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Abstract This study investigates an energy-aware flow
shop scheduling problem with a time-dependent learning
effect. The relationship between the traditional and the
proposed scheduling problem is shown and objective is to
determine a job sequence in which the total energy
consumption is minimized. To provide an efficient solution
framework, composite lower bounds are proposed to be
used in a solution approach with the name of Bounds-
based Nested Partition (BBNP). A worst-case analysis on
shortest process time heuristic is conducted for theoretical
measurement. Computational experiments are performed
on randomly generated test instances to evaluate the
proposed algorithms. Results show that BBNP has better
performance than conventional heuristics and provides
considerable computational advantage.

Keywords flow shop, energy-aware scheduling, learning
effect, nested partition, worst-case error bound

1 Introduction

Conventional scheduling problems with time-based
objectives have been widely investigated in the past few
decades. Conventional scheduling problems that are
usually embedded in a synthetic industrial information
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system deal with the allocation of jobs on machines over a
given time period. The objective is focused on the
reduction of production time, which is related to turnover
rate and appropriate economic indicators. However, in
terms of sustainable development, the consumed energy in
scheduling has become a public economic benefit for
manufacturing companies with the continuous increase of
environmental issues and large amount of energy costs. By
contrast, the processing time of a job or an operation is
constantly fixed through the entire production for the
classical research on scheduling. However, there are many
realistic manufacturing environments, the labor or produc-
tion facility improves continuously over time and the
learning effect continuously improve over time, which
indicate that a job has a shorter processing time than that of
previously scheduled jobs that is an extremely important
factor to consider. This condition provides an accurate
estimation on energy consumption, which causes better
calculation of processing time of workers and machines.
Thus, integrating the learning effect to the energy-based
scheduling objective will aid in actual processing time
approximation and accurate estimation of total energy
consumption. For the close relationship between the
energy-aware scheduling and scheduling with learning
effects, an integrated research on the combined problem
should be conducted regardless of its immense complexity.

Despite various studies on the traditional flow shop
scheduling problem (FSS), the literature on scheduling
problems that consider sustainable factors is limited, and
the integrated scheduling problem with simultaneous
considerations of energy reduction and learning effects
has not been investigated due its high complexity. In this
study, we first propose an energy-aware FSS (EAFSS)
problem with a time-dependent learning effect. A new
efficient framework with bound-based selection, partition-
ing, and sampling-based strategy is designed to solve the
combined problem. This framework can be practically
extended to solve other combinatorial problems where
efficient bounds can be developed. A bound-based nested
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partition (BBNP) with a composite bound is proposed to
obtain an optimal solution. We also conduct a worst-case
analysis on a shortest processing time (SPT) algorithm for
theoretical measurement.

The remainder of this paper is organized as follows:
Section 2 presents a literature review in terms of FSS with
learning effect (FSSLE) and energy-aware scheduling
(EAS). Section 3 provides the notations and assumptions.
Section 4 shows the relationship between the traditional
and proposed problems. Section 5 develops a composite
bound for sustainable FSS with the exponential sum-of-
processing-time-based learning effects. Sections 6 and 7
describe the proposed composite solution and worst-case
analysis on SPT heuristic. Section 8 presents the detailed
experimental results and analysis. Section 9 summarizes
the conclusions.

2 Literature review

As a conventional topic, FSS has been intensively
investigated in the past few decades. Johnson (1954),
Gonzalez and Sahni (1978), Garey and Johnson (1979),
and Smutnicki (1998) investigated typical flow shop
models and their associated algorithms. Polynomial
solutions can be found in several certain cases (John-
son,1954). However, in most cases, it is not able to be
solved in polynomial time (Gonzalez and Sahni, 1978),
which leads to the study on approximation algorithms
(Garey and Johnson, 1979; Smutnicki, 1998). Many real
applications have supported Wright’s theory (1936) where
the processing time can be remarkably reduced with the
increase of production requirements (Webb, 1994). Biskup
(1999) and Cheng and Wang (2000) successfully intro-
duced Wright’s theory in scheduling. Considerable studies
have focused on FSSLE. Lee and Wu (2004) investigated a
two-machine FSS with position-based learning effects.
They proposed heuristic and branch-and-bound methods to
minimize the total completion time. Recently, Pei et al.
(2017) evaluated a serial-batching scheduling problem
with position-based learning effect under single and
parallel machine environments, which minimizes the
total number of delayed jobs and maximizes the earliness.
They developed an optimization algorithm for a single
machine setting and proposed a hybrid BA-VNS algorithm
for a parallel machine setting. For a learning-based
scheduling environment, Wang and Xia (2005) investi-
gated FSS to minimize either the total flow time or
makespan. They determined polynomial time solutions in
several certain cases. They proposed a heuristic algorithm
and confirmed the worst-case error bound of the heuristic.
Koulamas and Kyparisis (2007) considered sum-of-
job-processing-time-based and position-based learning
effects in a two-machine FSS and showed that the SPT
sequence is optimal under several certain cases. On the
basis of the similar concept of Wang and Xia (2005), Xu

