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Abstract—Fault prognostic in various levels of production of
semiconductor chips is considered to be a great challenge. To
reduce yield loss during the manufacturing process, tool abnormalities should be detected as early as possible during process
monitoring. In this paper, we propose a novel fault prognostic
method based on Bayesian networks. The network is designed
such that it can process both discrete and continuous variables,
to represent the correlations between critical deviations and
quality control data. Such a network enables us to perform highprecision multi-step prognostic on the status of the fabrication
process given the current state of the sensory info. Additionally,
we introduce a layer-wise approach for efficient learning of the
Bayesian-network parameters. We evaluate the accuracy of our
prognostic model on a wafer fabrication dataset where our model
performs precise next-step fault prognostic by using the control
sensory data.

I. I NTRODUCTION
One of the great challenges in the semiconductor
manufacturing industry is fault detection in various production
steps [1]. Verification of semiconductor chips consists of presilicon fault diagnostic approaches [2–4], post-silicon fault
detection phases [5–7] and defect prognostic during the fabrication process of the chip [8–10]. Particularly, the fabrication
process is comprised of many process steps on a variety of
different products [10]. To improve the efficiency and quality
of the fabrication process, one major goal is to simultaneously
detect critical deviations as early as possible in the production
process. There is a great need in the semiconductor industry
to efficiently monitor processes in real time and extract useful
profile information to support process monitoring and fault
detection.
To reduce yield loss during the manufacturing process,
tool abnormalities should be detected early through process
monitoring. Today, Statistical Process Control and Advanced
Process Control methods are used to monitor and control
processes and equipment to avoid critical deviations [11–14].
However, many critical deviations on product level are only
found later after parameter control monitoring and wafer test
measurements on the chip-level. An automatic approach for
finding correlations between critical deviations in wafer-test
data at the end of the process and process-control data early

in the process would help to identify the critical processes
together with the machine parameters. The results could be
used to improve the process control setup and configurations,
leading to earlier detection of deviations in the production
flow.
Bayesian network is an important tool for uncertainty
processing, and it is potential to decompose a complex
problem into smaller and simpler ones through conditional
independence, hence it provide a potential methodology for
dealing with big data using divide and conquer strategy.In
this paper, we propose a prognostic method for semiconductor
manufacturing based on Bayesian networks. We designed a
Bayesian network to represent the relationships among the
status of the current process step and the fault of current step
and next step. The network is designed in an hybrid fashion
meaning that it process both continuous and discrete variables.
Subsequently, we introduce a method to learn the Bayesian
network from a wafer-fabrication process dataset. Additionally, we generilize our technique to a multi-step prognostic
model by stacking up pre-trained Bayesian networks together.
We eventually demonstrate the accuracy of our prognostics on
the status of the fabrication process, whether it is in a normal
or abnormal state, by employing our prognostic model.
The rest of the paper is organized as follows: Section II
gives the definition and notations of the problem and provides
a brief background on Bayesian networks. The proposed
approach is described in Section III and Section IV. Section V
presents the experiments for verifying the proposed method.
Finally, the conclusions are summarized in Section VI.
II. P ROBLEM DEFINITION AND BAYESIAN NETWORKS
PRELIMINARIES

Let us assume that the semiconductor fabrication process
consists of m steps. In each step, there are some sensors to
monitor its status. There are nt sensors at the time-step t. At
each step, our aim is to use the value of the sensors to detect
and predict whether there will be a fault in future steps or not.
A Bayesian network is a graphical model representing the joint probability distribution of n variables X =
{X1 , X2 , ..., Xn }. It includes two components: G and Θ. G

is a directed acyclic graph where each node of the graph represents a random variable. Each arc represents a dependency
relationships between variables. Θ = {P (Xi |Πi ), 1 ≤ i ≤ n}
represents the conditional probabilities distribution of each
node given the values of its parent nodes where Πi stands
for the parent set of Xi in the network [15].
III. M ODEL CONSTRUCTION FOR SINGLE STEP
A. Structure design of the model
For step t, we construct a Bayesian network as shown in
Figure 1: This Bayesian network consists of nt continuous

variance of the normal distribution and µijk appears for the
mean of the distribution.
To obtain the conditional distribution, we compute the mean
and variance for each variable in X1 , ..., Xnt as follows:
∑M
(xi,l · δjk,l )
µijk = l=1
(2)
∑M
l=1 δjk,l
∑M
((xi,l − µijk ) · δjk,l )
2
σijk
= l=1 ∑M
(3)
l=1 δjk,l
where
δjk,l

Fig. 1. Proposed Bayesian network for prognostic.

