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A hybrid method that combines human intelligence, an optimization technique (semi-Markov decisicn model) and an artificial
neural network to solve real-time scheduling problems is proposed. The proposed method consists of three phases: data collec-
tion, optimization, and generalization. The testbed of this approach is the robot scheduling problem in a circuit board production
line where one overhead robot is used to transport jobs through a line of sequential chemical process tanks. Because chemical
processes are involved in this production system, any mistiming or misplacing will result in defective jobs. The proposed hybrid
system performs better than the human scheduler from whom the models were formulated, both in terms of productivity and quality,

M Due to the dynamic nature of current manufactur-
ing eavironments, real-time scheduling has become a
priority of research focus. The goal of real-time sched-
uling is to make the best scheduling decisions to meet
the production demand based on the limited information
currently available. The concept of real-time schedulin g
was first introduced in developing computer operating
systems in the late 1960s. Because a computer connects
to a number of terminals that may send jobs at any time
they are in use, it is extremely difficult for the oper-
ating system to plan and schedule the:jobs in advance.
Scheduling must be done on a real-time basis. In the
manufacturing domain, many problems have similar

- characteristics: For example; when a material handling "~ -

robot is used to move in-process products between sta-
tions, real-time scheduling is useful when uncertainties
in processing time and machine failure exist.

Traditionally, interactive scheduling that requires hu-
man experts to control the process was suggested for
handling the real-time scheduling problem (Godin [3],
Haider er al. [4], Hodgson and McDonald [5], Hurri-
son [7]). This poses several difficulties. Human experts
often take a considerably long time to train. Moreover,
their performance may be inconsistent and/or biased.
Furthermore, employee turnover often causes major
problems.

Recently, a strong desire for automation has motivated
tesearch on automated scheduling. An automated sched-

Auling system consists of sensing devices, a scheduler,

and control devices. The sensing devices collect data
about the current state of the system. The scheduler an-
alyzes the collected information and decides the next
course of action. The decision is relayed to proper con-

26 0740-817X/93/$3.00x.00 © 1993 ““IIE™

trol devices for execution. The automated scheduler is
the core of the system.

There are two existing approaches to designing an
automated scheduler, One uses optimization techniques
such as integer programming (Sharpiro and Nuttle [16D
or a semi-Markov model (Yik [22]); and the other uses
an expert systems approach that incorporates heuristic
rules into computer systems to solve the real-time sched-
uling problem (Fox and Smith [2]; Kusiak [8]; Mac-
Farland and Grant [11]; Ow and Smith [13]; Thesen
and Lei [18], [19]; Yih [21]). Because of the complex-
ity of the problem, however, each of these approaches

has certain limitations. The optimization approachneeds

‘to have compléte knowledge of the problem states and
often relies on some strong assumptions to control com-
plexity, which reduces its applicability to real-world
problems. The expert systems approach depends heav-
ily on the quality of the rules in the knowledge base,
Acquiring high quality knowledge, however, is diffi-
cult. Human experts may be either unwilling or unable
to articulate their knowledge or, in some cases, experts
are simply unavailable.

In this paper, a hybrid approach to automating real-
time scheduling is proposed. This method consists of
three phases: data collection, optimization, and gener-

-~ alization. A simulator is developed to collect data from

human schedulers during the problem-solving process.
The scheduling problem is modeled as a semi-Markov
decision process using the collected data and an “op-
timal policy”” is derived through the policy iteration
method. An artificial neural network (ANN) is devel-
oped based on the “optimal policy’’ to form an auto-
mated scheduling system.
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The optimized rules were then evaluated in a real-time
scheduling environment. The results indicated that rules
derived from the semi-Markov process yielded better
performance than the actual scheduling decisions.

A limitation of the semi-Markov approach is that the

optimized mules often cover only a subset of the whole
state space becanse the transition probabilities collected
from the expert data usually cover only a subset of the
state space. As a result, when the rules are used on-
line, the system becomes stalled every time a state not
covered by the original data appears. Therefore, the
data-based semi-Markov model alone does not provide
the desired full automation. .

