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Abstract This paper investigates a single machine serial-batching scheduling problem con-
sidering release times, setup time, and group scheduling, with the combined effects of
deterioration and truncated job-dependent learning. The objective of the studied problem
is to minimize the makespan. Firstly, we analyze the special case where all groups have
the same arrival time, and propose the optimal structural properties on jobs sequencing,
jobs batching, batches sequencing, and groups sequencing. Next, the corresponding batching
rule and algorithm are developed. Based on these properties and the scheduling algorithm,
we develop a hybrid VNS-ASHLO algorithm incorporating variable neighborhood search
(VNS) and adaptive simplified human learning optimization (ASHLO) algorithms to solve
the general case of the studied problem. Computational experiments on randomly generated
instances are conducted to compare the proposed VNS—ASHLO with the algorithms of VNS,
ASHLO, Simulated Annealing (SA), and Particle Swarm Optimization (PSO). The results
based on instances of different scales show the effectiveness and efficiency of the proposed
algorithm.
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1 Introduction

In many production scenarios, the effects of learning and deterioration are common and thus
have received increasing attention from academy in recent years. Readers can find these
works in Wang et al. [1,2,5], Cheng et al. [3], Kuo [4], Yang [6] and Yang et al. [7], etc.
Specifically, there is also a growing interest in studying the truncated job-dependent learning
effect. Wu et al. [8] investigated a two-machine flowshop scheduling problem with a truncated
sum of processing-times-based learning function, and they proposed a branch-and-bound and
a genetic heuristic-based algorithm to solve this problem. He et al. [9] studied the resource
constrained scheduling problem with general truncated job-dependent learning effect, and
provided the optimal resource allocation for each case. Wu and Wang [10] studied a single-
machine scheduling problem with truncated sum-of-processing-times-based learning effect
including proportional delivery times, and proposed several scheduling rules to solve this
problem. More references can be found in Niu et al. [11], Wang et al. [12], Wu et al. [13],
etc. In this paper, we follow the learning model in Niu et al. [11] and extend it into the group
scheduling problem considering the batch processing way.

In our previous research, some scheduling problems with the effects of deterioration and
learning were investigated [ 14—17]. Different from our previous research, we mainly focus on
the combined effects of deterioration and truncated job-dependent learning in this paper, with
group scheduling and group release times further investigated. Thus, the main contributions
of this paper can be summarized as follows:

(1) We propose a novel integrated scheduling model which combines the features of serial
batching, the combined effects of deterioration and truncated job-dependent learning,
group scheduling, and setup time simultaneously.

(2) Specific to the situation of group scheduling, different release times are further investi-
gated on the basis of the batching processing way.

(3) For the special case, we propose the optimal job batching policies, batches sequencing,
and groups sequencing and develop an optimization algorithm to solve it. Based on this,
an effective hybrid VNS—ASHLO algorithm is developed to solve the general case.

The reminder of this paper is organized as follows. We give notations and the problem
statement in Sect. 2. In Sect. 3, the special case that all groups have the same arrival time
is analyzed and an optimization algorithm is proposed to solve it. In Sect. 4, the general
case where all groups have different arrival times is analyzed, and a hybrid meta-heuristic is
proposed to solve it. Finally, the conclusion is given in Sect. 5.

2 Notations and problems statement

We first give the notations used throughout in this paper, which is shown in Table 1.

Table 1 Notations

Notation Definition

n The number of groups

G; The job set of groupi,i =1,2,--- ,n

N;j The number of jobsin G;,i =1,2,--- ,n

N The total number of jobs, i.e., N = Y'_|N;
Jij JobjinG;,i=1,2,---,n,j=1,2,--- | N;
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Table 1 continued

Notation Definition

o The learning rate of all jobs in Gj,i =1,2,--- ,n

B A truncation parameter

b The deteriorating rate of processing jobs

Pij The normal processing time ofJ,-j, j=12--- N;j,i=1,2,---,n
pi"} The actual processing time ofJ,-j, j=12,---  Nj,i=1,2,---,n
ri Release time of all jobs in G;,i =1,2,--- ,n

m; The number of batches in G;,i =1,2,--- ,n

bik Batchkin Gj,k=1,2,--- ,mj,i =1,2,--- ,n

nik The number of jobs in bjy, k =1,2,--- ,m;, i =1,2,---,n

9;; The deteriorating rate of batches’ setup time in G;,i =1,2,--- ,n
Og The deteriorating rate of groups’ setup time

