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Development of path discovery method for yield
enhancement in semiconductor manufacturing

Minsu Cho, Gyunam Park, Minseok Song, and Jinyoun Lee

Abstract—In semiconductor manufacturing, data-driven
methodologies have enabled to resolve a variety of issues, in
particular, yield management and enhancement. Yield, one of
the important key performance indicators in semiconductor
manufacturing, is mostly affected by production resources, i.e.,
equipment involved in the process. As such, there has been a
tendency to find the correlation between yield and the status of
resources. However, in general, multiple resources are engaged
in production processes, which may cause multicollinearity
among resources. Therefore, it is important to discover resource
paths that are positively or negatively associated with yield.
This paper proposes a systematic methodology for discovering a
resource-oriented finite state machine model in a semiconductor
manufacturing process to identify resource paths resulting in
high and low yield. The proposed methodology is based on
the model-based analysis (i.e., finite state machine mining) in
process mining and a couple of statistical analyses. To validate
our approach, we conducted an empirical study with real-life
data from one of the leading semiconductor manufacturing
companies.

Index Terms—Yield enhancement, process mining, semicon-
ductor manufacturing, resource paths, statistical analysis

I. INTRODUCTION

EVIDENCE-BASED decision making through data anal-
ysis has a vital role in a modern manufacturing cor-

poration [1]–[3], since plenty of data has been collected in
a manufacturing environment [4]–[6]. In the semiconductor
manufacturing industry, many efforts have been made to
manage and improve yield with the use of data, such as
identifying factors that affect the yield [7]–[10].

Production resources, i.e., equipment involved in manufac-
turing processes, are one of the critical factors that affect
yields [11]. Thus, a handful of research works have been
conducted on identifying significant resources that affect yield
and analyzing the status of the important resources in order to
obtain better productivity [12]. However, most of the works
are limited to investigate the relation between a single resource
and yield. Since the resources involved in the production are
interconnected and influenced by each other, resource paths
(i.e., the combination of resources in manufacturing processes)
should be considered.

As shown in Fig. 1, semiconductor manufacturing has
lengthy and complicated processes [9], [13]. All wafers pass
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through hundreds of process steps, each of which has a number
of alternative equipment. Thousands of machines are involved
in a whole manufacturing process, and each equipment is
composed of multiple chambers performing the same process
step; thus, there are countless combinations of machines at the
chamber level [9]. Therefore, we should deal with the problem
of multicollinearity among the combinations of resources [14],
[15]. For example, in Fig. 1, chamberi,1,1 is identified as a key
resource that results in the high-yield wafer (i.e., it has a strong
impact on high-yield). However, the corresponding machine
at the same time belongs to another path which produces
the wafer of poor yield. To this end, it is taken for granted
to investigate an association of yield with the sequence of
resources rather than with a single resource involved in the
production.

In this paper, we propose a new methodology for discov-
ering a resource-oriented Finite State Machine (FSM) model
in a semiconductor manufacturing process. More in detail,
it aims to identify the resource paths resulting in the high
and low yield, which are utilized to predict the future out-
comes of given wafers. The proposed methodology consists of
four phases in total: data preparation, resource-oriented FSM
model construction, model simplification, and evaluation and
interpretation. In a nutshell, we first generate an FSM model
from manufacturing data, and then the integrated model is
derived by visualizing the best and worst resource paths on the
model. After that, the integrated model is simplified based on
the indispensable resources derived from statistical analyses
that are significant in yield. Lastly, the discovered model is
evaluated and interpreted.

To show the usefulness of the proposed methodology, we
provide an empirical study in a large Korean manufacturing
corporation in depth.

