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ABSTRACT

One-of-a-kind production (OKP) is a competi-
tive production mode aiming at achieving mass
customization. Whereas, dynamics in OKP
cause difficulties on production scheduling,
which may be manifested as frequent changes
of customer orders, differences of production
processes, different processing times of prod-
ucts, and so on. For production scheduling in
OKP, we propose a state-space (SS) heuristic.
Based on case studies on Taillard’'s bench-
marks, SS shows improvement over the best of
six heuristics, CDS. SS also shows the suitability
especially for adaptive production control to deal
with disturbances, such as operator ab-
sence/machine breakdown.

INTRODUCTION

Mass customization is one of the most impor-
tant competitive strategies in the current econ-
omy, the objective of which is to maximize cus-
tomer satisfaction with highly customized prod-
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ucts and near mass production efficiency
(Blecker and Friedrich, 2006). One-of-a-kind
production (OKP) is a form of mass customiza-
tion where small- and medium-sized enterprises
use a product-oriented positioning strategy and
customer services of make to order, assembly to
order, and/or engineer to order (Wortaman et al.,
1997). Compared with mass production, OKP
can achieve high customization but its produc-
tion efficiency is relatively low.

OKP is characterized by changes/dynamics
(Tu, 1997), and every product differs from others
on matters of colours, shapes, dimensions, func-
tionalities, materials, processes, processing
times, and so on. Such differences present sub-
stantial difficulties in production scheduling and
control, and to manage these difficulties OKP
companies use mixed-product production in a
flow line continually employing technologies and
resources to reduce production cost, since in
general, flow shop production has higher pro-
duction efficiency than job-shop or open-shop
production.

It is difficult to adaptively control the flow shop
production, because of the following reasons.
High computational complexity makes some
heuristics inapplicable to real-time adaptive con-
trol, especially for those based on neural net-



works, genetic algorithm and tabu search (Li et
al., 2006; 2007). Based on some unrealistic as-
sumptions, such as no operator absence that is
the same as no machine breakdown, heuristics
are inflexible to deal with disturbances in pro-
duction (Maccarthy and Liu, 1993; McKay et al.,
2002), making scheduling systems inflexible
(Kouvelis et al., 2005).

Based on the discussion above, we propose a
flexible heuristic in this paper, state-space (SS),
for flow shop production. Integrated with our
formerly proposed production scheduling and
control scheme (Li et al., 2007), SS improves
the flexibility of a scheduling and control system
for OKP.

ADAPTIVE PRODUCTION SCHEDULING AND
CONTROL SCHEME

Our formerly proposed scheduling and control
scheme is mainly based on feedback control, a
simulation model, THOCPN-CS (Li, 2006), and a
heuristic.

For one day production, production planning
takes place first before production, generating a
task resource matrix (see Figure 1) according to
static information, which includes operator num-
bers for each work station s, job numbers N,
processing times of each job in each station
(pis), and so on; such matrix is an input to the
scheduling heuristic and simulation model. In
this planning phase, i.e. a loop with thin lines, a
satisfying production schedule will be generated
to be sent to the shop floor. Then in a production
phase, i.e. a loop with thick lines, when distur-
bances happen to production, e.g. emergent job
insertion or cancellation, operator ab-
sence/machine breakdown, the matrix will be
updated, i.e. the disturbances are fed back to
the control system, and then the heuristic and
simulation model will generate an adaptive solu-
tion accordingly. In this production phase, the
computation time of a heuristic is critical.
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FIGURE 1. AN ADAPTIVE PRODUCTION SCHED-
ULING AND CONTROL STRUCTUR.

STATE-SPACE HEURISTIC

State-space (SS) heuristic is to min (Cpay) for
n-job s-station hybrid flow shop (HFS) problems,
where there are multiple operators/machines in
each station. Because there are multiple opera-
tors in a station, to maximize the utilization of a
flow line, max (Util), is another objective of SS.