et al. (2008) implemented the worst-case analysis on SPT
for the FSSLE. Their objectives are all related to
completion time. Pei et al. (2017) assessed a serial-batch
scheduling problem in an environment where coordination
exists among multiple factories and resource-dependent
processing time and dual constraints of resources are
considered. They provided a polynomial-time scheduling
rule for the optimization of each single factory and
proposed an efficient BA-VNS algorithm to solve the
complex coordinate problem. Wu and Lee (2009), Rudek
(2011), Kuo et al. (2012), Sun et al. (2013), Wang et al.
(2013), Xu et al. (2016), and Gao et al. (2017) conducted
recent studies on FSSLE.

EAS is an area that has been rarely investigated in the
scheduling domain regardless of its importance. Liu et al.
(2001), Artigues et al. (2009), Lee and Zomaya (2010),
Chan et al. (2013), and Agrawal and Rao (2014) conducted
previous studies associated on EAS. Liu et al. (2001)
considered power-aware scheduling under timing-
constraints. Artigues et al. (2009) investigated a scheduling
problem with energy constraints. Tree searches are applied
to provide schedule solutions. Lee and Zomaya (2010)
evaluated a scheduling framework that incorporates
various factors related with energy-efficient operation.
Chan et al. (2013) introduced a scheduling problem with
weighted flow time and energy graphs. Algorithms with
the basic concept of removing certain tasks and maintain-
ing the optimality are developed. Agrawal and Rao (2014)
conducted a systematic study on EAS of a distributed
system. They proved that total energy consumption
minimization is equivalent to makespan minimization for
several special cases. In addition, several heuristics are
developed for the solution. Liu et al. (2017) considered
an EAS problem with processing-speed-dependent
processing times and proposed a three-stage decomposi-
tion approach to minimize energy consumption.

3 Notations and assumptions

The investigated problem here includes 7n jobs
J ={J1, J, ..., J,}, where each job in the system should
be sequentially processed on each of m machines M =
{M,, M,, ..., M,,} and without preemption. The sequence
of the job remains the same for each machine, which
indicates that each job joins the queue of the next machine
after its completion on its own machine and all the queues
are assumed to follow a first in first out principle. Similar to
the study of Agrawal and Rao (2014), the energy
consumption in the working and idle states for each
machine M; are denoted as p(M;) and ku(M;), respectively,
where 0<k<1. Each job J; consists m operations
Oyj, Oy, ..., Oy, and these operations should be sequen-
tially processed on each machine. p;; denotes the (original)
processing time of operation 0.
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A previous study on the learning effect assumed that the
learning curve is position-based, which is a log-linear
learning curve p;, = p;7 where a is a constant index and is
positionin a schedule. The processing time exponentially
decreases with the increase of position » when a < 0. An
exponential model of learning effect p;, = pja“l, where
0<a<1, is proposed by Wang and Xia (2005). The effect
is constant for a given job because p; ., p;, = a. With this
approach, the processing time decreases at a reasonably
slow rate when « is close to 1. This condition is suitable for
several manufacturing environments where the learning
effect is slow.

Motivated by this condition, we consider an exponential
time-dependent learning effect in this study, and actual
processing time pj;, is defined as follows:

r—1
Dijr :pij(aaZ/zl P4+ B), i =1,2,...m;

rj=12,..n, (1)

where 0 < a<1 is the learning rate, =0, =0, and
a+p=1

For a given schedule &, the completion time of operation
Oy is denoted by Cy(m) = Cy, i = 1,2,...m; j = 1,2,....n,
and C;(n) = C; = C,, represents the completion time of
job J;. 7.(M;) denotes the total working time on machine
M;, and 7,(M;) represents the total idle time on machine
M;. Thus, 7,(M;) = Cpax —7.(M;). This condition aims to
determine a schedule to minimize the total energy

. . . m
consumption, which is expressed as E = Zi=1 [u(M;)z,
(M;) + kp(M;)ty(M;)]. The problem can be written as Fm

r—1
pir = pylaaa7 + BIS T [u(My)e (M) + k(M)

74(M;)](m=3) and it is well known that this problem is
NP-complete.

4 Analysis on minimum energy
consumption scheduling with learning
effects

Considering that 74(M;) = Cpa—7.(M;), total energy
consumption E can also be expressed as

E= Z [(M;)z,
— (103 Ao (M) + KD 1Mo

i=1 i=1

) + k(M) (M;)]

where k and p(M;) are fixed constants. The traditional
assumption on the objective of the scheduling problem
focuses on the time reduction of tasks and usually includes
the minimization of makespan, maximum delay, total
completion time, and total tardiness. This assumption is
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further related to overall turnover rate or customer
satisfaction, which are important economic and manage-
ment factors. The objective considered in this study
provides such a sustainable way of scheduling where the
total energy consumption is kept low.