sik The setup time of bjg, k = 1,2, -+ ,mj,i =1,2,--+ ,n

s; The setup time of G;,i =1,2,--- ,n

c The capacity of the batching machine

S (bik) The starting time of by, k = 1,2, ,mj,i =1,2,--- ,n

C (bix) The completion time of by, k =1,2,-+- ,m;, i =1,2,--- ,n

P (biy) The actual processing time of by, k = 1,2,--- ,mj,i = 1,2, ,n
P (G)) The total actual processing time of G;,i =1,2,--- ,n

Cimax The makespan

We start by proposing a combined deterioration and truncated position-based learning
model for group scheduling in a serial-batching setting. Here the deterioration effect indi-
cates that the raw materials to be processed deteriorate over time, and the jobs require more
processing time if processed later. The learning effect indicates that the workers or machines
can improve the production efficiency with more processing experiences, and the coefficient
of learning effect is determined by the job’s position and a truncation parameter in the trun-
cated position-based learning model. Then, we investigate the following scheduling problem.
There is a set of N non-preemptive jobs to be processed on a serial-batching machine, and
these jobs are classified into n groups. Each group contains a certain number of jobs, that is,
G, = {J“, Jiz, -, In, },i =1,2,.--,n.All jobs in each group are processed in the way
of serial batches, which requires that all the jobs within the same batch are processed one
after another in a serial way, and the completion time of any job is equal to that of its belonged
batch, which is defined as the completion time of the last job in the batch [18]. The number
of the jobs in each batch cannot exceed the machine capacity c. We further investigate the
combined effects of deterioration and truncated job-dependent learning in this paper [11].
Due to the switch operations and different processing ways for different groups, the combined
effects of deterioration and learning restart once a new group begins to be processed. If J;; is
scheduled in position r of certain group G;, then its actual processing time is defined as [11]

ply = piymax {r¥ By +bt, r.j=12 Nii=12.,n
where p;; is a normal processing time of J;;, «; is the learning rate of all jobs in

Gi(i =1,2,---,n) with ; < 0, B is a truncation parameter with 0 < g < 1, b is the
deteriorating rate of processing jobs, ¢ is the staring time for processing J;;.
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Both group and batch setup times are required before processing any group or batch, and
the setup times of G; and b;; are defined as follows:

i_

sg—th
ij _ i
S —th

where 6, is the deteriorating rate of groups’ setup time, 9,’; is the deteriorating rate of batches’
setup time in G; (i = 1,2,---,n), and t and ¢’ are the starting time of processing G; and
bii, respectively.

In this paper, we assume that different groups have distinct release times. We first inves-
tigate the special case that all groups have the identical release times and propose some
important properties and algorithms, and then study the general case that all groups have dif-
ferent release times based on the investigation to the special case. The objective of the studied
problems is to minimize the makespan. In the remaining sections of the paper, all the problems
are denoted by the three-field notation schema « |B| y introduced by Graham et al. [19].

3 Problem 1 |s — batch, pt{‘j = pijmax {r%, B} + bt, r; = to| Cipax

In this section, the special case that all groups have the same release times is studied. We first
give some structural properties of this studied problem for the optimal schedules, and then a
batching rule and an optimization algorithm are developed to solve this problem.

We first give the completion time of a certain group in the following property.

Lemma 1 For the problem 1 ‘s — batch, pl./; = pijmax {r%, B}y +bt,r; = to' Cnax, given
any schedule 1 = (G, Ga, - - -, Gy) with all groups arriving at time ty > 0, if the starting
timeof Gy (f =1,2,---,n)is T, then the completion time of G y is

C(bmy) = (1+09) (1+6])" 40T

my n my—k i s
+ 30 (1 byZanns (146] )" 2.
k=1 J=Xhlin
(1 + byXh=1"n=1 p imax { 7, B) (M
Proof For the batch index v = 1 in G 7, there is
nrl
C(bs1) = (1+6,) (1 + 9,{) (LD T+ (40" pjmax |, B}
j=1