II. A FRAMEWORK FOR CONSTRUCTING A
RESOURCE-ORIENTED FSM MODEL FOR YIELD

ENHANCEMENT

This section describes our approach to derive a resource-
oriented FSM model for yield enhancement based on manu-
facturing data. Fig. 2 provides the proposed research frame-
work in this paper. Our method includes four phases: data
preparation, resource-oriented FSM model construction, model
simplification, and evaluation and interpretation. First, man-
ufacturing data is prepared with a series of steps including
data collection, preprocessing, and partitioning. Second, based
on the prepared data, the FSM model is generated, and the
cases (i.e., wafers) recorded relatively superior or inferior to
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Fig. 1. An example of the complicated semiconductor manufacturing process

others are identified. After that, these two results are combined
into one network model. The discovered model, however, may
be remarkably complicated because plenty of resources are
engaged in the manufacturing process. Therefore, we need
further steps to simplify the obtained results. In the third phase,
we perform a series of statistical analyses on the performance
of resources. It aims at determining highly-impacting resources
on the quality of products. Then, the model is simplified based
on the result of the statistical analysis. In the last phase, the
discovered model is interpreted by discussing with domain
experts and evaluated with the test set to identify whether the
model has a predictive capability on yield or not.

A. Phase 1. Data Preparation

The data preparation phase aims at constructing the suffi-
ciently structured data for obtaining valuable analysis results.
This research takes the format of event logs utilized in process
mining [16]. Definition 1 provides formal definition of yield-
enhanced event logs. It consist of a series of records for events
e of process instances c (i.e., wafers) that are executed by
whom (i.e., resources) at what time (i.e., timestamps). Also, it
includes the yield as an attribute of process instances πy(c).
Table I provides an example of manufacturing event logs.
After collecting event logs for a specific period, the data
preprocessing step is performed to improve the accuracy and
effectiveness of the data analysis. It includes removing noisy
data, identifying outliers, and handling incomplete or error
data. In the last step of this phase, the preprocessed data is
partitioned into the training and test dataset. Then, the training
set is employed to discover a resource-oriented FSM model for
predicting yield, while the test set is utilized for evaluation of
the discovered model from the training set.

Definition 1 (Event, Attribute, Case, Yield-enhanced event
log): Let E be the event universe. Events may have several
attributes (e.g., step, originator, timestamp). Let AN be a set
of attribute names. Let C = {c1, c2, c3, . . . , ck} be the set of
cases. For any case c ∈ C and any attribute name an ∈ AN :
πan(c) is the value of the attribute an for case c. Every case
has a mandatory attribute, yield y : πy(c) ∈ B(R). A trace
σ is a finite sequence of events σ ∈ E∗. Also, for any case
c ∈ C : πy(c) is the yield value for case c. A yield-enhanced
event log L is a collection of possible cases.

TABLE I
AN EXAMPLE OF YIELD-ENHANCED EVENT LOG

CaseID EventID Step Resource Timestamp Yield
Case 1 E1 A M1 2018-01-01 10:30 0.95

E2 B M2 2018-01-01 12:00
E3 C M4 2018-01-01 17:00
E4 D M6 2018-01-02 09:00

Case 2 E5 A M1 2018-01-04 09:00 0.85
E6 B M3 2018-01-04 12:00
E7 C M5 2018-01-04 15:00
E8 D M6 2018-01-05 13:00

Case 3 E9 A M1 2018-01-06 09:00 0.9
E10 B M2 2018-01-06 14:00
E11 C M5 2018-01-07 13:00
E12 D M6 2018-01-07 18:00

B. Phase 2. FSM Model Construction

The second phase aims at generating a resource-oriented
FSM model for yield enhancement based on manufacturing
event logs. First of all, a process mining discovery technique
is employed to construct a FSM model from event logs [16].
The FSM model is formalized in Definition 2. The model
FSM = (S,E, T ) is composed of states S, events E, and
transitions T . Here, states represent the status in which an
event in a process is performed, and transitions refer to the
relationship that changes a state as an event is performed in a
particular state. This research focuses on resource behaviors in
semiconductor manufacturing. As such, the model is generated
with states and events representing the resources of process
steps. From the model, we are able to identify that what
resources (i.e., chambers) are involved in a process step or
what connection between resources does exist in the model.
Fig. 3 gives an example model generated from the sample
log in Table I. As shown in the figure, all resource behaviors
discovered in the log can be represented as a single network
model.