On the basis of the above equation, when the learning
effect is ignored (processing time is assumed to be
constant) and power consumption rates u(M;) are equal
for all the machines, that is, pu(M;) = u(M,) =...=

w(M,,) = n(M), we can have
+ kZl 1 M

E=(1-k)) " pM
= (1 7k)/J’(M)Z +kzm max
), and Z

Considering that &, u(M, M) are all

fixed constants, the problem will be reduced to the
minimization of makespan. For the general case, the
objective is the addition of two factors, namely, minimum
working energy consumption and minimum makespan.
The setting of different energy consumption rates for
different machines lead to the tradeoffs between economic
and sustainable factors because makespan is used as an
important corporate economic indicator. In addition, the
entire consumed time can be controlled within a reasonable
limit by reducing the energy consumption although the
minimum energy consumption cannot guarantee the
minimum makespan.

Hence, the sustainable perspective does not conflict with
the corporate economic profits or management level in
terms of EAS for the operation management of manufac-
turers. On the contrary, a good control of consumed energy
can have a remarkable impact on the reduction of
production time and costs. The benefit of energy-aware
objective is that it is a generalization of minimizing
production time, which can lead to a better balance. The
different settings of energy consumption rates provide
opportunities in configuring the problem based on various
preferences.

max

5 Composite lower bounds (LBs)

In this section, we propose a composite bound on partial
solutions under three different perspectives, namely,
LB(1), LB(2), and LB(3), which is applied to reduce the
total nodes searched in a branch-and-bound framework.
Let © = (PS,US) be a schedule of jobs where PS and US
represent the scheduled and unscheduled parts, respec-
tively.

Lemma 1. (Wang et al. (2009)) For problem 1|p;. =

pj(aazgl P4+ B)|Crax» an optimal schedule can be
obtained by sequencing the jobs in non-decreasing order
of p; (i.e., the SPT rule).
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51 LB1

First, we consider an LB for the term C,,,,. For a partial
schedule with & scheduled jobs, the completion time of the
(k+ 1) th job on machine M; can be written as

Cijky1) (r) = max{C;_ 1,[k+1] (n)aci[k] (m)}

k
+pi[k+1](aa21:117r1] A
S
2 Cl[k] (n) +pl[k+]] ((la 1=1 Pill) +ﬁ),

Similarly,

m k
Confies 11 (1) = Cgg(m) + > Puis ) (@a2o Pt 4 ),

m—1

Cofpeiy) () 2 )+ Z Puli+1)( aaZ/ 1Pl 4 B)

J _
3 pusn(aaSirer S 1 g
h=1

where 1<j<n—k.
Hence, the makespan is

m—1 .
Cmax = C[n] (Tf) =C, TC) + Z pu[k+1](aa21:|pu[ll +ﬂ)

n—k k h-1
+Z Ponlis i (aaZ/:|pm[[]+Z/:| Puiest] 4 Y. ()
h=1

The first term is a constant, and an LB can be obtained
by minimizing the last two terms. From Lemma 1, the term

k h—1
Z;, 1 Plien (01 az,:m i+ i P B) can be mini-
mized by sequencing the jobs in non-decreasing order of
Pmjj- Thus, the LB for Cp,, concerning machine M; is

m—1 .
LBi(Conax) = Cig(m) + > Pu[km*(aazf:‘p“m +p)

n-k k h-1
o5 pupen(aaShrr il 1y
h=1

3)
where [k 4 1]" = arg [1’111{1] Z: Pufks1]-
. -
For the term Zi:l w(M;)z.(M;), we can easily show
that

k
Z pl[/ aZI 1Pl +ﬂ)

1 j=1

m
Z H’(M 7.(M, Zlumin

m
i=1 i=

n—k
+Mminz L(k+h aallnllr‘Z/ \Pill +Zz 1+ L +ﬂ)’
h=1

where [y, is the minimum value among y;(1 <i<m), and
Ljs1) SL(k42) << Ly is a nondecreasing order of total

normal processing times of unscheduled jobs.

In addition,
Zjn] /-’L( /Mmmzl 1 Z] lpz

(a4 )+ 30 ST P

(aaZl 1 Pill +Zl 1 Ditk+1) +ﬁ)

Thus, the LB for the term Ziil wu(M;)z . (M;) is
m k i1
LB' = min Mminz Z Pij) (aaZ/:ll’im +5)
=1 j=1
n—k

+min Z L (k+h)

m
Mmin E i=1

a‘,“‘f‘zl 1 Pill +Z/ 1 Bkt +,8)5

k A m
Zj=1 Pifj (‘mz’:'m +5) + Zi:l

Zh 1pzk+h aaz" i *Zz 1 Pilk+1) +ﬁ>

Accordingly, LB(1); = (1-k)LB' +k» | n(M;)LB
(1);(Cmax ). We select the maximum value of LB( )i to
obtain a tight LB, and LB(1) is denoted as follows:

LB(1) = max{LB(1),, LB(1),,..., LB(1),,}.  (4)

52 LB2

Following the similar perspective that each certain
machine generates an LB is taken, we consider all the
remaining operations of a job in the calculation of Cy
(n) compared with LB 1. Thus, we have

k
Cifir1) (1) Z Ciggg (1) + piger (aa2art Pt 4 ).