Thus, Eq. (1) holds for v = 1. For all 2 < v < f, if Eq. (1) holds, then

C (bfy) = (1 —I—Qg) (1 +9bf>v (1 +b)zz=k+1”fd T

v , o—k Yot
+ 3 (1 + pyXi=krina (1 +6)) >
k=1 J=Ysin gt

(1+ b)ZL‘”fh_jpfjmax {j*r.B}.
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Furthermore, for the (v + 1)th batch b (1), there is

C (brwsn) = C (byo) (l + 9{) (1 4 b)rw+n

Zﬁ:l”f(uﬂ) . )
+ Z (1 + b)Z/::l”f(vH)*J pfjmax {jOtf7 ﬂ}
J=Xhtinfotl
) v+1
= (1+6y) (1 +9;f) (1 + BYZisin™d T 437 (1 4 b)Zitksansd
k=1
—k Y1 fi . '
X (14—9{) Z (1 + b)Xh=1"10=J p omax {j*/.B}.
J=Eh it
Thus, Eq. (1) holds for the (v + 1)th batch by, 1), and it can be also derived that Eq. (1)
holds for b sy, .. The proof is completed. O

Based on the result of the batches’ completion times, we develop some properties of jobs
sequencing and jobs batching in the same batch from a certain batch by the job interchange
operations as follows.

Lemma 2 For the problem 1 ’s — batch, ptfj. = pijmax {r%, B} + bt, r; = to‘ Chax, all

Jjobs in the same batch of a certain group should be sequenced in non-decreasing order
of pij in the optimal schedule.

Proof Here we assume that 7 * and 77 are an optimal schedule and a job schedule, respectively.
The difference of these two schedules is the pairwise interchange of these two jobs J 4 and
Jf(d+1) (d =1,2,---, Nf — 1) in the same batch, that is, 7* = (Wl, de, Jf(d+1), Wz),
T o= (W1 de I f+n, Wz) where Jrg, Jr@a+1) € brv, and by C Gyp,npy > 2,
=12, nv=12,--- ,mys. Jsgand Jy41) are in the dth and (d + 1)th positions
of Gr. W and W, represent two partial sequences, and W or W, may be empty. It is assumed
that prq = pra+1)-

If the starting time of Gy (f = 1,2, ---,n)is T, then we first give the completion time
of by, in ™,

Clops (w)) = (1+0) (1+6]) (1 + pyFimeari T

v ; g Xizingn
+ 30 A i (14.6]) >
k=1 J=Xhlin

(1+ by X1~ p fimax { /7, B

Then, the completion time of b7, in 7 is

C(bgo () = (1+6) (1+6] ) (1 +pyXameinsa 7

v ) o Yhoin
+ 0 (A byRasknd (1+6]) Z (1

k=1 j= Zh n/;,—H

k
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+5) 21100 max (1, B)
- [(1 + b0 p rgmax {d9F, BY + (14 Y v gy ymax {(d + DY 5}]
+ [(1 + 0" 107 prgrymax {d®F BY + (1 + b)Y p yman {(d + DS ﬁ}] :
Consequently,
C(bso (7)) = C (bso (M)
= [(1 + by prgmax {7, BY + (1+ b1 prgiymax {(d + 1D ﬂ}]
— [(1 + by D f(d+1)max {d“f, ﬂ} + (1 + pyrro—d-l P famax {(d + s, /3}]

= [(1 + by max (a7, B} — (14 b)Y max {(d + 1)*7 ﬂ}] [Pra — Pra+n]-

Sincemax {d%, B} > max {(d + 1)*/ , B}, we canobtain that (1 + b)"/v~¢ max {d*s, B}
> (1+ b)Y Umax {(d + 1D)*/, B}. Also, it is assumed Dfd = Pf(d+1), we can derive
that

C(byu (™)) 2 € (b (M),

which conflicts with the optimal schedule. Hence, it should be prq < pfra+1)-
The proof is completed. O

Similar to the proof of Lemma 2, we have the following property.

Lemma 3 For the optimal schedule of the problem l‘s—batch,plf‘) = pijmax

{r%, B} + bt,r; = to| Ciax, the normal processing time of J;j in a batch by, should be
no more than that of any jobs in by, f =1,2,--- ,n,v=1,2,--- ,my — 1.

Based on the jobs sequencing characteristic of Lemmas 2 and 3, we obtain the following
corollary.

Corollary 1 For the problem 1 ls — batch, pﬁ. = pijmax {r%, B} + bt, r; = to| Cipax, all

Jjobs in a certain group should be sequenced in the non-decreasing order of p;.