Definition 2 (State representation function, Event repre-
sentation function, Finite State Machine): Let L be a yield-
enhanced event log. Let E∗ and E be a set of possible traces
and events. A state representation function reps ∈ E∗ → Rs

is a function that gives a representation from a trace σ, where
Rs is the set of possible state representations. An event rep-
resentation function repe ∈ E → Re is a function that gives
a representation from an event e ∈ E, where Re is the set of
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Fig. 2. Overview of the proposed research framework

possible event representations. A finite state machine FSM is
defined as a triplet (S,E, T ), where S = {reps(hdk(σ))|σ ∈
L ∧ 0 ≤ k ≤ |σ|}, E = {repe(σ(k))|σ ∈ L ∧ 1 ≤ k ≤ |σ|},
and T ⊆ S × E × S with T = {reps(hdk(σ)), repe(σ(k +
1)), reps(hdk+1(σ))|σ ∈ L∧0 ≤ k ≤ |σ|} is the set of states,
the set of events, and the set of transitions.

Fig. 3. An example of transition systems based on the example log in Table I

The second step of this phase is to identify the best
cases, i.e., BCs, and the worst cases, i.e., WCs. First, we
verify the normality of the empirical distribution for yield
values by employing Kolmogorov-Smirnov one sample test
(i.e., KS1S) [17]. It investigates whether the empirical
yield distribution from the log and the normal distribution
are statistically the same or not. The test statistic D is
supx|Fn(X) − F (X,µ, σ)|, where Fn(X) is the cumulative
empirical distribution and F (X,µ, σ) is the cumulative
normal distribution. Also, the hypothesis test is conducted as
follows.

H0: Fn(X) = F (X,µ, σ); H1: Fn(X) 6= F (X,µ, σ)

If the case satisfies the normality condition, BCs and WCs
are determined based on the mean (µ) and the standard
deviation (σ) of the yield distribution. Conversely, when the
normality condition is unsatisfactory, the median (M ) and
the median absolute deviation (MAD) [18] are utilized to
establish BCs and WCs. Based on these values, we can create
a certain range that represents just a mediocre quality as
provided in Eq. (1) and (2). Here, w is the user-specified
weight. On the basis of the acceptable range, the yield values
of all cases are evaluated whether they are within or outside
the range. If the yield values are higher than the maximum
value of the range, the corresponding cases are classified as

BCs. On the other hand, if cases have a lower yield than the
minimum value of the range, they belong to WCs.

µ− w × σ ≤ yield ≤ µ+ w × σ (1)
M − w ×MAD ≤ yield ≤M + w ×MAD (2)

Lastly, the FSM model and statistical analysis results are
combined into one single model. As such, the best and worst
paths are visualized on the discovered model. Here, firstly,
the best and worst case ratios are calculated for every arc in
the FSM model. After that, it is evaluated that the summation
of these two values is greater than the predefined threshold.
It determines whether the flow is paramount in the model.
Then, we measure the difference between the best and worst
case ratio for important paths. As such, if the best case ratio is
greater than the worst case ratio, the relevant arc is determined
as the part of the best paths that lead to the high yield. In the
opposite case, it is considered as a piece of the worst paths.

C. Phase 3. Model Simplification

The integrated model has a limitation that it has a con-
siderable complexity as the process gets more extended or
more machines are engaged in activities. To overcome the
limitation, we need to find out mainline states that have a
statistical significance to yield and simplify the model on the
basis of them. The third phase aims at simplifying the model
with the results from the statistical analysis. To this end, we
employ the a series of statistical techniques. Fig. 4 provides
the flow of statistical analysis.

First, the normality of distributions of all resources involved
in the same process step is testified with Kolmogorov-Smirnov
one sample test (i.e., KS1S) [17]. As with Phase 2, the same
test statistic and hypothesis testing are applied. Following the
normality testing result, further steps are divided into two
different directions. Though they exploit different statistical
techniques, each step of them has common objectives. First,
it is analyzed to identify whether the states engaged in the
same step have a discrepancy with each other. After that, if
the difference exists, it is determined what states make the
quality of products better or worse.



IEEE TRANSACTIONS ON SEMICONDUCTOR MANUFACTURING, VOL. 0, NO. 0, 2018 4

Fig. 4. A flowchart of statistical analysis

In case the distributions of all states follow the normal
distribution, Analysis of variance, i.e., ANOVA [19], is applied
to identify whether all states have the indifferent yield value.
Followings are the null and alternative hypothesis for ANOVA.

H0: The means of all groups under consideration are equal
H1: The means are not all equal

If the null hypothesis is accepted, all relevant resources are
replaced with dummy resources, whereas it is connected to the
next phase when rejected.

