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Abstract - As the development of Industry 4.0, the field of high-dimensional fault detection plays an important role in 
ensuring the online production quality. The Principal Component Analysis (PCA)is a widely used high-dimensional process 
monitoring method. However, the conventional PCA fails to monitor the autocorrelated processes. Hence, the Dynamic PCA 
(DPCA) was developed in an attempt to monitor the autocorrelated processes. Researchers found that the DPCA’s 
monitoring statistics 2T  and Q still exhibit autocorrelation which violates the prerequisite of PCA implementation. 
Therefore, DPCA with Decorrelated Residuals (DPCA-DR) was proposed to time-decorrelate the monitoring statistics. Even 
though the DPCA-DR can perform well for autocorrelated processes monitoring, it is insensitive to detect the small process 
changes. In this study, the DPCA-DR based Generalized Likelihood Ratio (DPCA-DR-GLR) charting statistic will be 
proposed. The proposed method has advantages of 1) detecting a wide range of process changes, 2) estimating the change 
points, 3) needless prior parameters to be specified by practitioner and 4) only one chart to be plotted. The efficiency of the 
proposed method will be verified via a simulated autocorrelated process. Results demonstrated the proposed possesses 
superior performance than traditional high-dimensional monitoring methods. 
 
Keywords - PCA, DPCA, DPCA-DR, GLR, fault detection. 
 
I. INTRODUCTION 
 
Fault detection plays a crucial role in ensuring 
production quality and plant safety. The primary tool 
in fault detection spectrum is Statistical Process 
Control (SPC). Shewhart in 1924 first developed X  
chart to online monitor the production measurements 
in order to timely detect process faults. However, the 
X  chart takes only the recent observation into 

consideration. Thus, it is insensitive to detect the 
small and moderate process mean shifts. The 
CUMulative Sum (CUSUM) developed by Page 
(1954) and the Exponentially Weighted Moving 
Average (EWMA) developed by Roberts (1959) take 
past observations into account were in an effort to 
detect the small process mean shifts. However, 
studies had shown that both methods were insensitive 
to detect the large process changes. Therefore, 
developing a monitoring method that is capable of 
detecting a wide range of process mean changes 
becomes a crucial issues in a real process. 
As the increasing growth of computer technology, it 
is accessible to collect data simultaneously from 
several variables. The most familiar multivariate 
process monitoring methods are the chi-square and 
Hotelling 2T  charts. In fact, both charts are an 
extension of univariate Shewhart-type control chart, 
so consequently, they are relatively insensitive to 
small and moderate process shifts. Healy (1987) 
proposed a Multivariate CUSUM (MCUSUM) 
control chart which was derived from a Sequential 
Probability Ration Test (SPRT). The MCUSUM is 
effective for detecting shifts along the pre-specific 
direction determined by the out-of-control mean 

vector. It means the MCUSUM can be ineffective if 
process mean shifts to an unanticipated direction. 
Lowery et al. (1992) presented a Multivariate EWMA 
(MEWMA) control chart that is invariant to the 
direction of the shift. Its performance was shown to 
be at least as good as MCUSUM (Wang and Reynold 
(2013)).  
To carefully choosing the tuning parameters for 
MEWMA and MCUSUM charts, a good performance 
of detecting small to moderate process shifts can be 
achieved. However, when the number of monitored 
variables (denoted as p) increases, the in-control 
average run length performance (i.e. false alarm rate) 
also increases, because the shift is diluted in the p-
dimensional space of the monitored variables 
(Montgomery (2005)).Thus, several latent structure 
methods were developed to dispose of this problem. 
The well-known method is Principal Component 
Analysis (PCA).  
PCA is a dimension reduction technique that reserves 
the major variability information in the original data 
set. Due to its simplicity and efficiency in processing 
huge amount of process data, PCA is acknowledged 
as a powerful data-driven fault detection tool and 
widely used in practice. The PCA based control 
charts can perform well under the assumption of 
independency between observations. But, 
autocorrelation nature is commonly encountered in a 
real process due to a continuously collected data. 
Therefore, Dynamic PCA (DPCA) developed by Ku 
et al. (1995) was in an effort to monitor the 
autocorrelated process. DPCA augments the original 
data matrix by inducing lagged variables to capture 
the autocorrelation nature. Although DPCA can 
successfully monitor an autocorrelated process, the 
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study had found the charting statistics still exist 
significant autocorrelation trait that means a violation 
of the assumption of DPCA implementation. Hence, 
Rato and Reis (2013a) proposed the DPCA with 
decorrelated residuals (DPCA-DR) method endeavors 
to time-decorrelate the charting statistics. Even 
though the DPCA-DR can perform well for 
autocorrelated processes monitoring, it is insensitive 
to detect the small and mediate process changes. 
 
