + 1) = Tikq (t + 1) = ASTikq (t) + W7 × ARCqikj l (t)
= Tikq (t) − W × ARCqikj l (t),

(15)

ASTj lq (t + 1) = Tj lq (t + 1) = ASTj lq (t) + W8 × ARCqikj l (t)
= Tj lq (t) + W × ARCqikj l (t).

(16)

Case 2: If ASTikq (t) > ASTj lq (t), that is, Tikq (t) >
Tj lq (t), (17) holds
W5 = 1,
W8 = −W,

W6 = −1,

W7 = W,

BRCqikj l = −Pj lq .

(17)

In this case, RCBqikj l represents a sequence constraint
described by the second disjunctive equation of (2). If a violation exists, the activation of RCqikj l and the feedback adjustments are calculated by
ARCqikj l (t + 1) = ASTj lq (t) + Pj lq − ASTikq (t)
= Tj lq (t) + Pj lq − Tikq (t),

(18)

ASTikq (t + 1) = Tikq (t + 1) = ASTikq (t) + W7 × ARCqikj l (t)
= Tikq (t) + W × ARCqikj l (t),

(19)

ASTj lq (t + 1) = Tj lq (t + 1) = ASTj lq (t) + W8 × ARCqikj l (t)
= Tj lq (t) − W × ARCqikj l (t).

(20)

3.3 Network complexity and running mechanism

ST-neurons at the bottom layer according to the exact sequence and resource constraints of a specific JSSP.
For a traditional JSSP with m machines and n jobs where
each job goes through all machines once (i.e., μi = m for
all i ∈ J ) in a certain sequencing order, it requires mn
ST-neurons representing the mn operations, n(m − 1) SCneurons representing the n(m − 1) sequence constraints described by (1), and mn(n − 1)/2 RC-neurons representing
the mn(n − 1)/2 resource constraints described by (2). In
total, there are n(0.5mn + 1.5m − 1) neurons for the whole
CSANN, which is in the order of O(mn2 ).
Given a problem-specific CSANN, there are three running mechanisms to produce a schedule (Yang and Wang
2000). In the first mechanism, for each iteration, the activation of units is calculated in a fixed order: first calculating each ST-unit, then calculating each SC-unit, and finally calculating each RC-unit. This results in a deterministic unique schedule under the same initial conditions of
ST-units. The second mechanism calculates the activation
of units in a random order for each iteration, which results
in non-deterministic schedules under the same initial conditions of ST-units. These two mechanisms are asynchronous.
The third mechanism is synchronous, where the activation
of units is calculated in a parallel manner. For each iteration, the activation of all units is calculated in a random or
fixed order, but the newly calculated activation of a unit is
not sent immediately to its connected units but stored until
all units have finished their calculations and stored their activations. In the next calculation cycle, the activation of a unit
is calculated using the stored activations of the connected
units.
In this paper, CSANN is run iteratively using the first
asynchronous running mechanism. Each iteration first calculates each SC-block unit in the SC-block and then calculates each RC-block unit in the RC-block in a fixed order, e.g., starting from RC-block units corresponding to the
first machine, to RC-block units corresponding to the second machine, and so on. This iteration continues until the
activations of all SC-neurons and RC-neurons become zero.
The final activations of ST-neurons form a feasible schedule
to the given JSSP.
The procedure of running CSANN to produce a schedule is summarized in Algorithm 4. In order to enhance the
performance of CSANN for JSSPs, several heuristic algorithms were developed in (Yang and Wang 2000, 2001).
These heuristic algorithms, Algorithm 5 and Algorithm 6,
are integrated in Algorithm 4. They are described in the following section.
3.4 Heuristic algorithms for CSANNs
3.4.1 Swap two adjacent operations of a job

The architecture of CSANN consists of two layers. The bottom layer consists of only ST-neurons. The top layer consists of SC-neurons and RC-neurons that are connected to

During the running of CSANN, if two adjacent operations of
the same job are placed in an order that violates the relevant
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Algorithm 4 Produce a schedule by CSANN
1: Randomly initialize Tikp (0) for each operation Oikp ,
and take it as the initial net input ISTikp to STikp .
2: Run each SC-neuron SCikl of the SC-block: calculate
its activation with (10). ASCikl (t) = 0 means the violation of relevant sequence constraint, then adjust activations of related ST-neurons with (21) and (22) if Algorithm 5 is triggered, or with (11) and (12), otherwise.
3: Run each RC-neuron RCqikj l of the RC-block: calculate its activation with (14) or (18). ARCqikj l (t) = 0
means the violation of relevant resource constraint, then
adjust ASTikq (t +1) and ASTj lq (t +1) with (23) and (24)
if Algorithm 6 is triggered, or with (15) and (16) or (19)
and (20), otherwise.
4: Repeat step 2 to 4 until all neurons become stable without changes, i.e., all sequence and resource constraints
are satisfied and a feasible schedule is produced.
5: Produce a semi-active schedule from the feasible schedule produced by CSANN.

Algorithm 5 Swap two adjacent operations of a job
1: if [Oikp , Oilq ] ∈ Si && ASTikp (t) > ASTilq (t) (i.e.,
Tikp (t) > Tilq (t)) then
2:
exchange the order of Oikp and Oilq by exchanging
their start times as follows:
ASTikp (t + 1) := Tikp (t + 1) := Tilq (t),

(21)

ASTilq (t + 1) := Tilq (t + 1) := Tikp (t)

(22)

3: end if

Algorithm 6 Swap two adjacent operations on a machine
1: if Tqikj l (t) ≥ H (H is a prefixed threshold) then
2:
swap the order of Oikq and Oj lq on machine q:
ASTikq (t + 1) := Tikq (t + 1) := Tj lq (t),

(23)

ASTj lq (t + 1) := Tj lq (t + 1) := Tikq (t)

(24)

3:
Tqikj l (t) := 0
4: end if

JSSP sequence constraint, their start times are exchanged.
Assuming [Oikp , Oilq ] ∈ Si , at time t during the running of
CSANN, the heuristic algorithm works as shown in Algorithm 5.
This heuristic algorithm aims to accelerate the solving
process. In fact, (21) and (22) form a more direct method of
removing sequence constraint violations than the feedback
adjustment scheme in CSANN. Hence, the adjustment time

