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Abstract - This paper addresses the general job shop scheduling 
problem with the objective as how to increase the meet-due-date 
rate. An iterative schedule refining mechanism is proposed, 
which iteratively adjusts the estimation of the remaining 
processing times of jobs in a dynamic and stage-specific manner. 
The refining mechanism is applied to a recently proposed 
sequencing heuristic and the integrated approach shows 
satisfactory performance through a comprehensive simulation 
study. Besides, we also show that the proposed refining 
mechanism can bring much improvement to several 
conventional rules. 
Index Terms - Scheduling; Job shops; Heuristics;

I.  INTRODUCTION

Job shop scheduling is essentially a task of allocation of 
machines over time to the jobs in such a way that the selected 
performance criteria are optimized. It is usually reduced to a 
sequencing problem – to determine the sequence of jobs to be 
processed on machines. In this paper, the performance 
measure is the meet-due-date rate, reflecting the recent 
emphasis given to customer satisfaction in the industry [15]. 

Among the approaches to solve this problem, sequencing 
rules (or scheduling heuristics) are pervasively used in the 
industry [8, 10, 16] because of their satisfactory performance, 
low computation requirements, ease of implementation, 
intuitive appeal, and flexibility to incorporate domain 
knowledge and expertise. Generally, sequencing rules give 
priority values to jobs when a selection is to be made, and the 
sequence of processing order of jobs is determined based on 
these priority values. Many conventional sequencing rules, 
like the shortest processing time (SPT) rule, can be found in 
the survey and simulation-based reports by Wein [1], Chang 
[6], Sabuncuoglu [13] and Costa et al. [14]. In particular, Lu 
et al. [5] used a class of least slack-based rules to reduce the 
mean and variance of cycle time in semiconductor 
manufacturing plants, and Li et al. [7] proposed the minimum 
inventory variability scheduling rule to achieve the same goal 
as Lu et al. did. Kim et al. [18] proposed several due-date 
based rules for lot release control, lot scheduling, and batch 
scheduling. An interactive scheduler built by Huang et al.
[11] took sequencing rules as a major component in the 
knowledge base. Besides the efforts to the invention of 
efficient heuristics, there were also research works on 
combining the existing rules [19, 20] and dynamic rule 
selection [17] to solve the production scheduling problems. 

The remaining part of this paper is organized as follows: 
in Section II, we give a review of a recently developed 
sequencing rule, the Enhanced Critical Ratio (ECR) heuristic 
[21]. Then, the iterative schedule refining mechanism is 
proposed in Section III. A study of the performance of the 
proposed ideas is given in Section IV, and finally conclusions 
are made in Section V. 

II. THE ECR SEQUENCING HEURISTIC

As mentioned, many sequencing rules have been 
proposed in the literature. In our observation, they all share a 
common feature – when applying these rules to do job 
sequencing, only information concerning an individual job is 
used. For example, the SPT rule prioritizes jobs by their 
processing time and the earliest-due-date (EDD) rule 
prioritizes jobs by their due dates. It can be expected that they 
can not provide good decisions with this small amount of 
information. In our solution, we proposed a new sequencing 
rule, the enhanced critical ratio (ECR) rule, which takes into 
account the “group information” based on the concept of the 
critical ratio (CR) rule. The basic idea of ECR rule is to pick a 
job as the next processing target such that the urgency of all 
jobs is kept minimal after that job is processed. The detailed 
steps to apply the ECR rule and the preliminary experimental 
results were presented in [21]. 

III. THE ITERATIVE SCHEDULE REFINING MECHANISM

The remaining processing time is a factor commonly 
adopted in the design of sequencing rules. It is usually 
calculated as the sum of processing times of unfinished 
operations. However, this sum (hereafter we call it the 
minimal remaining processing time, rptminimal) is only a lower 
bound and the actual remaining processing time is usually 
longer than rptminimal because of resource contention in the 
plant. To cope with this problem, a common solution in the 
literature estimates the actual remaining processing time by 
multiplying an amplification ratio (a) to the minimal 
remaining processing time excluding the processing time of 
current operation (pc), i.e., rpt = pc + a  (rptminimal pc)
where the value of a is determined empirically. This solution 
is static since the amplification of rptminimal in the estimate is 
assumed in a uniform way regardless of the difference of 
degree of contention with respect to different job types and 
the stages at which the jobs are staying. 
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Estimating the remaining processing time
by the conventional static amplification method:

J1:    10 + a(8+12)

J2:    10 + a(6+7)

J4:    6 + a(7)

J3:    9 + a(4+3)

There is not a value of a  that can estimate the 
remaining processing times of all jobs suitably.