Similarly,
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+Z Puli+1)( aazl PP+ B),

m[k+1] (TE)

+§ D; k+h CZZI 12i)) +Z, 1 Pilk+1) +ﬁ)

m[k+]] ( )

T Z Puli)( aaZI v +Zl 1P 4 p),

u=i+1

where 1 <j<n—k.
Hence, the makespan is

Coax = C[n] (TC) = Ci[k] (TE)

+Z pz[k+h aaZI 1 P +Zl 1 Pilk+) +,B

+Z Pu(a@d=in Pt 4 ), )

u=i+1

The first term is a constant, and the minimization of the
last two terms will lead to a low bound. From Lemma 1,

the term Zh | Piesn)( WZ’ e +Zl 1 PilH] 1 g) can

be minimized by sequencing the jobs in non-decreasing
order of p;;. Thus, the LB for machine M; is

LBi (Cmax) = Ci[k] (T[)

Pyt E Pif
+ E Pife+i) O‘aZ/ ' =1 T4 B)
h=1

(@i Pt 4 ), (6)

+Zp

u=i+1
where [n]* = arg H[lni]n Zum—i+1 Puyny™

Accordingly, LB(2); = (1-k)LB! —I—kz —, H(M;)LB
(2)i(Cpiax)- We select the maximum value of LB(2); to
obtain a tight LB, and LB(2) is denoted as follows:

LB(2) = max{LB(2),, LB(2)...., LB(2),,}.  (7)

53 LB3

We take a new perspective for each job in the calculation of
LB 3. Cipy)(m) is calculated based on the arbitrary
position of a certain job.

Ci[k+1](n) = maX{Ci—l,[k+1] (m), Ci[k] (m)}

k
+ Py (0@ 711 4 )

+Z Puji+1] (@ az’ 1Pl ).

=2 Cypy(nm
Similarly,

Cofiy1) (1) = Cypgy (m) + Z Pufi+1)( aaz’ vl ),

Cigj) (1) 2 Cy g (1) +

w h
aaZLI pr[/]JrZ,jll Pi[kﬂ]JrZ/:ll Pilletwiis1] | ,B)

Pilc+w+h+1] (

D Piiksi) (aaoinr P Pt 4 )
h=1

i ,
+Z Pu[k+w+1](‘m2f:' Pt D ies Pu +5)

u=1
where 1 <j<n—k, l<w<j-k.

J=(w1)

D

h=1

Chfpeij) (1) Z Crppg () +

aaz:;lpm[l]+zr:llPm[k+[]+2f:|] DPmlk+w+1+1] + ﬁ)

Pmlk+w4n+1] (

+Y P (aadorm PR Pt 4 )
=

m o w
+Z pu[k+w+1](aazj:' Pt Dt Piks +£),
u=1

where 1 <j<n—k, I<Sw<j—*k.
Hence, the makespan is

n—(k+w+1)

>

h=1

Crax = C[n] (ﬂ?) =C (k] (TE) +

(aazl 1 Pmli +Z;:’11pm[k+l]+Z;Z11pm[k+w+l+l] +ﬁ)

PmllktwAn+1]

w .
D Pk (aaz’k:‘ Pt P +A)
h=1

m i w
+ Z Pu[k+w+1](0“12:1:1 Pt iy Pik +B), ®)
u=1

where 1<w<n—k. The first term is a constant, and the
minimization of the last three terms will lead to an LB.
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Moreover, the second term is minimized by sequencing all
jobs in a non-decreasing order of pyn(y) = mMin{py[Ppmj }
based on Lemma 1, except for the (k +w + 1)y job. By
contrast, the actual processing time can be minimized by
increasing the accumulated learning effect. Hence, we take
Pmax(j) = Min{py;, pyy);} as the processing time of the past
position. Consequently, the LB for job J; is

m k n—k-1
LBy(Cos) =Cig (1) +Y_p(aaZein P20 Pt . )
u=1

n—k—1 " h_1
£ Py (a2 PN Pt g ) (9)
=1
where k<j<n—k, k<h<n—k.
Accordingly, LB(3); = (1-k)LB' + kZ;n:l w(M;)LB
(3);/(Cinax). We use the maximum value of LB(2); to
obtain a tight LB, and LB(1) is denoted as follows:

LB(3) = max{LB(3),, LB(3)s...., LB(3),_+}.  (10)

Three LBs are derived from different perspectives, and
these LBs form the composite bound by using their
maximum value. Thus, the composite bound is denoted as

LB = max{LB(1), LB(2), LB(3)}. (11)

6 Algorithms
6.1 Two heuristic algorithms

Considering that the proposed problem on m-machine
(m=3) flow shop is NP-complete, heuristic algorithms can
be constructed to solve it within a limited amount of time.
In this study, we use two heuristics, namely, O(mnz)
NEH heuristic of Nawaz et al. (1983) and O(mn*) FL
heuristic of Framinan and Leisten (2003) to solve Fm|p;;, =

r-1

pylaad P IS (M) (M;) + ki (M), (M)
(m=3). They are widely applied and shown to be efficient
in solving FSS. Now, we provide the modified NEH and
FL algorithms with time complexity of O(mn®) and
O(mn*), respectively.