for removing sequence constraint violations is shortened and
the solving process is speeded up.
3.4.2 Swap two adjacent operations on a machine
During the running of CSANN, due to conflicts resulting
from sequence and resource constraint violation feedback
adjustments, the phenomenon of deadlock may occur (Yang
and Wang 2000). Deadlock stop CSANNs from producing
a feasible solution. A heuristic algorithm was proposed to
break the deadlock (and hence make it possible to produce
feasible schedules) by exchanging the order of two adjacent
operations on the same machine via exchanging their start
times under a certain condition.
The heuristic algorithm (i.e., Algorithm 6) works as follows. For each RC-block unit RCBqikj l , a variable Tqikj l (t)
is defined to count, accumulated over iterations, the number of continuous and similar feedback adjustments from
RCqikj l to STikq and STj lq due to the resource constraint violation between Oikq and Oj lq on machine q. Two feedback
adjustments are called similar if they have the same effect
on STikq and STj lq , e.g., both pushing Tikq forward while
pushing Tj lq backward. Whenever the resource constraint
between Oikq and Oj lq is satisfied or a different feedback
adjustment occurs within RCBqikj l , Tqikj l (t) will be reset to
zero. However, if a deadlock occurs, Tqikj l (t) will increase
over CSANN iterations because the feedback adjustments
from RCqikj l to STikq and STj lq will remain similar due
to the resource constraint violation between Oikq and Oj lq .
When Tqikj l (t) reaches a prescribed threshold value H (e.g.,
H = 5), Algorithm 6 is triggered to swap the start times of
Oikq and Oj lq on machine q and reset Tqikj l (t) to zero.
Figure 4 illustrates how a deadlock may happen and how
Algorithm 6 solves the deadlock problem on a J 2|2|Cmax
JSSP where the sequence constraints between operations
of the two jobs are given by [O111 , O122 ] ∈ S1 and [O222 ,
O211 ] ∈ S2 . Suppose the start times of operations and the
expected makespan are initialized as shown in Fig. 4(a) and
we have H21221 (0) = 0. In the first iteration, the sequence
constraint feedback adjustments will push the start times of
O122 and O212 toward the right and left, respectively, giving Fig. 4(b). Then the resource constraint feedback adjustment from RC21221 to ST122 and ST212 in the first iteration will result in Fig. 4(c) with H21221 (1) = 1. It can be
imagined that a deadlock will happen in the following iterations because the sequence constraint feedback adjustments
will push T122 and T212 toward the right and left, respectively, and the resource constraint feedback will be similar over iterations, separating O122 and O212 on machine 2.
This procedure continues till the fifth iteration, as shown in
Fig. 4(d). Now H21221 (5) reaches the threshold H = 5 and
hence triggers Algorithm 6 to swap the start times of O122
and O212 , resulting in Fig. 4(e) and H21221 (6) is reset to 0.
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Fig. 4 Illustration of applying Algorithm 6 to solve the deadlock
problem on a J 2|2|Cmax JSSP: (a) an initial infeasible schedule with
H21221 (0) = 0, (b) after the sequence constraint feedback adjustments
in the first iteration, (c) after the resource constraint feedback adjustment in the first iteration and H21221 (1) = 1, (d) deadlock happens till
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the fifth iteration where H21221 (5) = H = 5 and Algorithm 6 is triggered to swap the start times of O122 and O212 on machine 2, (e) after
the swapping and H21221 (6) = 0, and (f) another resource constraint
feedback adjustment produces a feasible schedule

Fig. 5 Structure of the RC-block regarding one machine in (a) CSANN and (b) CSANN-II for a JSSP where each of the n jobs passes through
all machines once

Thereafter, another resource constraint feedback adjustment
from RC22112 to ST212 and ST122 in the next iteration will
produce a feasible schedule, as shown in Fig. 4(f).
From the above description, it can be seen that swapping
only happens between two adjacent operations on a machine
because, for two non-adjacent operations Oikq and Oj lq ,
their corresponding resource constraint will be satisfied and
hence Tqikj l (t) will be zero.
3.4.3 Improving the quality of schedules
Unlike the schedules produced by the Giffler and Thompson algorithms, the feasible schedules produced by CSANN
are usually inadmissible, where there may exist many idle
times for each machine while some operations are available
to be processed. The schedules can be improved by compacting away these idle times. In (Yang and Wang 2001),
an algorithm is used to produce a semi-active schedule from
the schedule produced by CSANN. It first sorts all the operations in a non-decreasing order of their start times, and
then moves each operation from the first to the last in the ordered operation list to its earliest possible start time by local
left-shift(s). This semi-active algorithm is applied as step 5
in Algorithm 4.