The Main Idea of SS

The main idea of SS is as follows. For exam-
ple, there is a hybrid flow line with 3 work sta-
tions and 2 operators in each station (Figure. 2).
All operators follow a first available first serve
(FAFS) rule, that is, in a station, the operator

™ sz%m% s%io%z s?%atbn%,s ™

FIGURE 2. A 3-STATION HYBRID FLOW LINE
WITH 2 OPERATORS IN EACH STATION.

who finishes a job in hand first should process
the next job. Then there is an available time of
each station, namely A;, where As = min (ag),
for k= 1...OPTR,, where ag is the available time
of operator k in station s, and OPTR; is the
number of operators allocated to station s. For
an S-station flow line, there are S-1 time differ-
ences between station available times. In the
example above, there are two available time
differences, A,—A;, and As—-A,. If we regard such
a time difference as a space, SPACE; = Ag.1—As,
for s = 1...S-1, then it actually is a time period
allowed for station s to finish a job without caus-
ing idle in station s+1. If the completion time of
job iin station s is longer than the available time
of station s+1, then such job causes idle in sta-
tion s+1, IDLE; = c¢is — A1, Where ¢ is the
completion time of job j in station s, ¢ = max
(As, Cis.1) + pis, Where pjs is the processing time of
job i in station s. If the completion time of a job i
in station s is earlier than the available time of
station s+1, then two cases should be checked.
In case one, if the work-in-process (WIP) inven-
tory after a station s, WIP, is full, then a delay
happens to the operator k who processed job i in
station s, DELAY;s = Asi1 — Cis. Such a delay
means that, after finishing job J, the operator k in
station s has to hold it in hand for DELAY, time
units until there is a vacancy in WIPs. Therefore,
the available time of operator k in station s is
delayed. In case two, if the WIP inventory, WIP,
is not full, then job i goes into the inventory. In
this case, there is no DELAY and no IDLE.



The main idea of SSis to find a job that fits S—
1 spaces, without causing IDLE or DELAY. After
a chosen job i is processed on line, the state of
the line, i.e. the available times of stations, is
changed, and the space is changed accordingly.
It is clear that greater DELAY and IDLE are not
good for production if the objectives are to min
(Cmax) and max (Util), while greater SPACE is
good for production to some extent. Therefore,
in SS, job i is chosen according to its perform-
ance on DELAY, IDLE, and SPACE.

A Lever Concept

From our previous research on traditional flow
shop (TFS) problems, in which there is only one
operator/machine in each station, we found that
the lever concept is suitable to min (Cpay) (Li et
al.,, 2007), which means that IDLE (or DELAY)
time in an earlier station is worse to min (C,,.x)
than in a later station. Consider a lever where
force F takes effect and causes a torque of F x
L, where F is the unit of force and L is the length
of force arm. We model an S station flow line as
a lever, and IDLE;; caused by job i, or DELAYjs,
has a torque effect manifested as T_IDLE;; =
IDLE;s x LVR IDLE; or T_DELAY;s = DELAY;s x
LVR DELAY,, where LVR IDLE; or
LVR _DELAY; is the length of arm for IDLE or
DELAY, respectively.

A lever concept for IDLE in SS is shown in
Figure 3. For an S-station flow line, a job could
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FIGURE 3. ALEVERCONCEPT OF IDLEIN SS.

Station 1

cause at most S—1 times of IDLE, since no IDLE
is caused in station 1 and an IDLE takes effect
in the next station. Therefore, the fulcrum of a
lever for IDLE is set between station S—-1 and
station S, and the length of arm for an IDLE
caused by station s in station s+1 is LVR _IDLE;
=S-s,fors=1...S-1.

A lever concept for DELAY in SS is shown in
Figure 4. Like the number of possible IDLEs,
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FIGURE 4. ALEVER CONCEPT OF DELAY IN SS.

there could be S—1 DELAYS, since no DELAY is
caused in station S. But a DELAY takes effect in
current station s, whereas IDLE is for the next
station. Therefore, one unit of DELAY should be
worse to min (Cy,a) than one unit of IDLE in sta-
tion s. So the length of arm for a DELAY is
LVR DELAY; =S —-s + 1, fors=1...S-1. The
fulcrum of a lever for DELAY is set in station S.

There is also a lever concept for SPACE in
SS, shown in Figure 5. The length of arm for a
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FIGURE 5. ALEVER CONCEPT OF SPACE IN SS.