As in Lemma 2, we can also use the similar jobs transferring operations to obtain the
following property.

Lemma 4 For the problem 1 |s — batch, plf‘} = pijmax {r*, B} + bt,r; = to‘ Cax, there

shouldben r, < n ry1) for acertain group in the optimal schedule, where f =1,2,--- ,n,
v=12,--- ,my— 1L

The following property for jobs number argument can be further obtained by using the
similar jobs transferring operations.

Lemma 5 For the optimal schedule of the problem 1|s — batch, pi/} = pijmax {r*, B}

+bt, ri = ty| Ciax, there should be ’_%-I batches in any group G, and all batches are full
of jobs except possibly the first batch.
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For the problem 1 }s — batch, p;‘} = pijmax {r*, B} + bt,r; = t0’ Cinax, We develop
Batching-Rule 1 for the optimal jobs batching of each group based on the Lemmas 1-5
and Corollary 1. Based on the optimal jobs batching of each group, we have the following

Batching-Rule 1

Step 1. Seti =1

Step 2. All jobs in G; are indexed in the non-decreasing order of p;;, j = 1,2,---, m;, then
a job list of G; is generated that p;j] < pj2 <+ < Pim;-

Step 4. Place the first N; — ( %—‘ - 1) c jobs in the first batch

Step 5. If there are more than ¢ jobs in the job list of G;, then place ¢ jobs in a batch and iterate.
Then, all batches are generated in G;.

Step 6. If i < n, thenseti =i + 1, go to step 2. Otherwise, end.

property for the optimal sequencing of each group.

Lemma 6 For the problem 1 ’s — batch, pif} = pijmax {r*, B} + bt, ri = to| Cipax, con-
sidering two consecutive groups G, and G4, if p(Gr) < p(Gr41), where p (G;) =
mr Zmi Nyd r\mr—k Z:;;:ln’h

1+b d=k+1 146,
252y (14D) (1+6;) Zj=2ﬁ;iﬂrh+1
(1+6) (1+67)™ (1+b)Nr —1

k .
(+b)Zh=1"r0 ") pmax{jor B}

then it is optimal to process G, before G,4.

Proof Let .r*. and 7 be an optimal schedule and a job schedule, and their difference is
the pairwise interchange of these two job sets G, and G,4+; (r =1,2,--- ,n — 1), that
is, 7* = (W1, Gy, Grg1, Wa), 1 = (Wi, G141, G, Wa), where both G, and G,4+; may
include one or multiple batches, Wi and W, represent two partial sequences, and Wy or W,
may be empty. Here it is assumed that p (G,) > p (G,+1), i.e.,

mr _ k 3 .
Py (Rt (1 g T A (L by R pyymax (. B)

(1+6;) (1+6))™ 1+ b)Y —1

My mpy1—k k k :
P (14 b)Zuéﬁlnww (1 + 9;“) - Zh:l‘"j;““’ (1 + b)Xh=170+0h=J Pt jmax {1, By
- J=Yh=1e ot -

140) (140" (4 pyNen — 1
8 b

s

and the starting time of processing G, is T'.
For 7r*, the completion time of G, is

C(Grot (%) = (14+6,) (1+05+1)" ™ (1 4 Ve

my
[(1 +60) (146])" (14N T+ (14 by Zitunra

k=1
Z‘;r:]"rh .
X (] + els)mr_k Z 1+ b)zh:lnrh_l primax {ja,’ ,3}
J= et
& Mpy ] myi1—k Z’Z:l"(rﬂ)h
+ Z (1 —|—b)zdg<r+1"(r+l)d (1 +9}:+]> r+

= k-1
k=1 ==+ yh ]
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k .
x (1 4 b)Xh=1"C+0n=J P+ ymax | j%+, B} .