II. REVIEW 
 
2.1 Static PCA monitoring method 
Consider a pn   data matrix X, for p process 
variables with n observations. Normalizing X to have 
zero mean and unit variance data matrix Z. 
Performing Singular Value Decomposition (SVD) on 
the covariance matrix 

1



n

ZZS , then each p-

dimensional vector z is transformed into a score 
vector zPy  , where P is the loading matrix, 
containing columnwise the vectors of S. Furthermore, 

),,,( 21 pdiag  Λ  contains the 
eigenvalues of S in a descending sequence.  
   By retaining the first k column of P and k largest 
eigenvalues of Λ , the retained scores can be 
expressed as zPy '

kk  . The available methods to 
select the number of retained components include 
Cumulative Percentage of Variance (CPV), cross-
validation and parallel analysis, each method can 
reference Valle et al. (1999), Krzanowski and Kline 
(1995), and Horn (1965), respectively.  
   The Hotelling’s 2T  and Q (i.e. also referred to 
Squared Prediction Error (SPE)) charting statistics are 
used to construct the PCA-based control charts. The 
Hotelling’s 2T  can be calculated 

zPΛPz kkkT  12  (1) 

The Q is defined as  
)zPP-(Iz kkQ   (2) 

The 100(1- )% control limit for 2T  is  

knkT F
knn

nkUCL 


 ,,

2

)(
)1(

2   
(3) 

And the 100(1- )% control limit for Q is  
1

2
1

002

1

2
02

1
)1(1

2 h

Q
hhhc

UCL 











 








 

 

(4
) 

where c  is the confidence interval that corresponds 
to the 1-  percentile of the normal distribution and 





m

kj
ji

1

2  with i=1, 2,3 and 
2
2

31
0 3

21



h .   

An alternative to determine the control limits for 2T  
and Q is empirical control limit. The empirical 
method is free from the distributional assumption, it 
secures the control limit after achieving the intended 
false alarm rate on normally operated data set.  
 
2.2 DPCA-DR monitoring method 
According to the research of Rato and Reis (2013a), 
they found that 2T  and Q  can still exhibit 
autocorrelation even though the lagged variables were 
taken into account. Thus, they developed the method 
of dynamic PCA with decorrelated residuals (DPCA-
DR) to time-decorrelate the monitoring statistics. The 
DPCA-DR is a combination of DPCA with a missing 
data estimation technique. In this approach, the 
DPCA was firstly performed to obtain scores, 

zPy '
kk  . An additional vector of the estimated 

scores kŷ  is computed by assuming that current 
observation vector is missing. This is a one-step-
ahead prediction of the scores based on the implicit 
AR model estimated by DPCA. Thus, the Hotelling’s  
is 2T  defined : 

)ˆ()ˆ( 12
kkkk yySyy  

prevprevT  (4) 

where prevS  is the sample covariance matrix of the 
difference between the observed and estimated 
scores. The Q is defined as: 

)ˆ()ˆ( 1
kkreskkprevQ yPzSyPz    (5) 

where resS  is the sample covariance matrix of the 
residuals in the reconstructed data, obtained with the 
estimated scores. The control limits for 2

prevT  and 

prevQ  can be determined empirically to obtain the 
desired false detection rates.  
 