NEH algorithm

Step 1. Calculate total normal processing time L; of each
job J;.

Step 2. Denote the SPT sequence wr, where all jobs are
sorted in non-decreasing order of ;, and let m; be job in the
kth position of m.

Step 3. Select my, m, from m, switch their positions,
calculate the energy consumption of the two possible
sequences, and select the better one. The relative positions
of the two jobs will not change in the remaining steps. Set
j=3.

Step 4. Use m;, insert it in j possible positions of the
partial sequence in the previous steps and result in j
sequences, and calculate the energy of these sequences to
find the best sequence. Keep the relative positions of jobs
in the current best sequence unchanged.

Step 5. 1f j = n, STOP; otherwise setj = j + 1 and go to
Step 4.

FL algorithm

Step 1. Calculate total normal processing time L; of each
job J;.

Step 2. Denote the SPT sequence m, where all jobs are
sorted in non-decreasing order of Z;, and denote m; the job
in the kth position of .

Step 3. Set k= 2. Pick m;, m, from m, switch their
positions, calculate the energy consumption of the two
possible sequences, and select the better one. The relative
positions of the two jobs will not change in the remaining
steps.

Step 4. Set k =k + 1. Pick m;, insert it in k& possible
positions of the partial sequence found in the previous
steps and result in k sequences, calculate the energy of
these sequences to find the best sequence, and go to Step 5.

Step 5. Interchange jobs in all possible positions i and j
of the above best sequence, where 1 <i < k, i < j<k. This
process will result in k(k—1)/2 sequences, and select the
one with minimum energy consumption as the best partial
sequence.

Step 6. If k = n, STOP; otherwise, go to Step 4.

6.2 BBNP algorithm

On the basis of the abovementioned studies, we propose
the BBNP algorithm in this subsection. We combine the
above composite LB with Nested Partition algorithm. Shi
and Olafsson (2000) proposed the NP algorithm, where
they optimized the allocation of computational effort
during searching and sustained the global view, in which
considerable computational efforts are allocated to the
most promising region. The NP algorithm has been
successfully applied in a wide range of combinatorial
and large-scale optimization problems (Shi et al. 2001; Wu
et al. 2010)

For each iteration of a general NP framework, the most
promising region is divided into small subregions
(partitioning) and the remaining parts are aggravated as
surrounding regions. Then, samples are randomly selected
from subregions and surrounding regions (random sam-
pling). Subsequently, the promising index is calculated for
each region, and this promising index will serve as the
guidance direction for the next iteration. Finally, the
movement is performed based on the promising index.

However, good implementation of the partition and
sampling procedure is difficult for the NP method. For the
mitigation and improvement of the performance of the
algorithm, we introduce the LB and upper bound (UB) in
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the solution, which can provide a mathematical-based
strategy of partitioning and sampling and a good guide for
the implementation.

Bounds-based-partitioning (BBP)

Partitioning is a key step used in BBNP. For partitioning,
the promising region is divided into several small
subregions. Given a huge feasible solution space, the
underlying problem is that the computational effort should
not be wasted in the subregions that are not able to
contribute to optimum searching. By contrast, BBNP trims
the subregion that cannot generate the optimal solution and
reduces the searching region to a small scale. To achieve
this condition, a good UB should be determined, calculate
the LB for 7 [u(M;)r (M) + ku(M;)ry(M;)] of the
unfathomed partial schedules, and trim the useless regions
with the UB smaller than LB. The sampling procedure is
only implemented in the remaining subregion. Figure 1
illustrates the BBP procedure.

BBP procedure

Step 1. Obtain the UB of BBNP by implementing the
heuristic algorithms and select the best solution generated.

Step 2. In the k th level, divide promising region 6 into
n—k subregions by partitioning.

Step 3. Calculate the LB for unfathomed partial sche-
dules or C,,,, of the completed schedules for each obtained
subregion.

Step 4. Trim the useless subregions with UB smaller
than LB and obtain M, subregions. Denote o (k),0, (k)

e O My (k) as the final subregions to be investigated.

Bound-based-sampling (BBS)

Sampling should be implemented for each subregion
acquired in the above procedure. An efficient sampling
strategy provides an actual reflection of the subregion
and has a direct impact on the performance of BBNP.
The solution obtained from the sampling can be used as
the evaluation factor and the new UB when it is
smaller than the current UB. Similar to the previous
procedure, we introduce bounds to trim the nodes that are
unlikely to lead to optimum. The BBS procedure is shown
in Fig. 2.