4 The improved CSANN-II Model for JSSPs
4.1 Simplifying the RC-block for CSANN
In the original CSANN model, the major network complexity (and hence computational complexity) lies in the RCblock. In CSANN, any combination of two operations to be
processed on a machine corresponds to one RC-block unit.
Assuming each of the n jobs of a JSSP passes through all
machines once, there will be n(n − 1)/2 RC-block units for
each machine. This is illustrated in Fig. 5(a), where each
ST-neuron STi (i = 1, . . . , n) represents one operation of a
job. This gives the whole RC-block a network complexity of
O(mn2 ), a magnitude n larger than the network complexity
of the SC-block, which is O(mn). Hence, any simplification in the RC-block will further improve the performance
of CSANN.
Fortunately, when we further consider the running of the
RC-block, a potential improvement can be obtained. When
we run CSANN for a JSSP, during each iteration of the RCblock, in fact usually only a part of the n(n − 1)/2 resource
constraints with respect to one machine are violated and
hence are relevant to our concern toward a feasible sched-
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Algorithm 7 Construct the RC-block adaptively
1: Before each iteration of the RC-block, sort the STneurons related to each machine according to their activations (i.e., present start times of relevant operations to
be processed on the machine) in a non-decreasing order.
2: From the first to the last in the ordered ST-neuron
list, construct one RC-block unit for two adjacent STneurons.
ule. The ratio of relevant resource constraints on the average decreases with the solving progress of CSANN. In
other words, with the solving progress of CSANN, quite
a lot of RC-block units are, in fact, redundant in terms of
solving resource constraint violations during each iteration
since they do not involve violated resource constraints on a
machine. This thinking leads to the following mechanism of
constructing a dynamic RC-block adaptively during each iteration of CSANN instead of the original static RC-block,
see Algorithm 7.
The new CSANN model with the above adaptive RCblock constructing mechanism is named CSANN-II. In
CSANN-II, the number of RC-block units on each machine
is greatly reduced. Assuming each job of a JSSP passes
through all machines once, the number of RC-block units regarding each machine will be reduced to n − 1, as illustrated
in Fig. 5(b). In Fig. 5(b), the n ST-neurons on a machine
are sorted according to their activations in a non-decreasing
order from left to right, i.e., AST1 ≤ AST2 ≤ · · · ≤ ASTn .
The n − 1 RC-neurons are constructed as follows: RCi(i+1)
is connected to adjacent ST-neurons STi and STi+1 (i =
1, . . . , n − 1).
4.2 Comparison of network and computational complexity
For CSANN-II, for a traditional JSSP with m machines and
n jobs where each job passes through all machines in a certain sequencing order, it requires mn ST-neurons, n(m − 1)
SC-neurons, and m(n − 1) RC-neurons. In total, CSANNII consists of 3mn − m − n neurons, which is in the order
of O(mn) instead of in the order of O(mn2 ) for CSANN.
This is a reduction of magnitude n regarding the network
complexity.
For each CSANN-II iteration, sorting the ST-neurons
for each machine requires O(n log n) calculations by a
quick sort algorithm (Cormen et al. 1990). It also requires
n(m − 1) SC-neuron calculations and m(n − 1) RC-neuron
calculations, resulting in a computational complexity of
O(mn log n). In contrast, each iteration of CSANN requires n(m − 1) SC-neuron calculations and mn(n − 1)/2
RC-neuron calculations, which is in the order of O(mn2 ).
Hence, for each iteration of the neural network, CSANN-II
achieves a reduction of magnitude O(n/ log n) over CSANN
with respect to the computational complexity.
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4.3 New heuristic algorithms for CSANNs
For CSANN-II, Algorithm 5 and Algorithm 6 can also be
used to speed up the solving process and enhance the convergence. In addition to these algorithms, this paper presents
two other heuristics to be combined with CSANNs (both
CSANN and CSANN-II) to achieve even better performance. They are described as follows.
4.3.1 Producing a proper expected makespan
For a JSSP without deadline constraints, which is the concern of this paper, we need to set an expected makespan as
the common deadline of all jobs for CSANNs to run. The expected makespan can be taken as what a scheduler wants to
achieve. The value of the expected makespan greatly affects
the performance of CSANNs. If it is set too large, the quality
of schedules produced by CSANNs will be low. Decreasing the expected makespan, the quality of schedules produced by CSANNs will increase. The computational time
rises but is still reasonable (i.e., increasing slowly with the
decrease of the expected makespan) if the value of expected
makespan is still above a certain level. However, when the
value of the expected makespan is decreased to a certain
value, called the threshold value, it will take CSANNs too
long to produce a feasible schedule or even make it impossible to produce a feasible schedule. This qualifies the importance of setting a proper expected makespan for CSANNs to
run.
In this paper, an adaptive heuristic algorithm, as shown
in Algorithm 8, is proposed to produce a proper expected
makespan by adding a pre-processing stage. Let
P denote the total processing time of all operations of a JSSP
and O denote the total number of operations, i.e., O =
i=n
i=1 μi . The expected makespan can be represented by
γ × P where γ is the tightness factor. Algorithm 8 works
by cyclically decreasing the tightness factor γ from 0.5 until it reaches a value that requires CSANNs to use a number
of iterations that is above a prefixed value (and results in
CSANNs running for too long) to produce a schedule.
In Algorithm 8, τ is the total number of runs for each cycle of the pre-processing stage, Ii (k) is the number of iterations that CSANN or CSANN-II uses to produce a schedule in the ith run of the kth cycle of the pre-processing
stage, I¯(k) is the mean number of iterations that CSANN or
CSANN-II uses to produce a schedule in the kth cycle of the
pre-processing stage, ρ is a coefficient that roughly determines the mean number of iterations required by CSANNs
to produce a schedule after the pre-processing stage, and δ
is the decreasing factor for the tightness factor γ .
The design of Algorithm 8 is based on our experience
of running CSANNs. A key factor relevant to the computational cost is the number of iterations that CSANNs require
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Algorithm 8 Produce a proper expected makespan
1: Initialize the pre-processing stage cycle counter k := 0
and tightness factor γ (0) := 0.5
2: For cycle k of the pre-processing stage, run CSANN or
CSANN-II for τ times with the expected makespan set
to γ (k) × P , where P is the total processing time
of all operations
i=τ
3: Calculate I¯ := ( i=1 Ii (k))/τ , where Ii (k) is the number of iterations used by CSANN or CSANN-II for a
schedule in the ith run of the kth cycle of the preprocessing stage
4: if I¯ < ρ × O then
5:
γ (k + 1) := γ (k) − δ, where δ is a preset decreasing
factor for γ
6:
k++
7:
Go to step 2
8: end if
9: Return γ (k) × P as the final expected makespan

to produce a schedule. During our preliminary experiments,
it seems that, if the expected makespan is properly set, the
number of iterations that CSANNs require to produce a
schedule has an approximately linear relationship with the
total number of operations in the JSSP. When the number
of iterations required by CSANNs to produce a schedule is
approximately linear with the total number of operations,
the computation time for a schedule is always reasonable.
Hence, Algorithm 8 is designed to produce a proper expected makespan that makes the mean number of iterations
that CSANN or CSANN-II requires to produce a schedule to
be approximately linear with O. This is realized by cyclical trials. For each cycle, we try to reduce the factor γ (and
hence tighten the expected makespan) while ensuring that
the mean number of iterations required to produce a schedule is still within a linear relation with O approximately.
4.3.2 Improving the quality of solutions
Just like CSANN, the feasible schedules produced by
CSANN-II are usually inadmissible. In this paper, a heuristic algorithm is proposed to generate an active schedule from
the feasible schedule produced by CSANN-II as follows:
first, sort all operations in a non-decreasing order of their
start times; then, from the first to the last in the ordered operation list, each operation is moved forward to its earliest
start time as follows: if possible, performing a global leftshift; otherwise, if possible, performing a local left-shift.
The details are shown in Algorithm 9.
The adjustments of the start times of all operations in Algorithm 9 are dynamic. That is, the adjusted start time of an
operation takes effect in adjusting the latter operations. For
example, supposing that Ti(k−1)p has already been adjusted,
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Algorithm 9 Produce an active schedule
1: Given a feasible schedule {Tikp , i ∈ N, k ∈
{1, . . . , μi }, p ∈ M} produced by CSANN-II, sort all
operations in a non-decreasing order of their start times.
2: for each operation Oikp from the first to the last in the
ordered operation list do
3:
Denote the already orderly adjusted r operations on
machine p by a list Lp = {O1 , . . . , Or }. If there is
no operation already adjusted on machine p (i.e.,
r = 0), then Lp is empty.
4:
Denote the start and precessing time of Oj ∈ Lp by
TOj and POj , respectively.
5:
For the convenience of description, define dummy
operations Oi0∗ (∗ ∈ M) and O0 with the start time
and precessing time being zero, i.e., Ti0∗ = Pi0∗ = 0
and TO0 = PO0 = 0.
6:
Declare two variables Done = false and j = 1.
7:
while (Done == false && j ≤ r) do
8:
if (TOj − max{TO(j −1) + PO(j −1) , Ti(k−1)q +
Pi(k−1)q } ≥ Pikp ) then
9:
Perform a global left shift as follows:
Tikp = max{TO(j −1) + PO(j −1) , Ti(k−1)q + Pi(k−1)q }
(25)

10:
11:
12:
13:
14:
15:
16:
17:

{O(j −1) is either O0 or the operation on machine p that has been adjusted just before Oj ,
and Ti(k−1)q is the start time of Oi(k−1)q , which
is either the dummy operation Oi0q or the operation of job i that precedes Oikp }
Done = true
else
j =j +1
end if
end while
if (Done == false) then
if (Tikp > max{Ti(k−1)q + Pi(k−1)q , TOr + POr })
then
Perform a local left shift as follows:
Tikp = max{Ti(k−1)q + Pi(k−1)q , TOr + POr }
(26)