SPACE is LVR _SPACE;=s, fors=1...S-1. The
fulcrum of a lever for SPACE is set between sta-
tion 1 and station 2, which means SPACE in a
later station is better to min (C.y) than in an
earlier station. Therefore, the torque effect of
SPACE of a job i is T_SPACE;;s = SPACE;s x
LVR _SPACE..

Generally, there are two kinds of factors af-
fecting the selection of the next job in SS. (1)
SPACE has a positive effect — the larger the
space, the less possible the next job causes
IDLE; and (2) IDLE or DELAY has a negative
effect — the larger the value, the longer the
makespan. A weighting factor, a, is introduced to
identify the relationship between these two kinds
of factors, using max [(1 — a) x T_SPACE;s — a x
(T_IDLE;s + T_DELAYj5)] to select the next job,
where a changes from 0 to 1 with increments of
0.1.

Initial Job Selection

The literature on HFS scheduling is equivocal
about whether the longest processing time first
rule (LPT) or the shortest processing time first
rule (SPT) is better to min (Cpay) (Wang, 2005).
This may be caused by different data in case
studies, which were randomly generated by indi-
vidual research teams. However, because of the
complexity of HFS problems, no single rule can
be used to consistently generate good solutions
for all data sets, especially for OKP where no
jobs are the same. Moreover, the main idea of
SS is to select successive jobs according to the
state space generated by previous jobs in a se-
guence. Therefore, it is important to select initial
jobs to create initial state space, which affects



the selection of successive jobs and ultimately
the schedule performance.

Two items should be taken into consideration
for initial job selection in SS. One is the number
of initial jobs, and the other is the selection
scheme. The number of initial jobs is set as min
(OPTR, for s = 1...S). The reason is that if the
number of initial jobs is smaller than min
(OPTRy), then the state (the first available time
of a station) is zero since all operators on all sta-
tions are available at time zero; if the number is
greater than min (OPTRy), then the number of
jobs (initial job number — min (OPTRy)) is not
selected by the state space concept.

For the selection scheme of initial job selec-
tion, five 1xS vectors are introduced, and the
initial number of jobs are selected according to

S

min [ZQp,s —Vector_v(s)|)for izl...Nj ., which
s=1

means the minimum absolute difference be-

tween one job’s processing times and the vec-

tor. Five vectors are Vector 1 = [0], Vector 3 =

N
[APT,], where APT, =[Zp,,sj/N, i.e. the aver-
i=1

age processing time of station s; Vector 5 =
[max (pis), i = 1...N] for s = 1...S, i.e. the maxi-
mum processing time in each station; Vector 2
= Vector 3/ 2, and Vector_4 = Vector_3 + [Vec-
tor 5 — Vector 3] / 2. Therefore, not only Vec-
tor 1 (like the SPT rule) and Vector 5 (like the
LPT rule) but also the other three vectors are
used for initial job selection. Consequently, there
are totally five sequences generated by SS, and
the one with the best performance is selected as
the final schedule.

SS Programming Logic

The SS heuristic is summarized in the follow-
ing steps. These steps represent the generic
programming logic of SS.

Step 1: Determine the number of operators in
each work station, i.e. OPTR;. (1a): Calculate N
and S. (1b): Set an expected throughput rate, r,
which means in every r time units a job is ex-
pected to be finished in a station. (1c): OPTR; =
Roundup (APT; / r). (1d): Set the start time of
every operator to 0. (1e): Put all of N jobs into a
candidate pool. (1f): Set an output sequence to
be a 1xS zero vector, Sequence_v. (19g): Set a,

the weighting factor for IDLE and DELAY. This
could also be an iteration loop.

Step 2: Set the capacity of each of S-1 WIP
inventories. The capacity of each WIP inventory
could be different.

Step 3: Calculate five vectors for initial job se-
lection.

Step 4: FOR v = 1:5. This is an iteration loop
to select initial jobs according to one of five vec-
tors, i.e. Vector v.

Step 5: Select min (OPTR;, for s = 1...S)
number of jobs according to Vector v by the

S
equation min [ZQp,-S —Vector_v(s)|)for i= 1...NJ .
s=1

Then put selected jobs into a Sequence v and
eliminate them from the candidate pool. Calcu-
late the available time of each operator, and
then the available time of each station, namely
STATE, and WIP inventory status, namely
WIP_Status, which is now a 1x(S-1) zero vec-
tor.