BBS procedure

Step 1. For subregion o;(k) to be sampled, the (k 4 1)th
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level node is fixed by BBP procedure. Calculate the LB for
each of the rest n—k—1 levels.

Step 2. In the (k + 2)th level, trim its subregion with
UB smaller than LB, and implement a random selection in
the remaining subregions to allocate job on the (k + 2)th
level node.

Step 3. repeat Step 2 in (k + 3)th, (k 4 4)th,...,(n—1)th
level.

To avoid duplicate sampling, construct a new archive to
store history sample nodes in each BBS procedure, and this
archive is used to compare with new samples.

Estimating the promising index and backtracking

This procedure is the same with conventional NP
framework and the promising index is calculated by the
best objective value determined in a particular region.

The full BBNP algorithm is described as follows:

BBNP algorithm

Step 1. Denote d as the algorithm level, # as the run time,
andsetd =1 and t = 0.

Step 2. 1f d > n or t > TIMELIMIT, then STOP.

Step 3. Implement BBP procedure to divide root region
f into n initial subregions without generating any
surrounding region.

Step 4. Use the BBS procedure in every current region.

Step 5. Calculate the promising index. If the best
promising index exists in a subregion o, go to Step 6;
otherwise, go to Step 7.

Step 6. Select o as the next promising region. Generate
the surrounding region with other solution space. Set d =
d + 1 and t = CURRENTTIME.

Step 7. Backtrack to the parent region of the
current promising region. Set d=d-1 and
t = CURRENTTIME.

7 Worst-case bounds

On the basis of Lemma 1, we can build an approximate
solution by using the SPT rule to solve Fm|p; =

Z“l ) m
pylaaZam 04 BN T [(My)ee (M) + kp(M;)za(M;)].
Theorem 1. Let ©° be an optimal schedule and 7 be an

The promising region | 3

Current upperbound :50 || 3 | 1 | | | ” 3 | 2 I | l ” 3 | 4 | | I || 3 l 5 | | | ” Surrounding region ‘
| Subregions to be explored I | 3 | 1 | I | | | 3 I 4 | l | |

Fig. 1

BBP procedure
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One of the subregions to be explored I 3 |

Current upperbound :50 || 3 I 1 l 2 | |

NIENNNEN N

el fs] |

| | Surrounding region |

Lowerbound: 51

Lowerbound: 49

Lowerbound: 49

[3[1]a] |

s lols | |

Pick one randomly ¢

[aloefa] [ |

IEENNNENEN

ENNNENENEN

Fig. 2 BBS procedure

r—1 m
SPT schedule for Fm[pi,r:pij(aazizlp"m + 5| Zi:l
[w(M;)7.(M, M;)zy(M,

)+ kp( ;)] problem. Then,

S M) (M) + kp(M,)a(M)) ()
oy (M7 (M) + k(M) (M) ()

m Mmax k +k21 1 :u’
% (12)

(aa ™ +ﬁ) Mmm k +k21 1 'u
where P = maX{ZL pil_p[min‘i = 1:2a~-,m}apimin

= min{p;|j = 1,2
miny (i(M;).

Proof. Similar to the proof in Wang J B and Wang J J
(2014) for an SPT schedule &, where L <L, <...<L,, we
have

CJ(TE) <Ll + L2 (aapmin,l +,B) + L3 (aapmin,1+17min,2 _|_ﬁ) +

5 ..,}'l}, Hmax = max?:l”(%)’ and Hmin =

—+ Lj(aapmin,]+pmin,2+~-~+pminJ'—l +ﬂ)

J
< 13
=1
where P, ; = min{p;|i = 1,2,...,m}. Thus,
Conax (8) <D L. (14)
=

Denote ©T° = (J[l],J[Z],...,J[,,]) as the optimal schedule,
where [j] is job that is sequenced at the jth position of ",

we have

Cjj =Py +pip(ed + ) +
+pig (ad” PR o B,
Cop Z papi) + Pap (0™ + B) +

+pap (oI TPRITR o ),

Confj) ZPm)1) + Pmpp)(@d” + B) +

+Dum il (aapm[l] FPmf2) T A Pmli-1) 4 IB) .

Hence,
C[]] ZL[] aa”‘“‘“ +ﬁ) (15)
where
Pmax = max{z;l:l pilfpimin‘i = 1,2,...,1’1’1}
and Py, = min{p;|i = 1,2,...,n}. Thus,
w1
Conan (87) < > Li(ad™ + B)
=1
1 n
= > Li(ad”™ + p). (16)
=1

Consequently, from Eqs. (14) and (16), we have
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Doy M) (M) + kp(My)eg (M) ()

S M) (M) + k(Mg (M) ()

< Mmax(l 7k)z;:1 Lj + kz;il M(M)Zjil L.i

X n m
Fmax (1 7k)Zj:l ij +

Ky o M)y LJ'MT/;)

m Nmax(l_k) +kZ:’l:1 M(M)

< i '
(o™= + ) prin(1 k) + &Y ) (M)

8 Computational experiments

For the evaluation of the heuristics and BBNP, computa-
tional experiments are conducted in this section. The
algorithms are coded in C + + and run on a Pentium 4 with
2 GB RAM personal computer. The test problems are
generated based on Li et al. (2013) and Wang and Wang
(2014), and their specifications are shown as follows:

e learning rate: ¢ = {0.7,0.8,0.9};

e processing time: p; € U[1,100];

e energy consumption in the working state:
u(M;) € (1,2);

e factors: a = f = 0.5, k € (0,1).