The following step is Linear contrast (i.e., LC) [20] that
is effective to testify whether the distribution of a particular
group is different from other groups. Here, contrast signifies
the linear combination of variables and coefficients of them
sums to 0. Assume that we build a contrast using four sample
groups, i.e., X1, X2, X3, and X4. Then, the coefficient of
the target group (X1) becomes 3, whereas the others have -1
(e.g., X2, X3, X4) as coefficients. That is, the contrast L is
defined such that L = 3X1 −X2 −X3 −X4. The hypothesis
testing of linear contrast is defined as follows.

H0 : L = 0; H1 : L 6= 0

If H0 is accepted, the corresponding resource is replaced
with the dummy resource. In the opposite case, i.e., H0 is
rejected, we conduct further analysis for identifying whether
the average of the resource is greater or less than the average of
the other resources. As a result, if greater, the relevant resource
is classed as high-class; otherwise, it is labeled as low-class.

If any of the states do not have the normality, it is required
to employ Kruskal-Wallis H-Test (i.e., K-W) [21] instead of
ANOVA. The overall approach is quite similar to ANOVA
testing, and the null (H0) and the alternative (H1) hypothesis
are defined as follows.

H0: All populations have the same distribution
H1: Not all populations have the same distribution

After that, as a substitute for linear contrast, Mann-Whitney
U Test (i.e., M-W) [21] is applied, which has the null and the
alternative hypothesis as follows.

H0: Two populations are equal
H1: Two populations are not equal

Different from the linear contrast, the distribution of the
target state and the others are compared with the rank-based
approach.

Note that all statistical analysis need user-defined signifi-
cance level thresholds.

The final step of phase 3 is the model simplification based
on the integrated model from phase 2 and the resource
properties from the previous analysis result. In a nutshell, the
dummy resources that belong to the same step are merged
into one. As merging methods, we can consider three different
types. The first type of merging is to combine all dummy
resources. For example, if some of the resources that are
relevant to the same step are classified as the dummy, those
are straightforwardly combined into one moderate state. This
approach, however, neglects the performance of arcs. Thus, the
second or third method considers both dummy resources and
the corresponding arc performances. In the case of the second
approach, only dummy nodes that have the same incoming
event property are merged into one. On the other hand, the
third approach conducts merging when the outgoing event
property is the same.

D. Phase 4. Evaluation and Interpretation

In the last phase, the discovered model from Phase 3
is interpreted and evaluated with the test set partitioned in
Phase 1. First of all, the discovered model is interpreted by a
discussion with domain experts. It focuses on identifying the
root causes on yield. That is, it understands which flows have
impacts on yield and tries to find out the reasons for them. As
such, these interpretation results can be the connecting link
with yield enhancement.

As far as the evaluation is concerned, we employ the data
mining approach for evaluating the model generated from
classification algorithms, i.e., confusion matrix and accuracy
measure. Fig. 5 depicts the confusion matrix. All cases in the
test set are classified as best, worst, and moderate cases from
model-based analysis, where the resource path of each case is
mapped into the reference patterns derived from the obtained
model. Then, these predicted results (P) are compared with
the actual results (A) of cases.

Based on the confusion matrix, we can derive the accuracy
measure, and Eq. (3) presents it. The accuracy reflects the
fraction of cases that are correctly classified.

accuracy(A,P) = BB +MM +WW

N
(3)

III. AN EMPIRICAL STUDY

To demonstrate the usefulness of the proposed methodology,
we conducted a case study with real-life manufacturing data.
The goal of this evaluation is to diagnose whether the sound
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Fig. 5. A confusion matrix for evaluation

or poor resource paths in a manufacturing process can be
determined based on our approach. Moreover, the case study
will also evaluate the capability of the discovered model that
predicts the yield of cases.

A. Context

The case study presented in this paper was conducted in one
of the largest semiconductor manufacturers in Korea. The com-
pany has produced a variety of semiconductor products, and
we applied our approach to one of the production processes.
Because of confidentiality agreements, we cannot reveal a
detailed explanation of the process. Alternatively, we provide a
couple of features for the corresponding process. The process
was composed of more than 500 steps including wafer fabri-
cation, oxidation, photo, and etching. It had a stereotypical
flow; in other words, most of the wafers were performed
in a sequence of steps in the same order. Different from
the systematic control-flow, however, a number of different
resources were involved in a single step. For this reason,
i.e., the lengthy process and the huge number of resources
involved, all the wafers were represented by different resource
paths, which made it difficult to identify the best and worst
resource paths and predict the yields of wafers.