Step 6: FOR j = min (OPTR;) + 1:N. This is an
iteration loop to sequence the rest of N — min
(OPTR;) jobs in the pool.

Step 7: According to STATE and WIP_Status,
calculate IDLE;,, DELAY;s, and SPACE;;. To re-
flect impact of individual jobs on SPACE,
SPACE,S =Cis— As—l-

Step 8: Select job i according to max [(1 — a) x
T_SPACE;s — a x (T_IDLE;s + T_DELAYjs)], and
then put such job number into Sequence v and
eliminate it from the candidate pool.

Step 9: Calculate intermediate makespan for
all selected jobs, update WIP_Status, and up-
date STATE.

Step 10: END /. Calculate the utilization of a
line. (10a): Calculate utilization of each station

N
first, Utl/s = (ijs / OPTRS) / (CNks - Clk's-l)y Ciko =
j=1
0, s = 1...S, in which cys is the completion time
of the last finished job in station s, cixs.1 is the
start time of the first job in station s, i.e. the
completion time of the first finished job in station
s-1, and index k is for operators. (10b): Calcu-
late the average utilization of each station, i.e.



the utilization of a line, Util = average (Util), s =
1...S.

Step 11: END v. Output each of five se-
guences and relative makespan and utilization,
and the minimum makespan and the maximum
utilization are regarded as the final performance
of SS.

Computational Complexity of SS

SS heuristic consists of two parts of calcula-
tion. One is to select a job among N jobs, and
the other is to calculate intermediate makespan
for the selected jobs, that is, to calculate the
state space of the flow shop for selected jobs.
When comparing two heuristics, every sequence
generated by the heuristics should be evaluated
based on the objective, e.g. by calculating the
makespan. We first examine the computational
complexity of the makespan calculation, and
then evaluate job selection in SS.

Computational Complexity of Makespan
Calculation. An N job and S station HFS prob-
lem can be modelled by a 2-dimension matrix,
where the row dimension is for N jobs, and the
column dimension is for S stations. The
makespan calculation could be carried out along
the column dimension. It means that, if the input
sequence of N jobs of station 1 is known, then
the output sequence of N jobs of station 1, which
is also the input sequence of station 2, can be
calculated; the output sequence is in an ascend-
ing order of completion times of N jobs; and then
the output sequence of station 2 can be calcu-
lated, and so on, finally the output sequence of
station S can be calculated. However, the ca-
pacities of WIP inventories are limited, which
means the completion times of jobs in station s
are constrained by the available times of opera-
tors in station s+1. For example, when calculat-
ing the output sequence of station s, if a job i's
completion time in station s causes the WIP;
inventory overloaded, then a DELAY happens to
such job i. Such DELAY means the job i's com-
pletion time is delayed to a later time, and so is
the available time of operator k, who processes
the job j in station s. Consequently, such a DE-
LAY affects the completion times of all jobs suc-
cessive to job i in station s, and the completion
times in the previous station need to be recalcu-
lated. In an extreme situation, when a DELAY
happens in station S-1, the completion times of
jobs in all previous stations have to be recalcu-
lated. Consequently, it is time consuming to cal-

culate makespan along the column dimension
when WIP inventories are constrained. Thus, the
makespan calculation should be along the row
dimension, i.e. calculated by jobs and not by
stations. Therefore, for an N job S station HFS
problem, the makespan should be calculated by
the following way, first, for one job, then two
jobs, and so on, until for N jobs, which means

N
there are totally 1S + 2S + ...+ NS = [Zi]xs
i=1

operations. Generally, N is much larger than S
and OPTR;, therefore, the computational com-
plexity of the makespan calculation is O(NS).

Computational Complexity of Job Selection
in_SS. The main scheme of job selection in SS
is that, first, select one out of N jobs, then one
out of N-1 jobs, and so on, until there is only one
job left. So there are totally NS + (N-1)S + ...+ S

1
= (Zi]xs operations. Thus the computational

i=N

complexity of job selection in SS is O(N°S).

Totally, the computational complexity of SS is
O(N*S).