variables and 2 discrete variables. The continuous variables
are placed in lower levels. X1 , ..., Xnt representing the nt
sensors which monitor the status at step t. The value of these
variables are the sensor outputs. The discrete variables on the
top level, Yt and Yt+1 , predict whether there is a fault in
the current step and next step, respectively. Yt and Yt+1 are
binary variables where a value of one implies that the status
is faultless, while a zero suggests a faulty status. Note that
the described network is not a general Bayesian network, it
realizes a modified network which contains both continuous
and discrete variables.
The structure of the Bayesian network is designed as
follows: A fault varies the value of the sensors, so there are
arcs from Yt and Yt+1 to each variable of X1 , ..., Xnt . A
defect in the current step may result in the occurrence of a
fault in the next step. Therefore, there exist an arc from Yt to
Yt+1 . One can use P (Yt |X1 , ..., Xnt ) to detect whether there
is a fault in the step t, and employ P (Yt+1 |X1 , ..., Xnt ) to
predict whether there the next step is faulty or not.
B. Parameter learning of the proposed Bayesian network
Since the structure of the proposed Bayesian network is
fixed, we only need to obtain the parameters before utilizing
the model. We learn the parameters by using the data stored
by the semiconductor corporation.
The parameters of a Bayesian network are the conditional
probability of each variable given the values of its parent variables. For X1 , ... , Xnt , it is often assumed that
P (Xi |Yt , Yt+1 ) follows a distribution. To be precise:

{
1, if Yt,l = j and yt+1,l = k,
=
0, otherwise.

1 ≤ i ≤ nt, M is the number of training data, xi,l is the value
of Xi in sample l of the training data set, and yt,l and yt+1,l
are the value of Yt and Yt+1 in sample l of the training data
set, respectively.
For Yt and Yt+1 , a conventional method for the learning of
the Bayesian network parameters is performed where P (Yt )
and P (Yt+1 |Yt ) are obtained as follows:
P (Yt = j) =
where Nj =

∑M

Nj
M

(4)

l=1 δj,l ,

δj,l

and
{
1, if Yt,l = j,
=
0, otherwise.

in another words, Nj is the number of cases (samples) in
which Yt = j.

0, if j=0 and k=1,

P (Yt+1 = k|Yt = j) = Njk
(5)

, otherwise
NJ
∑M
where Njk = l=1 δjk,l , and
{
1, if yt,l = j and yt+1,l = k,
δjk,l =
0, otherwise.
i.e. Njk is the number of samples in which Yt = j and Yt+1 =
k.
C. Fault detection, prognostic and diagnosis
As mentioned before, we can use P (Yt |X1 , ..., Xnt ) to
detect whether there is fault in step t, we first derive the
formula of P (Yt |X1 , ..., Xnt ) as follows:

P (Yt , X1 , ..., Xnt )
∝ P (Yt , X1 , ..., Xnt )
P (X1 , ..., Xnt )
∑
1
(x − µijk )2
P
(X
,
...,
X
)
=
P (YT , Yt+1 , X1 , ..., Xnt )
)
P (Xi = x|Yt = j, Yt+1 = k) = √
exp(−
1
n
t
2
2σijk
(2π)σijk
Yt+1
(1)
nt
∑
∏
where 1 ≤ i ≤ nt , x is the value of Xi , j and k stand for the
=
P (Yt )P (Yt+1 |Yt )
P (X − i|Yt , Yt+1 )
possible value of Yt and Yt+1 , respectively. σijk represents the
i=1
Yt+1
P (Yt |X1 , ..., Xnt ) =

So we obtained,

the networks together. Such an approach is called a divideand-conquer approach and It realizes a cost-efficient procedure
∑
P (Yt |X1 , ..., Xnt ) ∝
P (Yt )P (Yt+1 |Yt )
P (Xi |Yt , Yt+1 ) since if we learn an entire Bayesian network that represents
the relationships among all the sensors and faults variables of
i=1
Yt+1
(6) all the steps from the whole data, the computational cost will
where each probability term in equation 6 is the conditional be tremendously go high.
probability distribution of each variable in the Bayesian netUsing the proposed stacked Bayesian network, we can make
work, and can be obtained from data using the method in further prognostic. For instance, at step t, we can predict the
Section III.B. In above derivation, an important property of possibility of having a defect at t + 2, t + 3 and so on. For
Bayesian network is used, that is the joint probability distribu- example, we can predict whether there will be a fault in step
tion of Bayesian network can be represented as the product of 5 given the status values of step 1 by P (Y5 |X11 , ..., Xn1 ).
1
the conditional probability distributions of all the variables in
We can generalize the prognostic to the kth step t +
Bayesian network. We can use P (Yt+1 |X1 , ..., Xnt ) to predict k(k > 0) given the status of step t by the probability
whether there will be fault in next step t+1, we then derive of P (Yt+k |X1t , ..., Xnt ). This probability can be calculated
t
the formula of P (Yt+1 |X1 , ..., Xnt ) as follows:
through Bayesian inference, however, it is not time efficient.
Therefore, we present an approximation method as follows:
P (Yt+1 , X1 , ..., Xnt )
P (Yt+1 |X1 , ..., Xnt ) =
P (X1 , ..., Xnt )
P (Yt+k |X1t , ..., Xnt t ) ∝
∝ P (Yt+1 , X1, ..., Xnt )
nt
t+k−1
∑
∏
∏
∑
P (Yt )
P (Yi+1 |Yi )
P (Xj |Yt , Yt+1 )
P (Yt+1 , X1 , ..., Xnt ) =
P (Yt+1 , X1 , ..., Xnt )
i=t
j=1
Y Y
...Y
nt
∏

t

=

∑

P (Yt )P (Yt+1 |Yt )

Yt
nt
∏

P (Xi |Yt , Yt+1 )

Assuming the final product is unqualified, one can also diagnose in which step the fault is occurred, by computing
P (Yt |Ym = 0)(1 ≤ t ≤ m).