B. Data Preparation

We collected a manufacturing data from the manufacturing
execution systems (MES) supporting the execution of the
corresponding process. Then, we conducted a couple of data
preprocessing including data error handling (e.g., removing
redundant events and eliminating multiple yield values) and
imperfect data handling (e.g., removing cases that did not
cover the whole steps). The preprocessed data was composed
of approximately 13,000 wafers that have manufactured over
four months. Also, out of the whole process, 74 steps were
set up to be analyzed with the help of domain experts,
and only relevant events were extracted. It was made up of
approximately 950,000 events. Furthermore, more than 1,500
resources were involved in 74 steps. Also, the gathered data
included yield for each case. The yield values had a range from
0.0 to 1.0, but we utilized the transformed yield values that

have a range from -20 to 10 because of the confidentiality.
It was identified that cases have an average yield of 7.75.
For the purpose of the evaluation, we partitioned the data to
90% for the training set and 10% for the test set. That is,
approximately 11,500 wafers were utilized for constructing a
resource-oriented FSM model for yield enhancement, while
the rest of them were used to evaluate the model.

C. Model Construction and Simplification

First, we discovered the FSM model from the manufacturing
log. After that, we identified the best and worst cases based
on yields of cases. In this case study, we set the user-defined
weight as 0.5; as such, we obtained 30% of the best and worst
cases, respectively. Then, the integrated model was generated
based on these two results. To simplify the model, a series of
statistical analysis with all significance level thresholds as 0.05
was performed, and the simplification step was conducted to
the integrated model with the first merging type.

The simplified model in Fig. 6 consisted of 74 vertical lines.
Each line includes multiple nodes (i.e., production resources).
Note that the corresponding nodes have statistically significant
effects on yields compared to other ones. For example, the first
step in the process, i.e., the leftmost vertical line, is composed
of 10 nodes with three classes of resources. The blue and red
nodes represent individual resources that produced the high
and low yields, respectively. On the other hand, the gray nodes
indicate the composite of resources insignificant to the yield.
Also, blue arcs represent the resource paths connected to high
yields, while red arcs illustrate poor quality. That is, we are
able to identify that 27% and 36% of the whole arcs from the
first line are related to the sound and poor quality, respectively.

D. Evaluation and Interpretation

As far as the evaluation of the model was concerned, the
test set was applied to the model for measuring accuracy. As a
result of validating the model with the test set, approximately
83.3% of cases were accurately classified. Out of 393 actual
best cases, 318 cases (i.e., 80.9%) were correctly predicted,
while the worst cases had the 85.7% of accuracy. Also,
we noticed that there were almost no occurrences that were
reversed entirely, i.e., the predicted best cases in actual worst
ones or the predicted worst cases in actual best ones.

The company’s domain experts were provided the case study
results including the resource paths and combinations for the
high or low yield and the important resources that had a
significant effect on the product quality. They were indeed
interested in the results and expressed their willingness to
consider utilizing them in order to improve process operation.
Also, regarding the prediction results, they commented that
we should conduct the post-hoc analysis for cases predicted
as moderate but actually involved in worst, i.e., false-negative
cases. This is because it is important to identify the worst
cases and remove them to maintain an acceptable quality of
products.
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Fig. 6. The discovered model from the real-life log

IV. CONCLUSION

This paper suggested a research framework to identify the
best and worst resource paths using yield-enhanced manufac-
turing data. To this end, we employed a variety of process
mining and data mining techniques. Also, the proposed frame-
work was validated using a real-life manufacturing event log.
The results of the case study represented that the proposed
approach can be effective to understand the current behaviors
and predict the performance (i.e., yield) of the manufacturing
process. For future works, we will extend our approach to an
online-fashioned method based on real-time data that estimates
yield and recommend the optimized resource paths at the
moment the process is running. Also, we will consider an
approach for constructing a model that reflects the status of
the resources based on the sensor-data for yield enhancement.
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