Summary

Using the state space concept, SS will gener-
ate five sequences, and the one with the best
performance on objectives is selected as the
final schedule. The total computational complex-
ity of SS is O(N°S).

However, for adaptive control, if the state of
production line is known, which means if the
state is fed back to the center control system, it
takes only NS operations for SS to select next
job to deal with disturbances.

CASE STUDIES

There are two types of case studies. The first
one is based on Taillard’'s benchmarks for TFS
problems and HFS problems, comparing SS
with CDS heuristic (Campbell et al., 1970). The
second one is for adaptive control on operator
absence.

CDS is an extension of Johnson’s algorithm
(Johnson, 1954) to min (C,ax) for N job S station
TFS problems. There are totally S-1 sequences
generated by CDS, and the one with the best
performance on min (Cp.y) is selected as the



final solution. The computational complexity of
CDS is O(NS®> + SNlogN). In 2000, Botta-
Genoulaz cleverly converted a HFS problem to a
TFS problem and the objective is to min (Cay).
Botta-Genoulaz concluded that CDS is the best
of six heuristics to min (Cy,.x) for HFS problems.

TES Problems

Case study of TFS problems is based on the
deviation (DEV) from the best known upper
bounds (UB) of Taillard’s benchmarks, where
DEV = (Makespan of SS or CDS — UB) / UB in
percentage.

Table 1 shows the deviations of CDS and SS.
There are 12 scales in Taillard’s benchmarks,
ranging from 20 jobs 5 stations (20*5) to 500
jobs 20 stations (500*20), and there are 10 in-
stances in each scale. The first column in Table
1 is for instance numbers, the second column for
scales, the DEV of CDS is in column 3, and col-
umns 4 to 14 represent the performance of q,
changing from 0.0 to 1.0. The best performance
of one a is highlighted in a bold number.

For TFS problems, total average deviation of
CDS from Taillard’s benchmarks is 11.28%, but
SS’sis 9.74% with a = 0.5.

HES Problems

Case study of HFS problems is also based on
Taillard’'s benchmarks. For SS, we set expected
throughput rate r = 31, since the average proc-
essing time of a station in all 120 instances
changes from 30.75 to 64.40, therefore the
number of operators in each station varies from

1 to 3 by OPTRs = Roundup (APT; / r); and we
set WIP; = 5 for all WIP inventories and for all
instances, which could be set differently.

Table 2 shows the improvement of SS’s per-
formance over CDS’s based on Taillard’s bench-
marks. The overall average improvement that
SS made over CDS on min (Cinay) is 1.48% with
a = 0.7, on max (Util) is 4.37% with a = 0.5.

TABLE 2. IMPROVEMENT OVER CDS.

Max Improvement Relative a

Cmax Util Cmax util

Ta001-010 -1.32% 7.73% 0.6 04
Ta011-020 0.46% 6.39% 0.7 0.2
Ta021-030 -1.55% 5.90% 0.7 0.1
Ta031-040 3.28% 4.50% 0.7 0.6
Ta041-050 2.11% 6.11% 0.6 0.7
Ta051-060 1.98% 6.29% 0.6 0.2
Ta061-070 2.79% 3.42% 0.6 05
Ta071-080 2.06% 4.98% 0.8 0.5
Ta081-090 1.70% 4.07% 0.7 0.3
Ta091-100 3.70% 3.88% 0.7 0.6
Tal01-110 2.48% 453% 0.8 0.7
Tall1-120 4.30% 3.59% 0.8 0.8
Average 1.48% 4.37% 0.7 0.5

Computation Time

Generally in manufacturing, the number of
jobs N is much larger than the number of sta-
tions S, CDS takes less computation time than
SS to generate sequences: the computational
complexity of CDS is O(NS® + SNlogN) and that
of SS is O(N°S). However, from an application
perspective, each of S—-1 sequences generated
by CDS should be evaluated. Thus, CDS and
SS have the same computational complexity,
O(N°S) to determine the final schedule. There-

TABLE 1. DEVIATION FROM TAILLARD'S BENCHMAKRS FOR TFS PROBLEMS (IN PECENTAGE).