Expert Systems

In addition to mathematical programming and semi-
Markov approaches, expert systems that use heuristics
have also been proposed for robot scheduling. For ex-
ample, Lei and Thesen conducted simulation studies to
examine the performance of several heuristic dispatch-
ing rules in different system states. They found certain
rules to be better than others and the expert system ap-
proach to be very promising in this problem domain
(Lei [10]; Thesen and Lei [18], [19]).

One major bottleneck in applying expert systems in
general is the difficulty in obtaining reliable knowledge/
expertise for decision making. Knowledge can be ob-
tained by interviewing human experts and recording the
rules these experts employ in scheduling. The problem
is that human experts are often unable or unwilling to
express their knowledge accurately and/or completely.
Recent literature in knowledge acquisition has proposed

. the use of machine learning techniques to. bypass hu-~ . ..

man experts and automafically induce rules from expert’s
decisions (Quinlan [14]; Liang [9]; Yih [21]). This ap-
proach suggests that experts’ decisions coupled with their
system state descriptions be collected as training cases.
These training cases can then be fed into inductive learn-
ing algorithms to derive rules that form the knowledge
base of expert systems. Existing literature has reported
promising results using this approach. For example, Yih
{21] developed the Trace-Driven Knowledge Acquisi-
tion (TDKA) method to learn the scheduling rules from
the “‘traces’ (i.e., training cases) collected from ex-
pert schedulers, and found that the induced rules per-
formed better than the human schedulers.

The inductive learning approach to knowledge acqui-
sition also is not without its limitations. Because it pro-

* duces rules from the training data, the quality of the

training cases has an enormous effect on the reliability
and performance of the induced rules. Most induetive

" learning algorithms have probiems when *‘noisy®’ data
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exist in the training cases. Rules derived from noisy
data are often error-prone and may result in poor sys-
tem performance. Unfortunately, few generally appli-
cable mechanisms for removing noise from the training
datz are available.

A Hybrid Approach

‘We now present a hybrid approach to the robot sched-
uling problem that combines semi-Markov decision
models with ANNs. Semi-Markov decision models will
be used to optimize the throughput based on the train-
ing cases collected from the simunlation and ANN will
then be applied to construct a scheduling model that
covers the entire state space for on-line real-time sched-
uling. In the following sections, we outline the three
major components of our integrated hybrid method: sim-
ulation, semi-Markov optimization, and ANN modeling.

Data Collection

The first step in the hybrid approach is to collect train-
ing data for modeling. In real-time scheduling, states
are dependent upon the previous state and the decision
made. Each decision will have a chain effect on its fol-
lowing states. Therefore, it is difficult for human sched-
uiers to anticipate a state and explain the basis for their
decisions aver all possible states. In addition, the effect
of a poor decision is difficult to assess because of its
interactions with previous and subsequent decisions. Un-
der these circumstances, the best approach for collect-
ing training data is to have human schedulers make
decisions in a simulated or real production line rather

puter captures the states and the corresponding decisions.
In this way, their knowledge and expertise are docu-
mented in a series of decision maldng episodes.

A major advantage of using simulation is that it al-
lows human schedulers to express their knowledge in
a non-intrusive environment. Instead of explaining what
they know, human schedulers solve the scheduling prob-
lem in real time and the computer captures their deci-
sions for subsequent analysis. This can also be done
by observing decisions unobtrusively in an actual pro-
duction line wherever possible.

Improvement Procedure—
Semi-Markov Decision Processes

Because human schedulers may exhibit certain biases
or inconmsistencies, the training data ccllected from
schedulers may contain noise as well as errors. The
semi-Markov technique serves as an optimization-based
noise filter for heuristic-based Al methods. It finds the
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best decision for each state visited by the scheduler and
removes the poor choices. This increases the consistency
of the training data for neural network modeling.