So we obtained,
P (Yt+1 |X1 , ..., Xnt ) ∝
nt
∑
∏
P (Yt )P (Yt+1 |Yt )
P (Xi |Yt , Yt+1 )

V. E XPERIMENTAL RESULTS
(7)

i=1

Yt

t+k−1

(9)

i=1

Yt

t+1

where each probability term in equation 7 is the conditional
probability distribution of each variable in the Bayesian network.
Additionally, we can specify which sensor caused the defect
by calculating the divergence of the sensor value form the
normal mean value:
arg max |xi − µi11 |
i=1,...,nt

(8)

IV. D ISCUSSION ABOUT MODEL CONSTRUCTION FOR ALL
STEPS

In this section, we will discuss a idea for predicting a
possible fault in further step. The semiconductor fabrication
process comprises m steps. Accordingly, we combine m
Bayesian networks of each step and create a relatively large
Bayesian network as shown in Figure 2.

Fig. 2. Proposed Bayesian network for all steps.

To obtain such Bayesian network, we learn the small
Bayesian network of each step separately, and then stack up

We assess our prognostic model on a wafer fabrication
dataset [16]. In the dataset, six parameters have been identified
by domain experts, the parameters are crucial for monitoring
the state of the manufacturing process. The parameters include:
radio frequency forward power, radio frequency reflected
power, chamber pressure, 405 nanometer (nm) emission, 520
nanometer (nm) emission, and direct current bias. Radio
frequency forward power and radio frequency reflected power
are used to measured the electrical power applied to the
plasma, and the parameter chamber pressure calculates the
pressure in the etch chamber, the 405 and 520 nanometer
emission measure the intensity of two different wavelengths
(i.e., colors) of light emitted by the plasma, and the direct
current bias parameter calculates the direct current electrical
potential difference in the tool.
Based on prior knowledge on the parameters of the dataset,
we reshape and reconstruct the data such that we can apply our
Bayesian net. Therefore, the data is a simulated version of the
dataset. In the dataset, we divide the process of semiconductor
fabrication into six steps; in each step, there are six parameters
(sensors) monitoring the state of the manufacturing process
for quality control. The dataset contains the value of six
parameters and whether there is a fault in the current step
and next step. To our knowledge, most existing methods are
to detect a fault of current step in real time, few methods
can predict for further step, so in this paper we only test the
performance of the proposed method. We use such data to
train our Bayesian network while employing ten-fold cross
validation in order to validate the accuracy of the proposed

P ROGNOSTIC

TABLE I
10- FOLD CROSS VALIDATION

ACCURACY USING

hhhhPredict Accuracy(%)
hhhh
hhh
fold
1
2
3
4
5
6
7
8
9
10
average

step 1

step 2

step 3

step 4

step 5

94
100
35
100
100
100
100
100
100
100
92.9

54
100
92
100
100
85
100
92
92
92
90.8

100
100
64
79
79
36
93
86
86
100
82.1

100
97
97
100
95
61
97
97
100
82
92.6

100
56
93
100
100
100
100
100
100
70
91.9

method. Consequently, the dataset of each step is divided into
ten groups, at each time we determine nine sets to be the
training set and one set to be the test set. The status (values
of the six parameters) in each step are used to predict the
occurrence of a defect in the next step. Table I illustrates
the prognostic accuracy at each time-step together with their
average a precision at each step.
In Table I, the columns denote the process step. For instance,
values in step1 column show the prognostic accuracy where
given the sensory values in step1, the Bayesian net provides a
prognostic on occurrence of fault in step2. The rows represent
each test of the 10-fold cross validation together with the
average accuracy for each step. Such results suggest a qualified
precision is achieved by means of our stacked Bayesian
network.
VI. C ONCLUSIONS
In order to detect a fault as early as possible of the
production process in semiconductor manufacturing industry
efficiently, we proposed a Bayesian network based solution.
We designed a new Bayesian network structure which contains
both discrete and continuous variables representing the relationships among the status of current process and the probability of being faulty in the current step and/or next steps. We then
trained the network in order to get the optimal parameters from
the data. The experimental results illustrate the effectiveness
of the proposed method. Our prognostic model is accurate and
well-functional whenever adequate training data containing the
value of sensors together with information on whether the state
is normal or abnormal are provided.
For the future work, we aim to assess our approach on more
experiments examples to provide further validation and efficiency, conduct more experiments on the proposed diagnosis
method and further-step prognostic method, and integrate the
comparisons with other methods proposed in previous works.
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