18:
end if
19:
end if
20: end for

when computing Tikq of operation Oikq which is just subsequent to Oi(k−1)p of the same job i, the adjusted Ti(k−1)p
is used in (25) or (26) instead the original Ti(k−1)p . Hence,
each operation needs only one adjustment to produce an ac-
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Fig. 6 Illustration of applying Algorithm 9 for an active schedule on a J 2|2|Cmax JSSP: (a) an inadmissible schedule, (b) after a local left-shift
for O211 , (c) after a local left-shift for O222 , and (d) after a global left-shift for O122

Algorithm 10 The running strategy of the hybrid approach
1: Construct a JSSP-specific CSANN or CSANN-II
2: Set the maximum number of schedules MaxSched to be
produced and values for W , H , τ , ρ, and δ according to
some preliminary experiments
3: Apply Algorithm 8 to produce a proper expected
makespan
4: Run CSANN or CSANN-II to produce one schedule
with the produced expected makespan
5: If MaxSched is reached, stop; otherwise, go to step 4

tive schedule. Figure 6 illustrates the use of Algorithm 9 for
an active schedule from an inadmissible schedule produced
by CSANN-II on a J 2|2|Cmax JSSP.

Algorithm 11 Produce a schedule by CSANN-II
1: Randomly initialize Tikp (0) for each operation Oikp ,
and take it as the initial net input ISTikp to STikp .
2: Run each SC-neuron SCikl of the SC-block: calculate
its activation with (10). If ASCikl (t) = 0, adjust activations of related ST-neurons with (21) and (22) if Algorithm 5 is triggered, or with (11) and (12), otherwise.
3: Construct the RC-block by Algorithm 7.
4: Run each RC-neuron RCqikj l of the RC-block: calculate its activation with (14) or (18). If ARCqikj l (t) = 0,
adjust ASTikq (t +1) and ASTj lq (t +1) with (23) and (24)
if Algorithm 6 is triggered, or with (15) and (16) or (19)
and (20), otherwise.
5: Repeat step 2 to 4 until a feasible schedule is produced.
6: Use Algorithm 9 to produce an active schedule from the
feasible schedule produced by CSANN-II.

4.4 Hybrid approach of CSANNs and heuristics for JSSPs
The proposed heuristics can be combined with CSANN and
CSANN-II for JSSPs. In practice, we can execute the hybrid
approach that combines heuristics with CSANN or CSANNII a number of times to produce a number of schedules and
select the best one as the final schedule. The running strategy
is shown in Algorithm 10, where some preliminary experiments may be carried out to set the proper values for W , H ,
τ , ρ, and δ. The procedure of running CSANN-II for one
schedule is summarized in Algorithm 11.

5 Experimental study
5.1 Experimental setting
The experimental study was executed on a PC with 2.2 GHz
AMD Opteron 848 CPU using the GNU C++ programming
environment under the Linux system. It has three purposes:
validating the computational complexity of CSANN-II over
CSANN for JSSPs, comparing the performance of CSANN
and CSANN-II over the three classical heuristics for JSSPs
described in Sect. 2.3, and analyzing the effect of some key
component algorithms proposed for CSANN-II. Three sets
of experiments were carried out regarding the three purposes, respectively. For CSANNs, the parameters W and H
are set as in (Yang and Wang 2001): W = 0.5 and H = 5.

Table 2 Benchmark test JSSPs, where “B/O” means the best-known
or optimal makespan value
JSSP

LA01

LA06

LA11

LA16

LA21

LA26

n×m

10 × 5

15 × 5

20 × 5

10 × 10

15 × 10

20 × 10

B/O

666

926

1222

945

1046

1218

In the experimental study we select the benchmark
JSSPs LA01, LA06, LA11, LA16, LA21, and LA26 from
Lawrence (1984) as the test bed. Table 2 shows the problem
sizes and the best known or optimal values (B/O in short) of
the makespan of these test JSSPs, where the optimal values
are shown in the bold font. The source data of these JSSPs
can be found in (Beasley 1990). These JSSPs form a good
test bed because we can study the effect of not only increasing n while fixing m, but also doubling m while fixing n on
the performance of CSANNs.
5.2 Experiments on the computational complexity
In the first set of experiments, we focus on the study of
the computational complexity of CSANN-II over the original CSANN based on the six test JSSPs. In this set of
experiments, CSANN uses Algorithms 4, 5 and 6, and
CSANN-II uses Algorithms 5, 6, 7, 9, and 11. Algorithm 8
is switched off for both CSANN and CSANN-II and the ex-
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pected makespan value is manually set to γ × P where
γ ≤ 0.5. In order to test the effect of the expected makespan
value on the performance of CSANNs, γ needs to be set to
different values. In order to properly study the effect of different settings of γ on the performance of CSANNs, we carried out some preliminary experiments. In the preliminary
experiments, for each JSSP problem, CSANN and CSANNII were run a few times with γ manually decreased from 0.5
to a value that becomes unreasonable. A value of γ is said
unreasonable if it is too tight such that it takes CSANNs too
long to produce a feasible schedule or it is impossible for
CSANNs to produce a feasible schedule.
According to our preliminary experiments, the settings
of γ shown in Table 3 basically capture the time growth feaTable 3 The settings of the tightness factor γ for each JSSP
JSSP

γ

LA01 0.5 0.45 0.4 0.35 0.3
LA06 0.5 0.45 0.4 0.35 0.3 0.28
LA11 0.5 0.45 0.4 0.35 0.3 0.28
LA16 0.5 0.45 0.4 0.35 0.3 0.28 0.26 0.24
LA21 0.5 0.45 0.4 0.35 0.3 0.28 0.26 0.24 0.22 0.2
LA26 0.5 0.45 0.4 0.35 0.3 0.28 0.26 0.24 0.22 0.2 0.18
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ture of CSANNs for each test JSSP and hence were used in
the following experiments. That is, γ is decreasingly set to
the values from 0.5 to 0.3 with a step of 0.05 for all JSSPs
and is then reduced from 0.3 with a step 0.02 till it becomes unreasonable for each test JSSP. For each value of
γ , CSANN or CSANN-II was run 10000 times with different random seeds to produce 10000 schedules for each test
JSSP and the time used for all runs was recorded. For each
run, the number of iterations of CSANN or CSANN-II was
also recorded. The experimental results regarding the best
and mean makespan produced by CSANN and CSANN-II
over the 10000 runs against different settings of γ on the
JSSPs are plotted in Fig. 7. The experimental results regarding the computational complexity of CSANNs, including
the required number of iterations per schedule (IPS), the
run time per schedule (TPS), and the run time per iteration
(TPI) against different values of γ on the JSSPs are plotted
in Fig. 8. In Fig. 8, the data were averaged over the 10000
runs, the computational complexity measures are log-scaled,
and TPS and TPI are plotted in the unit of millisecond and
microsecond, respectively.
From Figs. 7 and 8, several results can be observed and
are analyzed as follows. First, CSANN-II greatly outperforms CSANN with respect to the quality of schedules produced, either the best makespan or the mean makespan,