Scale | CDS | 00 0.1 0.2 03 04 05 0.6 0.7 0.8 0.9 1.0

Ta001-010 | 20*5 9.05 1 1095] 9.26 | 858 | 813 | 804 | 7.75 | 862 | 853 | 9.62 | 856 | 9.19
Ta011-020 | 20*10 | 1348 | 14.56 | 13.88 [ 13.55| 12.38 | 12.31 | 12.34 | 13.20 | 13.87 | 14.25 | 14.09 | 14.99
Ta021-030 | 20*20 | 11.07 | 12.50 | 11.07 | 10.41 | 11.35 | 12.21 | 12.24 | 13.22 | 14.30 | 145 | 14.04 | 14.59
Ta031-040 | 50*5 715 | 551 [ 503 | 504 | 541 | 525 [ 551 | 531 | 498 | 488 | 450 | 5.98
Ta041-050 | 50*10 | 1446 | 15.37 | 14.28 | 1521 | 14.69 | 12.74 |1 11.94 | 12.41 | 11.93 | 12.06 | 11.20 | 11.48
Ta051-060 | 50*20 | 1813 | 20.64 | 19.31 | 18.6 | 18.22 | 18.82 | 16.76 | 16.86 | 16.68 | 15.17 | 15.76 | 17.01
Ta061-070 | 100*% 525 | 317 | 288 | 285 | 271 | 248 | 248 | 254 | 276 | 248 | 252 | 3.15
Ta071-080 | 100*10 | 951 | 10.46| 9.90 | 943 | 807 | 7.89 | 7.35 | 7.60 | 6.75 | 6.98 | 6.91 | 7.81
Ta081-090 | 100*20 | 1645 | 18.32 | 17.65] 17.17 ] 17.00 | 15.76 | 15.97 | 16.94 | 17.05 | 16.78 | 17.24 | 16.3
Ta091-100 | 200*10 | 755 | 7.65 | 711 | 6.25 | 564 | 535 | 455 | 417 | 397 | 3.79 | 3.95 | 4.26
Tal01-110 | 200*20 | 13.75 | 16.74 | 16.36 | 1552 | 13.65 ]| 12.69 | 12.19 ] 12.59 | 12.05] 12.38 | 11.71 | 12.63
Tal11-120 [ 500*20 | 9.56 | 11.27 | 11.37 | 10.83 | 998 | 816 | 7.74 | 7.16 | 6.83 | 6.89 | 7.25 [ 8.10

Total Average 11.28 | 12.26 | 11.51 | 11.12 | 10.60 | 10.14 | 9.74 [ 10.05] 9.98 | 9.98 | 9.81 | 10.46




fore, for HFS problems, when S is large, CDS
takes longer computation time than SS. Table 3
shows this conclusively.

TABLE 3. COMPUTATION TIMES OF CDS AND SS
ON TAILLARD'S BENCHMARKS (IN SECONDS).

Scale CDS SS
Ta001-010 20*5 0.09 0.32
Ta011-020 20*10 0.4 0.57
Ta021-030 20%20 1.98 1.15
Ta031-040 50*5 0.31 0.99
Ta041-050 50*10 1.63 2.02
Ta051-060 50%20 8.51 3.75
Ta061-070 100*5 1.18 2.46
Ta071-080 100*10 6.02 6.84
Ta081-090 100*20 29.39 14.71
Ta091-100 200*10 23.85 26.44
Tal01-110 200*20 112.47 55.44
Tal11-120 500%20 851.37 396.15

In Table 7, the computation times of CDS rep-
resent the time for the makespan calculation
only, not both for sequence generation and
makespan calculation, because when the num-
ber of jobs N is large, the computation time for
CDS to generate sequences is negligible, com-
pared with the time to calculate the makespan.

We conclude that SS heuristic is suitable for
real-time production control: if the real state of
production line is fed back to the center control
system, then the computational complexity for
SS to select the next successive job is only
O(NS), whereas for CDS it remains O(N°S).

All SS and CDS heuristics are programmed in
MatLab, and run on a computer with a Pentium
4, 2.40 GHz CPU and 512 MB RAM.

A Case Study on Operator Absence

Operator absence or machine breakdown
happens often in manufacturing industries. For a
case study of it, we assume that, for each in-
stance of Taillard’'s benchmarks, the production
is carried out according to the original schedule
determined in the planning phase, but when N/2
jobs are finished, one operator is absent in sta-
tion 3, 6, or 11, for S = 5, 10, and 20 respec-
tively.