The size of the state space in a real-world problem
is often too large to obtain an analytical solution. More-
over, it is very difficult to calculate the transition prob-
abilities for constructing a semi-Markov model. To
mitigate these problems, the scheduling data collected
in the first step are used to estimate the transition prob-
abilities for the semi-Markov model formulation and
reduce the state space to the one whose states have been
visited by the human scheduler. Over a long period,
the proportion of time spent in the states not visited by
the schedulers could be very negligible. An iterative
algorithm (Howard [6]) for solving the semi-Markov
model is applied to derive the optimal policy. The de-
tailed modeling processes could be found in Yih and
Thesen [23].

The optimal policy contains the best decision for each
state. The states included in the optimal policy, how-
ever, only cover those visited by the human scheduler
and are by no means necessarily complete. Therefore,
an Al method that can generalize the subset to the en-
tire state space is necessary to construct an automated
scheduler.

Generalization Process—ANN

ANN is 2 machine learning method that has recently
gained popularity because of its analogy to the newral
structure of the human brain. In fact, ANN is a model
building technique that constructs non-linear decision

- models from training cases. The literature has indicated

- -¢ally-represent-models -of-any functional form. (White. ... -

its promise as a modeling tool and ANNs can theoreti-

[201). Successful applications of neural networks have
been reported in engineering design and other problem
domains (e.g., Chryssolouris, et al. [1]; Rauch [15];
Shepanski and Macy [17]).

There are many different ways to train a neural net-
work. One of the most popular training algorithms s
called backpropagation. 1t is basically a gradient descent
process that randomly generates an initial set of weights
and then continuously adjusts them to reduce the total
sum of square errors to a satisfactory level (see e.g.,
McClelland and Rumelhart [12]). The output of a neu-

ronj in an ANN model, Oy, is a function of its inputs,

1,, and the weights associated with all connections be-
tween neurons i and j, w,. The most popular heuristics
used for backpropagation-based learning are called delta
rules, which estimate connection weights at time #+1,
wi{t-+1), from weights at time 7, wy(f) (Figure 2).
In summary, our proposed hybrid approach to develop
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an automated robot scheduling system includes several
steps as illustrated in Figure 3. First, human scheduling
decisions are collected by simulation or other means.
These data are used to estimate the state transition prob-
abilities. Policy iteration procedure is then applied to
determine the optimal policies for the states shown in
the training cases. These optimal policies are a subset
of the complete optimal decision set. Finally, the sub-
set of optimal policies are used to train an ANN model.
The ANN model generalizes the subset of optimal pol-’
icies to cover the entire state space and can be installed
on line for automated scheduling. This hybrid approach
overcomes the drawback of using a semi-Markov model
or ANN method per se and should achieve superior per-
formance in real-time scheduling.

Experiment

The major difference between the robot (real-time)
scheduling problem and other flow shop scheduling
problems is that the manufacturing process involved is
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a chemical process, rather than a material removal proc-
ess. Once a process is completed, the job has to be re-
moved from the tank (workstation) to the pext one
immediately before it becomes “‘spoiled.’” If the job
cannot be removed on time (because the robot is not
available or the next tank is busy), it will become de-
fective. Therefore, it is critical to determine when a
new job should be entered into the system and which
job to serve first during the process. If we assume that
the robot movement time is negligible, the earliest time
(ET) to enter a new job into the system to avoid a basic
tank conflict can be computed through the procedure
described in Appendix A. A job that enters at any time
earlier than ET will definitely result in a basic tank con-
flict and become defective. Of course, a job that enters
the system after ET cannot be guaranteed to be good,
because we neglect the robot travel time. Meanwhile,
the dispatching decisions during the process also affect
the outcome. However, ET appears to be the best aid
we can provide to the user, although we have consid-
ered other information aids as well, such as processing
times for each job.

Method

To collect data from human subjects, an interactive
simulation program describing the system of interest
was developed, called simulator. It simulates the proc-
ess in real time and provides information through the
user-interface. The subject makes decisions using the
available information and controls the system through

. the user-interface. The system status as well as its as-

sociated decision will be recorded for later analysis.

ized with the scheduling problem as well the simulator

. in the training process.