Fig. 1 An example for the drawbacks of the conventional method to estimate the remaining processing time 

To realize the drawbacks of the static amplification 
method, we take Fig. 1 as an example. In this plant, there are 
many kinds of products and the routes of three of them are 
depicted. The number above the arrow is the processing time 
on the machines for each product; for example, the processing 
time for M1 to process jobs of product 1 is 10. Severe 
resource contention takes place on the colored machines (M1, 
M2, M3, M4, and M6). The other three machines are 
dedicated to only one kind of product. For the job of product 
1, J1, the amplification ratio should be large to reflect the 
fierce resource contention occurred on machines M2 and M3. 
Nevertheless, for the job of product 3, J3, the amplification 
ratio should be close to 1 since machines M7 and M8 are 
dedicated to product 3. In this case, the conventional static 
amplification method, which estimates the actual remaining 
processing time by amplifying rptminimal in a uniform way for 
all kinds of products, is believed to fail. 

Even for jobs of the same product, the conventional 
method can also have problems. Given two jobs of product 2, 
one (J2) is at machine M1 and the other (J4) is at M4. The 
actual remaining processing time of J2 should be significantly 
different from its rptminimal whereas the actual and minimal 
remaining processing times of J4 should be almost the same. 
Again a single value of the amplification ratio a can not 
satisfy this situation. Besides, amplifying the processing time 
on M5 for J2 is also unreasonable because there is no resource 
contention on M5. 

After realizing the drawbacks of the conventional static 
amplification method, we propose a schedule refining 
mechanism that has two features: 

1. It considers the degree of contention of machines in a 
job-specific and operation-specific manner. The 
remaining processing time is estimated according to 
the actual queueing time of each job at each operation.  

2. It refines the schedule iteratively based on the estimates 
of remaining processing times in each iteration. 

The solution based on the ECR heuristic and the iterative 
refining mechanism is named I-ECR. The entire procedure of 
I-ECR is given as follows: 

Notations

pij the processing time required by the jth operation of job i
p ij the predicted processing time required to finish the jth operation 

of job i
qij the queueing time of job i for processing the jth operation, i.e., 

the duration from the instant when the (j-1)th operation was 
completed to the instant when the jth operation started 

ri the number of operations of job i
rptij the estimated remaining processing time of job i which is 

waiting for processing of the jth operation 
n the number of jobs 
t the iteration count 
Q the amplification ratio of queueing time, a parameter of the 

refining mechanism 
T the number of iterations for schedule refining, also a parameter 

of the refining mechanism 

Step0. Preparation:  
qij = 0   i = 1 … n, j = 1 … ri.
t = 1. 

Step1. Updating remaining processing times: 

rptij =
ir

1jk
ikij pp =

ir

1jk
ikikij qQpp )(

= rptminimal +
ir

1jk
ikqQ .

Step2. Run a simulation and apply the ECR heuristic 
(described in Section II) to make a schedule St.

Step3. Renew queueing times qij based on the schedule St

obtained in Step2. 
Step4. t = t + 1. If t T, goto Step1.  

Otherwise, the refining process ends, and the best 
schedule among all T schedules is reported. 
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Step2, first iteration (t = 1)
Derive a schedule by ECR

q12 = 10, q13 = 15

q22 = 8,   q23 = 1

q32 = 0,   q33 = 0

q42 = 9,   q43 = 2

Step3, first iteration (t = 1)
Renew queueing times

Step1, second iteration (t = 2)
Update remaining processing times

rpt11 = (10+8+12) + Q(10+15)

rpt21 = (10+6+7) + Q(8+1)

rpt31 = (9+4+3) + Q(0+0)

rpt42 = (6+7) + Q(2)

Fig.2 An example for the execution of the iterative refining mechanism 

In this approach, the increment of remaining processing 
time is determined according to dynamic information 
obtained during the iterative refining process. The queueing 
time of each job at each operation is taken into account to 
adjust the remaining processing time. 