If the original schedule is not to be changed
for such operator absence, we record its com-
pletion time as Original. If we adaptively change
the schedule for the rest N/2 jobs, we record the
relative completion time as Adaptive. The im-
provement of adaptive control over no control
equals to (Original — Adaptive) | Original in per-
centage. The results are listed in Table 4.

In Table 4, the third column, CMBN, means
combination, choosing the best performance of
11 factors; columns 4 to 14 represent perform-
ance of 11 factors respectively. The number in
each line is the average improvements for 10
instances in a scale, and the best performance
of a factor is highlighted in a bold number. The
number in the last line is the total average im-
provement for all 120 instances.

It is obvious that the production should be
adaptively adjusted when operator absence
happens to the shop floor. The overall improve-
ment is 1.05% with a = 0.5.

TABLE 4. IMPROVEMENT OVER NO ADAPTIVE CONTROL FOR OPERATOR ABSENCE (IN PECENTAGE).
Scale |CMBN | 0.0 | 0.1 0.2 03 04 | 05 | 06 | 07 0.8 0.9 1.0

Ta001-010 | 20*5 473 | 235 [ 290|188 | 234 | 307 | 354 | 341 | 1.72 | 1.15 | -0.07 | -049
Ta011-020 | 20*10 446 | 210 [ 203 | 252 | 1.90 [ 186 | 220 | 062 | -1.04 | 0.03 | -4.20 | -3.98
Ta021-030 | 20*20 1.27 | 048] -0.59)-0.33)|-056|-030|-160|-146]-117]-140]-199 | -3.75
Ta031-040 | 50*5 124 1 048 1040012 ) 027 | 055 | 057 | 050 | 0.25 | 0.25 | -1.31 | -1.92
Ta041-050 | 50*10 333 | 178 | 1.03 | 149 | 159 | 107 | 140 | 051 | -0.72]| -0.71 | -2.38 | -355
Ta051-060 | 50*20 264 | 014 1017|086 048] 039 | 1.18 | 082 | 0.87 | -0.69 | -168 | -2.11
Ta061-070 | 100*5 057 | -0.26| 0.00 | -0.05|-0.07|-007 | 0.11 | 042 ) 0.18 | -0.25 | -045 | -1.64
Ta071-080 | 100*10 | 2.62 | 166 | 1.64 | 1.24 | 1.29 | 150 | 167 | 215 | 143 | 055 | -0.70 | -1.15
Ta081-090 | 100*20 | 2.52 | 114 | 119 | 144|177 | 163 | 197 | 109 | 0.60 | 049 | -2.18 | -2.65
Ta091-100 | 200*10 | 0.80 | 036 | 0.45 | 0.39 | 0.52 | 0.44 | 028 | 018 | 0.04 | 0.08 | -0.70 | -1.05
Tal01-110 | 200*20 | 141 | 074 | 062 | 0.75 | 0.56 | 0.84 | 0.88 | 030 | 0.09 | -0.84 | -0.86 | -1.00
Tal11-120 | 50020 | 0.80 | 0.36 | 0.35 | 0.47 | 0.46 | 0.57 | 047 | 042 | 0.29 | 0.04 | -0.33 | -0.63

Total Average 220 1 0861082 | 0.76|088] 09 | 1.05 | 075 | 0.20 | -0.20 | -1.40 | -1.99




CONCLUSIONS

OKP is a typical production mode providing
high customized products. However, production
in OKP is under dynamic disturbances, because
of the nature of OKP. To improve the production
efficiency of OKP, we proposed a production
scheduling scheme and a state-space (SS) heu-
ristic to achieve adaptive production scheduling
and control. SS heuristic is better than CDS on
min (Cnax) for both traditional flow shop prob-
lems and hybrid flow shop problems, in which
CDS is the best of six heuristics (Botta-
Genoulaz, 2000), and SS is flexible and efficient
to deal with operator absence/machine break-
down and job insertion/cancellation.

Our future work would be to further improve
SS heuristic for other kinds of disturbances, e.g.
variance on processing times, and to reduce the
sensitivity of SS to the weighting factor a.
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