Fig. 7 Experimental results on the best and mean makespan produced by CSANNs against different values of γ on the JSSPs

30

J Sched (2010) 13: 17–38

Fig. 8 Experimental results on the mean iterations per schedule (IPS),
mean time per schedule (TPS), and mean time per iteration (TPI) used
by CSANNs against different values of γ on the JSSPs. The y-axis

is log-scaled and the unit for TPS and TPI is 10−3 second and 10−6
second, respectively

under almost all values of γ on all the test JSSPs (see
Fig. 7). On LA21 and LA26, when γ is set to loose values, e.g., bigger than 0.3, even the mean makespan achieved
by CSANN-II is better than the best makespan achieved by
CSANN. Under almost all settings of γ , CSANN-II has
reached the optimal schedule for JSSPs LA01, LA06, and
LA11.
Second, with respect to the computational complexity of
CSANNs, it can be seen that CSANN-II greatly (note that
the y-axis is log-scaled in Fig. 8) shortens the mean run
time used to produce a schedule over CSANN under all values of γ on all the test JSSPs with only one exception occurred on LA16 with γ = 0.24 where CSANN-II is beaten
by CSANN.3
One thing to notice is that on the average, CSANNII requires slightly more iterations for a schedule on all
JSSPs, see the IPS lines in Fig. 8. This happens because

the dynamic RC-block in CSANN-II is not totally equivalent to the static RC-block in CSANN. For example, in
Fig. 5(a), except for the n − 1 RC-neurons that correspond
to the n − 1 RC-neurons in Fig. 5(b), not all the other
n(n − 1)/2 − (n − 1) = (n − 1)(n − 2)/2 RC-neurons are irrelevant. Among them, some relevant RC-neurons will help
solve the resource constraint violations during each iteration. This slightly helps shorten the total number of iterations to reach a feasible schedule. However, this benefit of
slightly reduced number of iterations in CSANN is rather
small in comparison with the benefit of reduced computational cost per iteration due to greatly reduced size of the
RC-block in CSANN-II. The overall effect is that on the average the TPS required by CSANN-II is significantly shorter
than the TPS required by CSANN.
In Sect. 4.2, we have analyzed that for each iteration of
the neural network, CSANN-II achieves a reduction in the
order O(n/ log n) over CSANN regarding the computational
complexity. In order to see whether this is the case in the
experiments, we calculate the weighted ratio of the TPI required by CSANN to the TPI required by CSANN-II for
each value of γ and on each JSSP using the following for-

3 Careful scrutinization reveals that under this exceptional case,
CSANN-II has used an extremely large number of iterations to produce a schedule for a small part of the 10000 runs. This results in that
CSANN-II uses a much bigger mean time per schedule than CSANN
does.
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Fig. 9 Results of (a) RTPI and (b) RTPS against different γ on the JSSPs

mula:
RTPI =

TPI(CSANN)
,
TPI(CSANN-II) × (n/ log n)

(27)

where log n is 10 based. We also calculate the weighted ratio
of the TPS by CSANN to the TPS by CSANN-II using the
following formula:
RTPS =

TPS(CSANN)
.
TPS(CSANN-II) × (n/ log n)

(28)

The calculated results regarding RTPI and RTPS are plotted in Fig. 9(a) and (b), respectively. From Fig. 9(a), it can be
seen that RTPI is roughly bounded in the range of [0.14, 0.2]
over all values of γ for CSANNs and on all the JSSPs. In
other words, we have the following relationship between
TPI(CSANN) and TPI(CSANN-II):
TPI(CSANN) = 0.14 ∼ 0.2(n/ log n)TPI(CSANN-II).
(29)
This result confirms that CSANN-II really achieves a reduction in the order O(n/ log n) over CSANN on the test JSSPs
with respect to the TPI.
From Fig. 9(b), it can be seen that RTPS is roughly
bounded in the range of [0.13, 0.18] over almost all γ settings and test JSSPs with only two exceptions on LA16
when γ = 0.24 and 0.26. The upper and lower bounds for
RTPS are slightly lower than those for RTPI . This is because,
as analyzed before, CSANN-II requires slightly more iterations per schedule than CSANN. However, the effect is
rather small with a factor of about 10% (i.e., max{(0.14 −
0.13)/0.14, (0.2 − 0.18)/0.2} ≈ 10%). Roughly, we can
say that CSANN-II achieves a reduction in the same order
O(n/ log n) over CSANN on the test JSSPs regarding the
TPS measure.

Regarding the effect of m on the performance of
CSANNs, from Fig. 8 it can be seen that when m is doubled, the TPI of CSANNs is approximately doubled. And
from Fig. 9, it can also be seen that the value of m has no
clear effect on the value of RTPI (and RTPS ). This result
is consistent with our analysis in Sect. 4.2: the computational complexity per iteration for CSANN and CSANN-II
is linear with m while the improvement of CSANN-II over
CSANN is of the order O(n/ log n) without an explicit impact from m.
Third, regarding the effect of the tightness factor γ on the
performance of CSANNs, from Fig. 7 it can be seen that the
value of γ affects the best schedule produced by CSANN,
but it shows no clear effect on the best schedule produced
by CSANN-II. However, γ has a significant effect on the
mean makespan produced by both CSANN and CSANN-II.
The smaller (and hence the tighter) the value of γ , the better
the schedule produced on the average. The trade-off for this
gain is, not surprisingly, the computational cost.
From Fig. 8, it can be seen that when γ becomes tighter,
the mean IPS and hence the mean TPS required by CSANNs
increases. And for each JSSP when γ is decreased from
0.5, the IPS and TPS by CSANNs increase slowly at the
early stage. When γ is decreased below a certain value (i.e.,
the threshold value), they increase significantly in a power
law. For example, on LA21, the mean IPS of CSANN-II increases approximately linearly from 34.43 to 138.80 when
γ decreases from 0.5 to 0.3. Then, the IPS increases from
186.54 to 1019.40 approximately in a power law when γ decreases from 0.28 to 0.22. Finally, it increases exponentially
from 1019.40 to 10672.38 when γ decreases from 0.22 to
0.2. The threshold value varies with the JSSP. The larger the
problem size, the smaller the threshold value.
The above two aspects together validate the importance
of selecting a proper γ , i.e., a proper expected makespan,
for CSANNs to run. There is a big trade-off between the
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Table 4 Experimental results
of CSANNs and classical
heuristics over 50 runs
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Best Makespan Produced (min/ave/std)
JSSP