Following the example in Fig. 1, now we use Fig. 2 to 
exemplify how the iterative refining mechanism works. At 
Step2 in the first iteration (t=1), a schedule is derived by the 
ECR rule. Currently the remaining processing times of jobs 
are the minimal remaining processing times. Then we 
calculate queueing times qij for each job at each operation. 
Proceeding to Step1 in the next iteration (t=2), the remaining 
processing times are updated based on qij obtained from the 
previous iteration. For the case in Fig. 2, the remaining 
processing time for job J1 will receive a great increment 
(Q (10+15)) since it had a long queueing time at machines M2 
and M3 (in the schedule at the first iteration). On the other 
hand, the remaining processing time for J3 is kept the same as 
the rptminimal value because it encountered no delay at the 
successive operations. In this way, the remaining processing 
times can be adjusted in a job-specific and operation-specific 
manner, not be blindly amplified in a uniform way. The 
problem faced by the conventional static amplification 
method is solved. 

Not only the ECR heuristic, this refining mechanism can 
also be applied to other heuristics. The values of parameters Q
and T certainly have influence on the performance of this 
mechanism. Related experiments and discussions are 
provided in Section IV-C. 

IV. EXPERIMENTAL RESULTS

A. Generation of testing instances 
 In our experiments, testing instances are created by six 
parameters – number of routes (Nr), number of stages for each 
route (Ns), number of stations (Ne), processing times (P), 
setup times (S) and due dates for each job (D). The number of 
jobs in each instance is fixed as one hundred. There are 
thirteen classes of testing instances and each class contains 
ten instances. There is a basic class and other twelve classes 
are different from the basic one only by one parameter. 
Values of parameters of the basic class are listed in Table I 
and the differences of other twelve ones are listed in Table II. 

TABLE I
PARAMETERS OF THE BASIC CLASS

Parameter Value (Range) Parameter Value (Range)
Nr 10 P 0.5 – 5 
Ns 8 S 0.5 – 2 
Ne 25 D 4 – 9 

TABLE II
PARAMETERS OF OTHER TWELVE CLASSES

Class
Id 

Changed
Parameter 

Value
Class

Id 
Changed
Parameter 

Value

2 Nr 5 8 P 0.5 – 3
3 Nr 20 9 P 0.5 – 7
4 Ns 6 10 S 0.5 – 1
5 Ns 10 11 S 0.5 – 3
6 Ne 20 12 D 3 – 8 
7 Ne 30 13 D 5 – 10 

 We take the basic class as an example to explain the 
generation of testing instances: There are 10 different routes, 
each consisting of 8 operations. The capabilities to perform 
these 80 kinds of operations are uniformly distributed to 25 
stations. For each operation, only one station has the 
capability to perform it. The processing time of each 
operation is uniformly distributed over the interval [0.5, 5] 
with granularity 0.5. The sequence dependent setup time is 
uniformly distributed over the interval [0.5, 2] with 
granularity 0.5. The due date of each job is d p where p is 
the minimal total processing time and d is a value uniformly 
distributed over the interval [4, 9] with granularity 0.1. 
 The simulation engine was written in C++ language by 
Microsoft Visual C++ 6.0. All experiments were conducted 
on personal computers with 1G Hz Athlon CPU and 256 MB 
RAM.

B. Performance of ECR 
B.1 Benchmarks 
 In order to test the performance of the ECR heuristic, we 
take other ten popular rules [6, 12] as benchmarks. Rules 
SPT, EDD, LTWK, SRPT, and SPT/TWK were the best five 
rules among forty-two rules in terms of meet-due-date rates in 
Chang et al. [6]. Rules CR, ATC, MDD, and COVERT were 
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the best four in Kim et al.’ survey [14]. These rules were also 
pervasively adopted as benchmarks in the literature [3, 4, 13, 
14]. Thus, these rules can be representative benchmarks to 
verify the performance of the proposed heuristic. We tested 
five values for each parameter in ATC and COVERT rules, 
and picked the best one. The values of parameters b and k in 
ATC are one and five, and the product of parameters b and k
in COVERT is five. The ECR heuristic takes the default 
setting, namely, the filtering preprocess is not used yet. 
Definitions of these benchmark rules can be found in [6, 12]. 

B.2 Performance of each heuristic 
 After conducting experiments on the 130 testing 
instances, we calculate the average meet-due-date rates of 
each testing class for each rule. Fig. 3 shows the relative 
performance of these rules to the best solution. For the sake of 
clarity, data of rules with similar performance will not be 
plotted in Fig. 3 and the following figures. 
 From the experimental results, the ECR rule performs the 
best in all thirteen classes. The MDD rule and SRPT rule have 
close performance, and are ranked the second and the third. 
The ATC rule is at the fourth position, followed by the EDD 
and COVERT rules. The last five rules are SPT, LTWK, 
SLACK, SPT/TWK, and CR. On average, the second best 
rule, MDD, reaches 80% meet-due-date rates of the ECR rule 
and the worst one, CR, only reaches around 60%. 