For 7, the completion time of G, is

C(Gr(m) = (1+6) (1+6))"™ A+ )™

My Mrtl Mmp41
(1+6g) (1465 7)" oVt T4 Y (1 by Takr D
k=1

S She1n+h . .
x (1 +05+') ' > (1 + D=t 00 po ) imax { [+, B}

k1
J=XCin e+ et

my iy Zﬁ=1”rh " )
+ 30 A pyZdmkn™d (g™ TE SN () D= pimax (7, )
k=1 .i=2ﬁ;11ﬂrh+1

It can be derived that

C (Gr+l (T[*)) = C (G (1))

=[(+6) (o)™ a+n™ —1][(1+0) (1+6,7)" " @ pyV 1]

my _ k .
(1 byZdsennnd (14 gr)" Z]-Z:”il;"-'fn,ﬁ LA+ DYZhet"h =S pimac (% )

(L+8,) (L+6)™ (L+ )N —1

Mpyy mei1—k k k .
S Rt (14677 DI ()T ) max (1, B)

o
J=Xhsine st

(14+00) (1+6,7)" ™ (1 p¥er — 1

> 0.

It conflicts with the optimal schedule. Consequently, the proof is completed. O

Based on the above lemmas and the optimal jobs batching rule, we develop the following

Algorithm 1 to solve the problem 1 |s — batch, pi“} = pjjmax {r%, B} + bt, r; = to| Cipax-

Algorithm 1

Step 1. Execute Batching-Rule 1
7 k
Zni rd P\ —k Zh:]”rh
S ir (b =d=k+17rd (146 > _
k= ( h) j=Z’;,:11n,h+1

(146;) (1+9,§)m’ (A+b)Nr -1

k .
(b Zh=1"rh =T max (o p)
Step 2. Calculate p (G,) =

5

r=1,2,---,n—1.
Step 3. Sequence all groups in the non-increasing order of p (Gy), i.e., p (G1) < p(Gp) <
- = p(Gp).

Theorem 1 For the problem 1 ’s — batch, pi’j = pijmax {r%, B} + bt, r; = t()’ Cinax, an

optimal schedule can be obtained by Algorithm I in O (N log N) time. The optimal makespan
is
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n

Crar =10 (1+6,)" TT(1+65)" (1 + )™

r=1

n my
#2140 S R (1L )™

r=1 k=1 (2)
Zi:l"rh n
S A +nZei pmax (0, 8) [ (1 + e,ﬁ)m’ RELE
J= N et l=r+1

Proof An optimal solution can be generated by Algorithm 1 based on Lemmas 1-6 and
Corollary 1. Similar to the proof of Lemma 1, the result of the optimal solution can be also
obtained as Eq. (2). The time complexity of step 1 is at most O (N log N), and the total time
complexity of step 2 is O (1). Then, for step 3, the time complexity of obtaining the optimal
group sequence is O (nlogn). Since we have n < N, the time complexity of Algorithm 1 is
at most O (N log N). O

4 Problem 1 |s — batch, plf“j = pijmax {r*, B} + bt, ri| Cpax

In this section, we first give the key steps of VNS—-ASHLO algorithm in Sect. 4.1, and then
computational experiments are conducted to test the performance of the proposed algorithm
compared with another four algorithms in Sect. 4.2.

4.1 Key steps of VNS-ASHLO algorithm

In this section, a hybrid VNS-ASHLO algorithm combing variable neighborhood search
(VNS) and adaptive simplified human learning optimization (ASHLO) algorithm is proposed
to solve the studied problem. VNS has been widely used in various combinatorial optimization
problems since it was developed by Hansen and Mladenovi¢ [20]. There are lots of variants
of VNS and the detailed overview can be found in Hansen et al. [21]. In order to enhance
the effectiveness of the local search procedure in VNS, we adopt the the adaptive simplified
human learning optimization (ASHLO) algorithm to replace the local search procedure in
traditional VNS. ASHLO algorithm was proposed by Wang et al. [22], which is inspired
by the behavior of human learning. The human learning process can be divided into three
methods: (i) random learning, (ii) individual learning, and (iii) social learning. Random
learning is common at the beginning of learning, because of the lack of prior knowledge, and
individual usually acquires knowledge randomly [22]. In the following studying process, to
avoid mistakes and improve learning efficiency, individuals refer to their own experiences and
knowledge during the process of study [22]. This phenomenon can be abstracted as individual
learning. However, the experiences or knowledge of an individual is limited, individual needs
to gain more knowledge from other people through social learning to further improve their
learning performance [22]. In each iteration, individual i randomly selects a method to learn
and then updates current individual knowledge data (IKD) for itself and social knowledge
data (SKD), where IKD is used to save a certain number of historical optimal solutions for
each individual, and SKD is uesd to store a certain number of historical optimal solutions for
the whole population. The algorithm framework of VNS—-ASHLO is described in Table 2,
and the part of ASHLO is demonstrated in the 5th line to the 23th line in the pseudocode.
The flow chart of VNS—ASHLO is also given in Fig. 1.
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Table 2 The pseudocode of VNS-ASHLO