Each subject spent about three hours to understand
the scheduling problem and learn to operate the sim-
ulation program. Four simulation runs were performed
by zach subject. Each simulation run took about two
hours. After the optimization process, it took twenty
hours to train the ANN. Because of the amount of time
involved in the data collection process, two subjects par-
ticipated in the experiment. To assure adequate data for
analysis, each subject ran the simulation four times,

yielding a total of eight runs. The performance meas- - -

ures of interest included product quality and through-
put rate. Product quality is defined as the percent of
non-defective, i.e.,

Product Quality =
No. of good jobs/Total no. of jobs processed.

To disconnt defective products, throughput was de-
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fined as the weighted number of good jobs produced,
ie.,

Throughput =
No. of good jobs produced * Product guality.

Each set of collected data was used to formulate a
semi-Markov decision process and was optimized
through the policy iteration algorithm (Foward [6D.
In our semi-Markoy decision model, the state definition
can be stated as follows:

State =
(110, TI1], T[2], T3], TH1, TI5]. CL, F1, F2)

Where

TI0] = 1ifajob is available in the input buffer with-
out a basic tank conflict; 0 otherwise.

T{i] = the rank order of the remaining processing
time in tank i {{=1,2,...,5);
0 if tank i is empty;
—1 if the job in tank i is defective.

CL = the robot location.

F1 = 1ifthe remaining processing time of the tank
with rank number one is less than a threshold
value; ‘

0 otherwise.

F2 = 1 ifthe remaining processing time of the tank
with rank number two is less than a threshold
value;

0 otherwise.

for the robot to travel from the input buffer to the out-
put buffer. A decision is defined as the number of the
tank where the job will be removed next, that is, 0 for
entering a new job to tank 1, 1 for moving the job in
tank 1 to tank 2, and so forth. The reward associated
with each decision is defined as the incremental value
in the output buffer: +1 for a geod throughput, —1
for a defective job, and 0 otherwise. Transition proba-
bilities can be estimated by (Yih and Thesen [23]).

Py =

frequency count of transition from i to j-under alternative k-
tota] frequency count of visiting state 7 under alternative k ~

Following are two illustrations from a derived opti-
mal policy.

State Decision
(103021410) 5
(102010610) 4
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The derived optimal policy is then used as the train-
ing data for an ANN. In the neural network model, there
exists three layers: an input layer, hidden layer, and
output layer. The nodes between the inpuit layer and
hidden layer are fully connected, as are those between
the hidden layer and the output layer. The input layer
in our ANN contained 9 nodes, each of which corre-
sponded to one attribute in the state definition. The out-
put layer had 6 nodes which represented six possible
decisions in the system. Twenty nodes were selected
for the hidden layer after systematically experimenting
with different numbers of hidden nodes based upon the
performance of the resulting ANN. The ANN was
trained for twenty hours on a 486 IBM-compatible per-
sonal computer which was determined by observing that
the level of errors of the ANN was reasonably low and
the decrement in error rate was approaching zero. The
resulting network model was then evaluated in the real-
time robot scheduling problem.

Results

Using common random number streams in the sim-
ulation runs, the resulting automated scheduling system
from the hybrid method exhibited better performance
than the human schedulers. For example, the through-
put average over both subjects was increased from
210.89 for the human to 243.49 (1=2.634, p < 0.05)
(Table 1). From Table 1 and Figure 4, we note that
on average subject #2 performed better than subject #1
by 44% in terms of throughput. Interestingly, the
throughput incremental gain of the hybrid method over
the human scheduler from the d'ara of subject #1 was

. from the data of subject #2 was 12.12%. The hybrid
method thus reduced the difference in throughput per-
formance between the two subjects by 22.14%.