Medium size instances:

e machine number: m = 3,5;

Table 1 Error gap (%) of BBNP and heuristic algorithms for m = 3

e job number: n = 9,10,11,12,13,14;

e time limit of BBNP approach: 900 s.

Large size instances:

e machine number: m = 5;

e job number: n = 20,50,100,150,200;

e time limit of BBNP approach: 1800 s.

For each combination of n-a-m, 20 random instances are
generated.

Tables 1 and 2 show the computation results of medium-
size problems. The average and maximum error gaps are
used to reflect the performance of heuristic algorithms. The
error gap of the solution is calculated as follows:

(VHeur B Vopt)/ Vopt x 100%,

where ey is the value " [1(M;)7e (M;) + kp(M;)a(
M;)] of the solution generated by the heuristic algorithms,

SPT NEH FL BBNP

" ¢ mean max mean max mean max mean max
9 0.7 13.8 40 2.25 9.15 0.1 1.73 0 0

9 0.8 13.2 30.3 3.13 17.6 0.076 0.626 0 0

9 0.9 13.6 34.6 2.81 13.2 0.058 0.777 0 0.01
10 0.7 15.8 34.9 2.19 10 0.16 2.74 0 0.01
10 0.8 16.9 38.8 2.49 16.9 0.099 1.62 0 0.015
10 0.9 16.6 37 1.63 8.35 0.141 1.57 0 0

11 0.7 15.8 34.4 3.82 11.4 0.104 1.15 0.067 1.246
11 0.8 13.7 30.2 2.38 9.24 0.281 2.36 0 0.015
11 0.9 14.8 31.9 1.68 6.43 0.403 3.67 0.133 1.617
12 0.7 15.6 342 1.84 6.33 0.153 2.23 0.011 0.124
12 0.8 16.9 39.2 1.81 5.41 0.347 3.12 0.084 1.016
12 0.9 15.6 31.9 221 8.28 0.356 3.87 0.104 1.246
13 0.7 17.7 354 2.38 13.7 0.385 4.15 0.184 2.039
13 0.8 16.6 315 2.41 7.08 0.359 2.18 0.101 0.998
13 0.9 16.8 29.3 2.69 8.52 0.254 2.97 0.125 1.028
14 0.7 11.9 245 1.84 7.47 0.105 1.23 0.092 0.926
14 0.8 13.4 21.7 2.28 8.6 0.296 2.27 0.104 1.638
14 0.9 13.3 21.5 2.29 8.12 0.187 2.16 0.067 0.102
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Table 2  Error gap (%) of BBNP and heuristic algorithms for m = 5

Front. Eng. Manag. 2018, 5(4): 487—498

SPT NEH FL BBNP
" ¢ mean max mean max mean max mean max
9 0.7 14.8 40.8 2.5 10.5 0.49 332 0.308 3.31
9 0.8 13.8 27.5 4.26 12.1 0.762 4.62 0.314 2.05
9 0.9 15.3 36.2 3.45 12.1 0.773 2.94 0.284 2.12
10 0.7 17.4 29.5 3.5 16.4 0.75 3.07 0.454 3.31
10 0.8 17.6 34.4 3.19 11.1 0.976 5.28 0.402 32
10 0.9 16.6 283 3.18 11.5 0.447 3.44 0.333 2.98
11 0.7 18 383 4.11 19 0.733 3.06 0.438 2.39
11 0.8 16.8 31.7 2.48 9.07 0.964 451 0.698 4.9
11 0.9 17.9 422 2.77 8.06 0.648 3.31 0.276 1.39
12 0.7 18.9 29 3.28 10.9 1.26 5.48 1.1 5.31
12 0.8 20.1 38.8 5.39 12.3 1.03 6.01 0.585 2.79
12 0.9 15.8 32.4 3.57 11.5 0.558 2.35 0.322 1.86
13 0.7 19.7 42.9 3.46 14.1 1.15 3.7 0.542 2.63
13 0.8 18.9 38.8 2.83 8.68 0.172 1.78 0.132 1.51
13 0.9 16.5 34.6 2.15 9.69 0.576 4.15 0.299 2.07
14 0.7 18.9 30.6 29 9 0.866 4.62 0.774 3.7
14 0.8 19.6 38.2 4.21 9.38 1.33 8.43 0.99 434
14 0.9 16.7 309 29 12.8 0.559 2.68 0.392 24

and Vo is the value » " [n(My)r (M) + kp(M;)y(M;
)] of the optimal schedule. From the results, FL is more
efficient than SPT and NEH. The performance is enhanced
when the new framework BBNP is applied.