LA01

LA06

LA11

CSANN-II

666/666.2/0.9

926/926.0/0.0

1222/1222.0/0.0

CSANN

666/677.6/7.1

926/926.2/1.0

1222/1247.1/12.9

GT-Act

666/698.3/10.5

926/934.9/7.6

1225/1247.1/9.2

GT-ND

668/687.0/9.7

926/929.7/5.3

1222/1238.6/9.5

GT-Rule

674/696.1/10.4

926/939.8/9.4

1236/1253.3/8.0

JSSP

LA16

LA21

LA26

CSANN-II

962/978.5/3.3

1162/1186.1/8.3

1336/1361.3/10.9

CSANN

1011/1053.4/14.0

1280/1318.6/21.3

1481/1530.3/22.4

GT-Act

1012/1045.1/11.8

1253/1295.1/17.4

1469/1529.9/19.0

GT-ND

1008/1051.2/16.9

1287/1317.1/14.7

1483/1513.5/13.5

GT-Rule

1020/1047.4/12.4

1243/1301.3/18.0

1508/1540.7/15.0

Time Used in Seconds (min/ave/std)
JSSP

LA01

LA06

LA11

CSANN-II

47/60.5/8.5

91/133.8/20.8

131/203.9/51.0

CSANN

69/91.8/13.6

134/237.4/49.5

290/558.8/125.7

GT-Act

9/15.6/1.3

35/35.1/0.3

32/33.1/0.6

GT-ND

8/8.0/0.1

18/18.3/0.4

33/34.1/0.5

GT-Rule

8/8.9/0.2

19/19.6/0.5

35/36.0/0.3

JSSP

LA16

LA21

LA26

CSANN-II

170/336.9/110.9

269/543.4/136.6

589/1238.9/487.0

CSANN

214/326.4/55.5

501/1044.7/243.3

1057/3089.9/1341.7

GT-Act

15/15.6/0.5

33/35.2/0.6

64/65.4/0.6

GT-ND

15/15.5/0.5

34/34.7/0.5

64/64.2/0.4

GT-Rule

16/16.8/0.4

36/37.7/0.5

78/121.3/10.6

quality of the schedules and the computational cost. Ideally,
γ should be set at the end of the linear growth region for a
good schedule quality and reasonable run time of CSANNs.
This is the aim of the proposed Algorithm 8, which tries
to produce a proper expected makespan by iterative trials.
CSANNs with Algorithm 8 are the concern of the second
set of experiments to be presented in the next section.
5.3 Experiments on comparisons with classical heuristics
In the second set of experiments, we focus on the performance comparisons of CSANNs and three classical heuristics, GT-Act, GT-ND, and GT-Rule, based on the test JSSPs
listed in Table 2. In this set of experiments, CSANN uses Algorithm 10 with Algorithms 4, 5 and 6, and CSANN-II uses
Algorithm 10 with Algorithms 11, 5, 6, and 9. Algorithm 8
is now switched on for both CSANN and CSANN-II with
τ = 10, ρ = 1, and δ = 0.01. Here, parameters τ , ρ, and δ
were set according to some preliminary experiments without
systematic tuning.

For each run of a method on a test JSSP, 105 schedules4
were calculated with the intermediate best-so-far schedule
recorded every 100 schedules. And for each run, the final
best schedule and time used were also recorded. In order to
avoid the effect a random seed may have, 50 runs with different random seeds were carried out for each method on each
test problem and the mean results over 50 runs are reported.
The experimental results regarding the makespan of final
best schedule and time used in seconds are given in Table 4,
where min/ave/std means minimum, average and standard
deviation over 50 runs of algorithms, respectively. The statistical comparison of methods regarding the best makespan
produced and the run time used over 50 runs by one-tailed
t-test with 98 degrees of freedom at a 0.05 significance level
is given in Table 5, In Table 5, if the t-test value regarding Method 1 – Method 2 is negative or positive, it means
4 For CSANNs the schedules calculated during the pre-processing stage
were also counted into the total 105 schedules.
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Table 5 The t -test results of
comparing CSANNs and
classical heuristics over 50 runs
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JSSP

LA01

LA06

LA11

LA16

LA21

LA26

−13.75

−36.83

−40.92

−48.04

t-Test Result Regarding the Best Makespan Produced
CSANN-II – CSANN

−11.30

−1.66

CSANN-II – GT-Act

−21.64

−8.35

−19.36

−38.51

−39.92

−54.50

CSANN-II – GT-ND

−15.13

−4.96

−12.30

−29.84

−54.86

−62.13

CSANN-II – GT-Rule

−20.40

−10.41

−27.80

−38.02

−41.02

−68.43

t-Test Result Regarding the Time Used
−13.83

−13.64

−18.50

0.60

−12.70

−9.17

CSANN-II – GT-Act

36.96

33.53

23.68

20.48

26.31

17.04

CSANN-II – GT-ND

43.67

39.26

23.55

20.49

26.33

17.06

CSANN-II – GT-Rule

42.89

38.80

23.28

20.41

26.18

16.22

CSANN-II – CSANN

Fig. 10 The dynamic performance of methods regarding the best-so-far makespan against schedules on the JSSPs. The data were averaged over
50 runs

that Method 1 is better than or worse than Method 2, respectively, regarding the corresponding performance measure. If
the absolute t-test value is greater than 1.660, the performance difference between Method 1 and Method 2 is significant. Those t-test values that mean significant differences
of performance between methods are shown in bold font
in Table 5. The experimental results regarding best-so-far
makespan produced by different methods against schedules
are plotted in Fig. 10, where the data were averaged over 50
runs. From Table 4, Table 5, and Fig. 10, several results can
be observed.

First, CSANN-II significantly outperforms CSANN with
respect to both the quality of produced schedules and time
used on almost all test JSSPs, as indicated in the t-test results regarding CSANN-II – CSANN. This result is consistent with our first set of experiments. In order to see whether
Algorithm 8 for CSANNs works, we also recorded the tightness factor γ achieved after the pre-processing stage of each
run and report the results in Table 6, where min/ave/std
means minimum, average and standard deviation over 50
runs of CSANNs, respectively. From Table 6 and Fig. 7, it
can be seen that Algorithm 8 achieved a slightly loose value
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of γ for LA01, LA06 and LA11 and a good value of γ on
larger JSSPs, LA16, LA21 and LA26. Here, a “loose” or
“good” value of γ is relative to the “threshold value”. For
example, for LA01, it is “good” to set γ to the range of
[0.35, 0.4] since in this range TPS is low but the solution
quality is high, see Figs. 6 and 7. Algorithm 8 reaches an
average value of 0.46 for CSANN-II for LA01 and 0.45 for
CSANN for LA01, respectively, which is “loose” in comparison to the range [0.35, 0.4]. Generally speaking, Algorithm 8 works reasonably well for CSANNs under the
given parameters though proper tuning may further improve
the performance of CSANNs. On average, Algorithm 8
achieved slightly tighter value of γ for CSANN than for
CSANN-II. This is because, as analyzed before, CSANN-II
requires slightly more iterations per schedule than CSANN
does.
Second, comparing the performance of CSANNs with
the three heuristic algorithms regarding the quality of produced schedules, it can be seen that CSANN-II also significantly outperforms GT-Act, GT-ND and GT-Rule on all
test JSSPs and that CSANN outperforms them on LA01 and
LA06 while performs similarly as or is beaten by them on
Table 6 The tightness factor γ produced by Algorithm 8
Method