Also, as shown in Table 1 and Figure 5, average prod-
uct quality was improved from 88.76% to 93.33% on
average, Similar to the throughput measurement, the
average quality improvement of the hybrid method for
subject #1 (6.78%) was higher than subject #2 (2.28%).
The difference in quality performance between the two
subjects was thus reduced by 60.65%.

The performance of the hybrid scheduling system is
clearly dependent upon the quality of the collected data
from the human scheduler. However, the experimental
results showed that the hybrid method is able to improve
the system throughput and quality of human schedulers
regardless of their level of expertise. Of course, the
more expert the human scheduler is, the better the re-
sulting scheduling system performs. However, the rel-
ative improvement of the hybrid approach appears
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Table 1. Comparison of Human Scheduler
and the Hybrid Method
Throughput
No. Subject  Human Human Hybrid Hybrid
Performance Avg. Performance Avg.
1 #1) 185.4 180.4
2 #1{2 146.3 248.5
3 #(3 174.4 185.5 -
4 #1(4) 184.9 172.75 2164 207.78
5 #2(1) 240.0 269.3
6 #2(2) 253.8 2498
7 #(3 238.8 282.0
8 #2{4) 263.5 249.02 3159 27920
Avg. 210.88 243.49
MEAN DIFFERENCE = 32.600
SD DIFFERENCE = 35.006
T=2.634 DF=7 PROB =.034
Product Quality
No. Subject Human  Human Hybrid Hybrid
Performance Avg. Performance Avg.
1 #1(1) 0.889 0.997
2 M@ 0.791 0.959
3 #1(3) 0.866 0.821
4 #(4 0.888 0.8585 0.914 0.9223
5 # (1) 0.918 0.973
8 #(3 0.923 0.925
7 #(3) 0,894 0.912
8 #(@ 0.934 0.9168 0.985 0.9438
Ava. 0.8876 0.8332
MEAN DIFFERENCE = 0.045
SD DIFFERENCE = 0.066
T=1.856 DF=7 PROB =.091
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Figure 4. Throughput of human subjects vs. hybrid method
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greater for more naive (less expert) schedulers. Indeed,
the data collected from non-expert operators may ben-
efit more performance-wise from the use of the hybrid
method than those from expert operators.

Concluding Remarks

A hybrid approach for automated robot scheduling
in circuit board production lines was proposed and the
feasibility of such an approach demonstrated. The ex-
perimental stndy showed that the proposed method is
able to effectively automate the decision-making proc-
- ess in real-time scheduling tasks and yields better per-

.- formance than -human schedulers. The significance of . .-

this research is that it demonstrates the feasibility and
promise of integrating OR and Al techniques in real-
time scheduling. Of further significance is the fact that
our proposed hybrid approach is even relatively more
effective in improving scheduling performance of de-
cisions obtained from schedulers who are not necessar-
ly experts in their operating domain.
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Appendix A.
Procedure to Avoid the Basic Tank Conflict
Temp := 0; '
Shift := 0;
For Tank mo:= 1tod'do ..
Begin |
Temp := Temp + Previous__ptime[i+1]
— Current__ptime[i];
Shift 1= Max ( Shift, Temp);
End;
where

Shift : Time interval needed for avoiding tank conflict

Temp : Temporary variable

Previous__ptime{i] : Minimum processing time for
tank { of the previous job

Current__ptime[i] : Minimum processing time for
tank i of the current job

Max (a,b) : Function returning the maximal value
of a and b.

For example, if job 15 started the process at time ¢

Minimum Processing Time in Each Tank

Job No. | Tank 1 |Tank 2 |Tank 3 | Tank 4 | Tank 5
15 23 16 33 | 25 31
16 18 29 32. 22 21
Then, 16 — 18 = =2 CUShit =0 T
-2 + (33-29) =2 Shift = 2
2+ (25-32) = =5 Shift = 2
-5+ (31-22) =4 Shift = 4

The time interval needed is 4, so the earliest time could
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start job 16 without conflict in usage of chemical tank
is (r + 4 + 23).
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