The frequency of maximum value, which indicates the
dominating frequency of one LB for the partial schedule, is
recorded in Table 3 when the composite bound method is
applied. The maximum value is defined as MN;/TN where
MN; is the number in which LB i dominates the others and
TN 1is total number of iterations for one run. For the
composite bounds, the frequency of domination of each
LB on the evaluation of the partial schedule is almost equal
through the results of frequency of maximum value.
Hence, no superiority is observed among the domination of
each LB in the composite strategy.

Table 4 shows the computation results of large-sized
problems. In this experiment, the average and maximum

ratios M are used as the indicator on the performance
E(ARB)

of heuristic algorithms, where E is the total energy, Heur €
{SPT, NEH, FL, BBNP} and ARB is any busy schedule
(Smutnicki 1998). The ARB algorithm is selected as the
reference value because it is a simple and arbitrary
algorithm. From the results, the BBNP algorithm is more
efficient than FL and FL is the most efficient among all the
heuristics for large-scale instances.

Table 3 Results of domination of different LB calculations for partial
schedule (m = 3)

Frequency of maximum
n

LB (1) LB (2) LB (3)
9 0.7 0.36 0.37 0.27
9 0.8 0.39 0.33 0.28
9 0.9 0.33 0.34 0.33
10 0.7 0.34 0.31 0.35
10 0.8 0.29 0.35 0.36
10 0.9 0.35 0.31 0.34
11 0.7 0.25 0.41 0.34
11 0.8 0.42 0.35 0.23
11 0.9 0.31 0.33 0.36
12 0.7 0.27 0.35 0.38
12 0.8 0.33 0.25 0.42
12 0.9 0.4 0.36 0.24
13 0.7 0.35 0.27 0.38
13 0.8 0.32 0.36 0.32
13 0.9 0.35 0.35 0.3
14 0.7 0.41 0.3 0.29
14 0.8 0.31 0.35 0.34
14 0.9 0.21 0.42 0.37
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Table 4 Computational results of the heuristics for large-size instances (m = 5)

E(SPT) E(NEH) E(FL) E(BBNP)

n a E(ARB) E(ARB) E(ARB) E(ARB)
mean max mean max mean max mean max

20 0.7 0.8211 0.9519 0.782 0.9242 0.724 0.8728 0.7148 0.8501
20 0.8 0.804 0.9259 0.7657 0.8989 0.7018 0.8396 0.688 0.8016
20 0.9 0.8107 0.9358 0.7721 0.9086 0.7028 0.8456 0.6916 0.8334
40 0.7 0.8214 0.9406 0.7823 0.9132 0.7027 0.8432 0.677 0.7954
40 0.8 0.7869 0.9366 0.7494 0.9093 0.726 0.8655 0.6751 0.8153
40 0.9 0.7973 0.9239 0.7594 0.897 0.6903 0.8432 0.6815 0.8358
60 0.7 0.8144 0.9409 0.7756 0.9135 0.7027 0.8524 0.6885 0.8251
60 0.8 0.8096 0.9456 0.771 0.9181 0.7022 0.8531 0.6751 0.8165
60 0.9 0.8073 0.9125 0.7689 0.886 0.6901 0.8216 0.6745 0.7703
80 0.7 0.8175 0.9591 0.7785 0.9312 0.7137 0.8722 0.6568 0.7869
80 0.8 0.799 0.9326 0.761 0.9054 0.6788 0.8164 0.6575 0.8317
80 0.9 0.7825 0.9007 0.7453 0.8745 0.6728 0.8359 0.6527 0.8047
100 0.7 0.7159 0.8807 0.6818 0.8551 0.6794 0.8571 0.6216 0.8094
100 0.8 0.7827 0.8968 0.7455 0.8707 0.6673 0.8058 0.6464 0.7764
100 0.9 0.7399 0.8936 0.7047 0.8675 0.6159 0.8282 0.6015 0.7978

9 Summary

In this study, an EAFSS problem with an exponential time-
dependent learning effect is investigated. As shown in
Section 4, the conveyed message is scheduling of
minimizing energy consumption is a generalization of
minimizing makespan for the proposed problem, and the
perspective of economics and environment are highly
related in this scope. For the solution, the newly proposed
solution framework BBNP is found to be effective and
shows a better performance in the numerical experiment.
SPT is shown to have a tight bound with the worst-case
analysis. Composite bounds are developed and shown to
provide considerable computational advantages. However,
no superiority is observed among the different LBs.

For future research, many complicated manufacturing
environments, such as job shop and flexible job shop can
be introduced and investigated. Multi-objective optimiza-
tion can be conducted to investigate the relationship
between different factors.
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