Pseudocode of VNS-ASHLO

1. Generate initial solution X = {xl,-u,xg,-u,x,.} randomly, set pr, pi, max_it, hmax,

hmin, and hstep

2. Set h = hmin and it = 0, randomly generate /KD for each individual and SKD from
Np(X)

3. While (h < hmax)

4. Generate N_pop solutions pop = {Xy,-+, X}, Xy pop} from Np(X) randomly,

and each solution includes n elements, X; = {x;;, = Xig X}

5. While (it < max_it)

6. Foreach X;, [ =1 to N_pop

7. Foreach x4y, g=1ton

8. Generate a random number rand() in [0,1]

9. If rand() < pr then

10. Perform random learning operator for x4
11. else

12. If rand() < pi then

13. Perform individual learning operator for x;,
14. else

15. Perform social learning operator for x;4
16. End if

17. End if

18. End for

19. Update IKD for individual [

20. End for

21. Update SKD, pr and pi

22. it++

23. End while

24. Obtain best solution X’ in SKD

25. If X’ is better than X, then

26. Replace X with X’

27. h = hmin

28. else

29. h = h + hstep

30. End if

31. End while

32. Output X

@ Springer
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4.1.1 Coding and encoding

In this paper, a solution of the studied problem is resprented by an array of group num-
ber, and the processing sequence of groups is determined by the array. For any solution
X ={x1,-++,xg, -+, x,}, the fitness of X is calculated as follows.

Calculation of the fitness

Step1.Setg =1,Cy_| = Cg =0.

Step 2. Apply Scheduling Rule 1 to calculate the completion time of group x¢ as Cg, if g = n,
then output C; and stop.

Step 3. If Cg < max{r;|i =1,2---,n}, then set g = g + 1 and go to step 2. Otherwise, go
to step 4.

Step 4. Apply algorithm 1 to solve the completion time of the remain groups and output Cy,.

4.1.2 Neighborhood structure

A simple neighborhood structure based on swap operator is applied in this paper, Nj (X)
denotes the irh neighborhood of solution X, and N, (X) is defined as follows.

Neighborhood structure

Step 1. Setu = 1.
Step 2. Randomly select two elements of solution X and swap them.
Step 3. If u < h, then go to step 2. Otherwise, output solution X.

4.1.3 Random learning operator
A simple random swap process is developed as random learning operator. When an element

of solution X is selected to perform random learning operator, randomly swap this element
with another element of solution X.

4.1.4 Individual learning operator

We assume that the g¢h position of current solution X for individual / is taken into consid-
eration, and the individual learning operator can be described as follows.

Individual learning operator

Step 1. Randomly select a solution from the /K D of individual / as the selected solution
X _select.

Step 2. The element of X which is equal to the one in the gt/ position of X _select is replaced
by the gth position of X.

Step 3. Replace gth position of current solution X with the one in the gt/ position of X_select.

4.1.5 Social learning operator

Similar to individual learning operator, we also define the social learning operator, which
can be described as follows.
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C Start )
l

’ Generate initial solution X randomly, set ~min,hmax and hstep ‘

le
v
’ Set h=hmin ‘

l

’ Randomly generate /KD for each individual / and SKD from Ni(X) ‘

N

’ Generate N_pop solutions from Nn(X) neighborhood ‘

l

’ Preform ASHLO algorithm and obtain a new solution Xnew ‘

If Xnew is better than X

N
¥

h=h+hstep

N
v

’ Output X ‘

|
( End )

Fig. 1 The flowchart of VNS-ASHLO

Social learning operator

Step 1. Randomly select a solution from the SK D as selected solution X _select.

Step 2. The element of X which is equal to the one in the gz position of X_select is replaced
by the gth position of X.

Step 3. Replace gt/ position of current solution X with the one in the g¢h position of X_select.