To see the relative performance in greater depth, we 
calculate the normalized value of the average meet-due-date 
rate by V = (Ri – Rmin)/(Rmax – Rmin) where Ri is the average 
meet-due-date rate of a rule i, and Rmin and Rmax are the 
minimal and maximal average meet-due-date rates among all 
rules applied to a certain testing class. The normalized values 
are shown in Fig. 4. It reveals that most benchmark rules have 
the normalized value well below 0.5 except the MDD 
heuristic. The advantage of the ECR rule is verified again by 
this performance gap. The computation time for running a 
simulation on one testing instance with each of these eleven 
rules is less than half second. 

C. Performance of I-ECR 
 In this subsection, we will examine the benefit of our 
proposed iterative schedule refining mechanism. As 
mentioned, there are two variables which control the 
execution of the refining process – Q, which decides the 
percentage of queueing time being added to the predicted 
processing time, and T, which decides the number of 
iterations to do the refining actions. In the experiments, we 
use {0.1, 0.2, … 1.0} as the value of Q and the value of T is 
ten. The maximal meet-due-date rate among the 100 (10 10) 
schedules is recorded. Only two rules including EDD and SPT 
are not taken into consideration since they are not affected by 
adjusting the predicted processing times. To denote a rule 
incorporated with the iterative refining mechanism, we add a 
prefix I-, for example, we will use I-ECR to refer to ECR with 
the iterative refining mechanism. 

Fig. 3 The relative performance to the best heuristic for each testing class 

Fig. 4 The normalized performance between the best and worst heuristics 

C.1 Performance of each I-heuristic 
 Average meet-due-date rates of each I-heuristic are 
summarized in Fig. 5. Again, data of rules with close values 
are not shown in Fig. 5 for clarity. 
 The I-ECR heuristic is still the best in all testing classes. 
The I-MDD heuristic ranks the second and its performance is 
only comparable to the ECR heuristic. I-SRPT, I-LTWK, and 
I-SPT/TWK have close performance (I-SRPT slightly better 
than the other two) and follow the I-MDD heuristic. The 
I-ATC and I-COVERT heuristics fall into the fourth group. 
The worst two are the I-SLACK and I-CR heuristics. The 
ranks of these I-heuristics are similar to the results of their 
counterparts without refining, except that the I-SPT/TWK and 
I-LTWK heuristics are now better than I-ATC because of 
receiving much benefit from the refining mechanism. 
 Referring to Fig. 6, the second best heuristic, I-MDD, 
approximately reaches 85% meet-due-date rates of the I-ECR 
heuristic on average. The worst one, I-CR, only reaches 
around 60%. 

Fig. 5 Average meet-due-date rates for each I-heuristic 

206



Fig. 6 The relative performance to the best I-heuristic 

C.2 Effects of the iterative refining mechanism 
 To see the benefits brought by the refining mechanism, in 
Fig. 7 we show the average improvement percentage of each 
I-heuristic for each testing class comparing to its counterpart 
without iterative refining. 
 As can be seen in this figure, the SPT/TWK rule gets the 
largest gain from the refining mechanism. In our observation, 
the main reason is that the SPT/TWK rule has low 
meet-due-date rates for some problem instances and the 
iterative refining mechanism brings very large improvement 
percentage (even larger than 200%) to these instances. The 
average improvement percentage in each class ranges from 
12.34% to 89.22%, and the average over thirteen classes is 
36.32%. Although the improvement is not stable, roughly 
speaking, SPT/TWK is highly improved by the proposed 
refining mechanism (so that I-SPT/TWK outperforms I-ATC 
now). Similar conclusion can be drawn from data of the 
I-LTWK heuristic.  
 In addition to SPT/TWK and LTWK heuristics, the MDD 
heuristic also gets high improvement percentage. The 
performance is improved for each of the 130 testing instances. 
It also reveals that the MDD rule, which is a mixture of EDD 
and SRPT rules, can perform well if the predicted processing 
times are set properly. The I-ECR heuristic has relatively low 
improvement percentage since the ECR rule has already 
achieved good performance. Among nine rules to be refined, 
the SLACK and CR rules receive the least benefit from the 
mechanism. 