γ (min/ave/std)

JSSP

LA01

CSANN-II

0.42/0.46/0.020

0.36/0.40/0.021

0.36/0.42/0.026

CSANN

0.40/0.45/0.020

0.34/0.39/0.028

0.36/0.39/0.024

JSSP

LA16

LA21

LA26

CSANN-II

0.32/0.36/0.020

0.26/0.30/0.021

0.20/0.22/0.010

CSANN

0.32/0.34/0.015

0.26/0.28/0.018

0.20/0.22/0.012

Table 7 Experimental results
regarding the best makespan
produced over 50 runs of
CSANNs and classic heuristics
with fixed run time, where the
data are shown in the format of
min/ave/std

LA06

LA11

the other JSSPs. This result can be more clearly viewed from
the dynamic performance of methods in Fig. 10. Figure 10
shows that CSANN-II performs much better than the other
methods on the JSSPs. On LA06 and LA11, CSANN-II even
achieved the optimal solution within 100 schedules on the
average.
Third, when considering the computational cost of different methods, both CSANN and CSANN-II spend significantly more time than GT-Act, GT-ND, and GT-Rule. This
is easy to understand because CSANNs, under the values of
γ produced by Algorithm 8, need tens or hundreds of iterations for one schedule while GT-Act, GT-ND and GT-Rule
produce one schedule in just one iteration.
In order to carry out a fairer comparison among different methods regarding the computational time, further experiments were carried out to run each method on each test
JSSP for a certain fixed time. We also carried out 50 runs for
each method on a JSSP. For each run of a method on a JSSP,
the run time was limited to 5 × O seconds, where O is
the total number of operations. For each run, the best schedule produced and the total number of schedules produced
were recorded. The experimental results regarding the best
makespan produced by CSANNs and classic heuristics and
the corresponding t-test results of comparing them over 50
runs are shown in Tables 7 and 8, respectively. The average number of schedules produced by CSANNs and classic
heuristics over 50 runs is shown in Table 9.
Table 7 shows that CSANN is now beaten by the three
heuristic methods on large JSSPs. However, CSANN-II still
significantly outperforms CSANN as well as GT-Act, GTND, and GT-Rule on nearly all JSSPs, as indicated in the ttest results in Table 8. Among the three heuristic algorithms,
it seems that GT-ND outperforms GT-Act and GT-Rule on
most JSSPs, as indicated in the t-test results regarding GT-

JSSP

LA01

LA06

LA11

Run Time (Seconds)

250

375

500

CSANN-II

666/666.0/0.0

926/926.0/0.0

1222/1222.0/0.0

CSANN

666/672.0/4.9

926/926.1/0.52

1224/1249.0/12.5

GT-Act

666/673.3/5.4

926/926.0/0.1

1222/1230.9/6.3

GT-ND

666/667.0/2.0

926/926.0/0.0

1222/1222.9/2.5

GT-Rule

666/674.5/5.8

926/927.0/1.9

1222/1235.5/7.5

JSSP

LA16

LA21

LA26

Run Time (Seconds)

500

750

1000

CSANN-II

956/976.8/5.1

1162/1183.1/7.2

1342/1363.7/9.9

CSANN

1011/1050.8/13.7

1281/1324.0/18.8

1481/1544.5/22.7

GT-Act

995/1016.5/8.5

1233/1258.8/9.5

1463/1497.8/13.4

GT-ND

961/1012.4/13.3

1241/1278.7/14.1

1423/1472.3/16.6

GT-Rule

995/1019.4/8.6

1226/1267.0/12.2

1483/1508.6/11.3
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Table 8 The t -test results of
comparing CSANNs and classic
heuristics with fixed run time
regarding the best makespan
produced over 50 runs

Table 9 The average number of
schedules produced by
CSANNs and classic heuristics
with fixed run time over 50 runs

35
JSSP

LA01

LA06

LA11

LA16

LA21

LA26

Run Time (Seconds)

250

375

500

500

750

1000

CSANN-II – CSANN

−8.65

−1.63

−15.27

−35.88

−49.46

−51.54

CSANN-II – GT-Act

−9.63

−1.00

−10.05

−28.32

−45.02

−56.93

CSANN-II – GT-ND

−3.41

0.0

−2.64

−17.70

−42.74

−39.75

CSANN-II – GT-Rule

−10.40

−3.54

−12.70

−30.09

−41.92

−67.97

GT-ND – GT-Act

−7.84

−1.00

−8.38

−1.84

8.32

−8.48

GT-ND – GT-Rule

−8.73

−3.54

−11.25

−3.16

4.44

−12.80

JSSP

LA01

LA06

LA11

LA16

LA21

LA26

Run Time (Seconds)

250

375

500

500

750

1000

CSANN-II

435464.3

306350.6

234634.4

227509.8

147369.5

88392.6

CSANN

322730.8

153152.2

92711.4

132779.9

63429.8

36318.4

GT-Act

3129798.9

2065252.2

1492171.4

3258000.8

2153771.9

1545604.7

GT-ND

3101206.7

1961333.2

1480097.7

3250826.2

2157310.0

1543490.5

GT-Rule

2845412.3

1903676.1

1428637.2

3096360.8

1811451.4

1511530.7

ND – GT-Act and GT-ND – GT-Rule, respectively. This result is consistent with other research work in the literature
that non-delay schedules show a better mean solution quality than active ones (Bierwirth and Mattfeld 1999).
Next, let us consider the average number of schedules
produced by different methods within the fixed time on each
JSSP. From Table 9, it can be seen that GT-Act and GTND produce a similar number of schedules while GT-Rule
generates fewer schedules. This is natural due to their similar computational complexity. CSANN-II generates about 6
to 18 times fewer schedules than GT-Act and GT-ND on the
JSSPs while dominating them in mean solution quality. In
other words, the peak quality per schedule (QPS) generated
by CSANN-II is much higher than other methods. This is
an interesting result because both CSANN-II and GT-Act
aim at active schedules with uncertainty: CSANN-II starts
from random initialized start times of operations while GTAct schedules a random operation from the conflict set C
iteratively. The difference lies in that GT-Act searches in the
whole domain of active schedules randomly, while CSANNII searches from the larger domain of feasible schedules,
which are properly filtered by the expected makespan imposed (the produced schedules are then mapped to active
ones by Algorithm 9). This gives CSANN-II an advantage
over GT-Act (and GT-ND and GT-Rule similarly). The result that CSANN-II has a much higher QPS is also important since for many advanced scheduling systems, the QPS
is a key issue. For these systems, CSANN-II appears better suited than some widely applied heuristics like GT-Act,
GT-ND, and GT-Rule.