4.2 Computational experiments and comparison

In this sub-section, a serial of computational experiments are conducted to test the perfor-
mance of our proposed algorithm VNS—-ASHLO, compared with ASHLO [22], VNS [23],
and Simulated Annealing (SA) [24], Particle Swarm Optimization (PSO) [25]. The param-
eters of the test problems were randomly generated as Table 3 according to the practical
situations in an aluminum factory.
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Table 3 Parameters setting

Notation Definition Value

n The number of groups 10,20,30,40,50
N The number of jobs in G;,i =1,2,--- ,n U[5,15]
o The learning rate of all jobs in Gj,i =1,2,--- ,n Ul[-1,-3]
B A truncation parameter U[0,0.5]
b The deteriorating rate of processing jobs U[0,0.1]
ri Release time of all jobs in G;,i =1,2,--- ,n U[0,4000]
Dij The normal processing time of J;;, j = 1,2,--- N, i =1,2,--- ,n U[0,20]
njk The number of jobs in bj, k =1,2,--- ,m;,i =1,2,--- ,n U[0,10]
Gli The deteriorating rate of batches’ setup time in G;,i =1,2,--- ,n U[0,0.1]
Og The deteriorating rate of groups’ setup time U[0,0.1]

c The capacity of the batching machine UJ[3,5]

In order to evaluate the performance of proposed VNS—ASHLO, it is compared with
another four algorithms in the studied problem. In Table 4, the results of the average objective
value (Avg.Obj) and the maximum objective value (Max.Obj) for the problem are listed. The
convergence curves of all algorithms are shown in Fig. 2.

All cases run 10 times to avoid the contingency of the experiment. In order to ensure the
fairness of the comparison experiment, the population sizes of ASHLO, PSO, and VNS—
ASHLO are equal to the local search times of VNS and SA, both set to 5. All algorithms
were implemented in Eclipse and run on a Lenovo computer running Window10 with a
dual-core CPU Intel i3-3240@3.40 GHz and 4 GB RAM. All the algorithms are tested
by 200 iterations in a reasonable time, and the program code runs in 9.5 sec for 10 times
when n = 45. Thus, it is shown that the average running time of VNS-ASHLO does not
exceed 1 second. From Table 4, we conclude that each algorithm can find the optimal solu-
tion of the problem within 200 iterations in most cases. It is easy to find that our proposed
algorithm has better performance than other algorithms, since the average objective value
obtained by VNS—-ASHLO is better than those of other algorithms among all cases. In this
experiment, the average result of the current optimal solutions for 1 to 200 iterations is
used to plot the above convergence curves. From Fig. 2, it can be obtained that the VNS—
ASHLO has better convergence rate and optimization capability than other algorithms. All
algorithms can find reasonable solutions within 200 iterations in most cases, but VNS—
ASHLO has better convergence rate than other algorithms. With the increasing number
of groups, the results show that the optimal solution could not be found within 200 iter-
ations by SA and VNS. Although ASHLO and PSO can obtain better solutions than SA
and VNS within 200 iterations, the drawback of them is that they are not stable for all the
cases. From Fig. 2, it is also obvious that VNS—ASHLO has better robustness than ASHLO
and PSO.
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Fig. 2 Convergence curves for each algorithm when n = 10, 15, 20, 25, 30, 35, 40, 45. a Convergence
curves forn = 10. b Convergence curves for n = 15. ¢ Convergence curves for n = 20. d Convergence curves
for n = 25. e Convergence curves for n = 30. f Convergence curves for n = 35. g Convergence curves for
n = 40. h Convergence curves for n = 45
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5 Conclusions

In this paper we study a single serial-batching machine scheduling problem to minimize the
makespan, where the features of release times, group scheduling, the combined effects of
deterioration and truncated job-dependent learning, and setup time are investigated simul-
taneously. For the special case that all groups have the same release times, the structural
properties on jobs sequencing, jobs batching, and batches sequencing are studied, and an
optimal batching rule and an algorithm are proposed for the special case. Based on the
structural properties, the general case can be transformed into the resource allocation prob-
lem. Then, a hybrid VNS—-ASHLO algorithm incorporating VNS and ASHLO algorithms
is developed to solve the general case. The results of computational experiments on ran-
domly generated instances show the effectiveness and efficiency of the proposed algorithm,
compared with the algorithms of VNS, ASHLO, SA, and PSO.

Several promising directions can be further studied for future research. A possible research
is to explore the different deterioration and learning effects according to different production
situations. Moreover, other objective functions can be considered in the model, such as mini-
mizing maximum lateness and minimizing the sum of the completion times, to accommodate
more practical applications.
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