Fig. 7 Average improvement percentage by the proposed refining mechanism 
for each testing class

C.3 Advantage of the iterative refining mechanism 
 As mentioned in Section III, the traditional method to 
estimate the remaining processing time is to multiply a fixed 
amplification ratio (a) to the minimal remaining processing 
time excluding the processing time of current operation, i.e.
rpt = pc + a  (rptminimal pc). To verify the performance of 
the proposed iterative refining mechanism, we tested the 
traditional method by applying it to the same nine rules, and 
the value of the amplification rate a has the range from 1 to 
10 with granularity 0.1. In other words, we solved each 
testing instance for 100 times, each time with a different value 
of a. The number of schedules generated in this testing, 100, 
is the same as what we have on testing the proposed refining 
mechanism. The average improvement percentage over 130 
testing instances is shown in Fig. 8. The proposed refining 
mechanism is denoted by I-heuristic and the traditional static 
amplification method is denoted by s-heuristic. 
 In Fig. 8, we first see an obvious advantage of the 
proposed mechanism over the traditional method – the 
traditional method does no improvement on the LTWK and 
SPT/TWK heuristics since the processing sequences of jobs 
derived by these two heuristics are not changed by static 
amplification of processing times. On the other hand, the 
proposed mechanism provides 27% and 36% improvement 
percentage to these two heuristics averagely. Besides, it also 
raised the performance of ECR, MDD, SRPT, and COVERT 
by more than 10%. For heuristics except SPT/TWK and 
LTWK, heuristics including ECR, MDD, and SRPT prefer the 
proposed mechanism while CR, SLACK, ATC, and COVERT 
prefer the traditional one. The later four heuristics get 
relatively less improvement by the proposed mechanism 
because they always pursue the jobs with high degree of 
urgency regardless of the influence on the performance of the 
overall schedule. During the execution of the proposed 
mechanism, a tardy job in the previous iteration will have 
much longer remaining processing times in the next iteration, 
and then forms a higher pressure to those four “critical 
ratio-based” and “slack-based” heuristics. When pursuing 
these tardy jobs, more jobs might become tardy and initiates a 
“vicious cycle”. Note that the ECR heuristic is also “critical 
ratio-based,” but its design can eliminate this defect. Ranked 
by the average meet-due-date rates over thirteen classes, the 
best five among eighteen (9+9) I-heuristics and s-heuristics 
are I-ECR, s-ECR, I-MDD, s-MDD, and I-SRPT.  
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C.4 Values of Q and T 
 In the experiments of examining the refining mechanism, 
we observed the occurrences of the best solutions among one 
hundred schedules (ten values of Q by ten iterations) for each 
heuristic. We found that the I-ECR heuristic has a very good 
feature – almost all best solutions occur with Q smaller than 
0.5. Readers can refer to Fig. 9 to see the distributions of 
occurrences of best solutions by using I-ECR. It means that 
we can focus on a much smaller range of Q and get almost the 
same benefit from the refining mechanism. Comparisons of 
the performance of the original and the compacted refining 
mechanism are given in Table III. It shows that we can get 
close performance with much reduction of computation time 
by limiting Q in {0.1, 0.2, 0.3} and T to be 3.  

Fig. 9 Distribution of occurrences of best solutions among 130 testing 
instances with I-ECR w.r.t. Q and iteration 

TABLE III
THE PERFORMANCE OF COMPACTED I-ECR HEURISTIC

V. CONCLUSIONS

 To increase meet-due-date rates in general job shop 
scheduling problems, a two-level approach is proposed. The 
first level is a sequencing heuristic and the second level 
improves the performance by an iterative refining mechanism. 
The careful use of critical-ratio values and its key factor – 
remaining processing time contributes to the high 
performance of this approach. With gradually-enhanced 
relationship, users can implement and apply the sequencing 
heuristic at first. A considerable benefit from the scheduler 
can be obtained in the early construction. The extension cost 
to the second level of the scheduler is small while the 
improvement can be more than 10%. For users who have 
difficulty to implement a new rule, the proposed refining 
mechanism, which is shown to be able to significantly 
improve several conventional rules, is recommended with few 
implementation efforts. 
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Q
T

{0.1, … 1.0} 
10

{0.1, … 0.3} 
10

{0.1, … 0.3} 
5

{0.1, … 0.3}
3

Average meet-due-date rates of 130 instances

0.815 0.812 0.805 0.797 

Average computation time (seconds)

30 9 4.5 2.7 
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