5.4 Experiments on analysing the component algorithms
proposed for CSANN-II
There are several component algorithms proposed in
CSANN-II, i.e., Algorithms 7, 8 and 9. In Sect.5.2, we have
shown that Algorithm 7 improves the computational complexity of CSANN-II over CSANN and that Algorithm 8
eliminates the need of setting up the tightness factor for
CSANNs. In this set of experiments, we further analyze the
effect of Algorithms 8 and 9 on the schedule quality improvement of CSANNs. Two CSANN variants were investigated on the test JSSPs listed in Table 2: one is CSANN
without Algorithm 8 but with Algorithm 9 used in Step 5
of Algorithm 4 to produce an active schedule instead of a
semi-active one, which is denoted CSANN-Act. The other is
CSANN with both Algorithm 8 and Algorithm 9 switched
on, which is denoted CSANN-AP. For CSANN-Act, the
tightness parameter is set to γ = 0.5. For CSANN-AP, the
parameters in Algorithm 8 are set the same as in Sect. 5.2
with τ = 10, ρ = 1, and δ = 0.01.
For each CSANN on a JSSP, 50 runs were carried out
with 105 schedules produced per run and the intermediate
best-so-far schedule recorded every 100 schedules. The experimental results regarding the best makespan produced by
CSANN-Act and CSANN-AP and the corresponding t-test
results of comparing them and CSANN and CSANN-II are
shown in Tables 10 and 11, respectively.
From Tables 10 and 4, it can be seen that CSANN-AP
significantly outperforms CSANN on almost all test JSSPs,
as indicated in the t-test results in Table 11. That is, Algorithm 9 significantly improves the quality of solutions
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produced. Another observation is that CSANN-AP outperforms CSANN-Act, especially on large JSSPs. This result
indicates that Algorithm 8 also contributes toward a better
quality of solutions produced by CSANN. The third result is
that CSANN-II performs statistically equivalent or similar to
CSANN-AP regarding the solution quality, except on LA21
where CSANN-II is significantly beaten by CSANN-AP.

6 Conclusions and future work
This paper investigates an improved constraint satisfaction adaptive neural network, CSANN-II, for the JSSP. In
CSANN-II, the topology corresponding to the resource constraints is simplified according to the online resource constraint satisfaction situation when it is running via a simple sorting algorithm. Consequently, CSANN-II’s computational time per schedule is reduced over the original CSANN
model. Some heuristics are also proposed to improve the
performance of CSANN and CSANN-II, including producing a proper expected makespan and improving the quality
of produced schedules.
Based on a set of benchmark JSSPs, we experimentally
studied the computational complexity of CSANN-II over
CSANN and compared the performance of CSANN-II over
CSANN and three classical heuristics. From the experimental results, we analyze the strength and weakness of
CSANNs for JSSPs. According to the experimental results
and analysis, the following conclusions can be drawn on the
test JSSPs.
First, CSANN-II speeds up in the order O(n/ log n) over
CSANN, including the time per iteration and time per schedule measures. CSANN-II outperforms CSANN with respect
Table 10 Experimental results of analyzing the component algorithms
of CSANNs regarding the best makespan produced over 50 runs, where
the data are shown in the format of min/ave/std
JSSP

LA01

LA06

LA11

CSANN-Act 666/666.5/1.2 926/926.0/0.0

1222/1222.0/0.0

CSANN-AP

666/666.2/0.7 926/926.2/0.0

1222/1222.0/0.0

JSSP

LA16

LA26

LA21

CSANN-Act 956/980.3/5.3 1173/1193.6/9.4 1338/1374.8/11.8
CSANN-AP

959/978.7/3.1 1160/1181.6/8.9 1334/1361.6/8.8

Table 11 The t -test results of
comparing CSANNs with
different component algorithms
over 50 runs

to the quality of solutions primarily due to its use of Algorithm 9, which is better than the semi-active algorithm used
in CSANN.
Second, the proposed adaptive scheme for producing a
proper expected makespan works well for CSANNs. The experimental results show that reasonable values can be found
for the expected makespan automatically. This eliminates
the need and difficulty of manually setting the value for
CSANNs to solve JSSPs since setting a reasonably good
value for the expected makespan can usually lead to good
schedules. Of course, we may still manually tune the value
with human expertise for optimal results.
Third, CSANN-II outperforms three classical heuristic
algorithms with respect to the quality of solutions but requires more time for a schedule. When the run time is fixed,
CSANN-II can reach better solutions than the three classical
heuristic algorithms with fewer schedules. Hence, CSANNII has a much higher QPS, which is an important feature.
There are several avenues to pursue for future work regarding CSANN-II. First, just as the three classical heuristic algorithms studied in this paper, CSANN-II is a working tool for JSSPs. Whenever the initial start times for operations are given, CSANN-II will return a deterministic
schedule. It is important to see that the QPS generated by
CSANN-II is much higher than the three classical heuristic
algorithms studied, which are widely used as the fundamental tools for advanced JSSP systems (Hart et al. 2005). Just
as the three classical heuristic algorithms, CSANN-II can
surely act as a good fundamental tool for constructing advanced hybrid intelligent systems for JSSPs. For example,
combining it with a simple local search scheme has shown
some promising results for JSSPs (Yang 2006). Combining it with other meta-heuristic methods may also produce
promising results. For example, we may integrate CSANNII into GAs and compare the performance with other stateof-the-art GA based scheduling systems for the JSSP. This
is an interesting work now under investigation.
Second, CSANN-II itself may be further improved.
The knowledge that becomes available during the solving
process can be further integrated to improve its performance.
For example, with the solving process of CSANN-II, more
and more neuron units will correspond to already satisfied
sequence constraints and resources constraints and hence
become irrelevant in terms of solving constraint violations
for a feasible schedule. This knowledge may be used to

JSSP

LA01

LA06

LA11

LA16

LA21

LA26

CSANN-AP – CSANN

−11.33

−1.66

−13.75

−36.83

−41.93

−49.65

−1.61

0.0

0.0

−1.83

−6.52

−6.32

0.0

0.0

0.0

−0.35

2.64

−0.16

CSANN-AP – CSANN-Act
CSANN-II – CSANN-AP
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avoid calculating such irrelevant units and further reduce
the computational cost.
Finally, the JSSP studied in this paper is basically an
academic problem in scheduling. For the sake of simplicity and clarity, we have focused on JSSPs that are not oversubscribed, have no (tight) deadlines for jobs, and do not
allow one job to be processed more than once on a machine.
A modest future effort will extend the CSANN approach to
practical JSSP-type situations. The application of CSANNII can also be extended to stochastic and dynamic JSSPs,
which are closer to real-world scheduling problems. To address these JSSPs, the structure of CSANN-II may be more
flexible and change over time according to the stochastic or
dynamic conditions of the JSSP.
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