III. RESEARCH METHOD 
 
In this section, the proposed DPCA-DR-GLR fault 
detection will be presented as shown in Figure 1. The 
proposed method constitutes two phases: off-line 
model training and on-line fault detection. Detail 
procedure is shown below: 
Phase I. Off-line model training 
Step 1. Acquiring a pn   data set X, for p process 
variables with n observations under a normally 
operated circumstance (i.e. without fault). 
Step 2. Utilizing KSV and KSVR criteria (Rato and 
Reis (2013b)) to determine the number of lagged 
variable for each original variable, denoted as
 plll ,,, 21  . After that, augmenting the original 

data set into a   1,,,max 21  plllp   
dimensional data matrix.  
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Step 3. Standardizing the augmented data matrix to 
have a zero mean and unit standard deviation, 
expressed as Z.  
Step 4. Calculating the covariance matrix on Z 
(denoted as S) and then using SVD on S to secure 
loading matrix P and eigenvalues Λ . Thus, the score 
vector can be obtained from zPy  . After that, the 
parallel analysis was used to select the number of 
principal components (k). The retained scores can be 
expressed as zPy '

kk  .  
Step 5. Estimating the scores by calculating 

  zΛPPΛP '
kk

'
k

1][ˆ 
 0Iky   

  where I is an kk   identity matrix an 0 is an 
)( kpk   zero matrix. Thus, The Hotelling’s 

2
prevT  can be calculated from Equation (5). 

Step 6. The implementation of GLR procedure 
generates three outputs: the estimation of change 
output at time t ( t̂ ), the estimation of the magnitude 

of the mean shift ( t,,1ˆ  ) and the charting statistic (

'
,tmR ) by following the procedure of 

1) Given a widow size m = 400, which was 
recommended by Reynolds and Lou (2010).  
 
2) Estimating the mean ( 0̂ ) and standard 

deviation ( 0̂ ) of 2
prevT .  

 
3) With m = 400, we need to calculate 400 values of 

 0,,1ˆ    ttt  at time t. It means 400 
possible values of   should be calculated. 
4) Choosing the maximum absolute values among 
aforementioned 400 values to determine the values of 

t̂ , t,,1ˆ   and '
,tmR . 

Step 7. According to the research of Reynolds and 
Lou (2010), there is a linear relationship between 

GLRh  and the log scale of false alarm rats. Thus, 

GLRh  can be formulated as  
)400|ln(12.187.0  mratealarmfalsehGLR   

       Therefore, the lower control limit for '
,tmR  is 

02 GLRh  and its upper control is 02 GLRh .  
 
Phase II. On-line fault detection 
Step 1. On-line acquiring a new data set. 
Step 2. Performing the standardization and 
augmenting procedures as the same from Phase I. 
Step 3. Estimating the scores newky ,ˆ  and calculating 

the Hotelling’s 2
,newprevT . 

Step 4. Determining the charting statistic 
 0,ˆ,1, ˆˆ    tntm tR  which is the 

maximum absolute values among 400 possible values 
of  . 
Step 5. If tmR ,  falls outside 

 00 2,2  GLRGLR hh , then an out-of-control 
will be triggered and the estimation of change output 

t̂  and the estimation of the magnitude of the mean 

shift t,,1ˆ   will be provided for practitioner to 
diagnose the process fault. 
 

R
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2
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Figure 1. DPCA-DR-GLR fault detection procedure 

 
IV. EXPERIMENTAL RESULTS 
 
In this section, a multivariate autocorrelated process 
suggested by Ku et al. (1995) will be given to 
implement the proposed method. A dynamic process 
can be expressed as 
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whereg is the output, r is the state and v denotes the 
input which is assumed to be normal distributed with 
zero mean and variance of 0.1. The input u is given 
by 
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The input h is assumed to be uniformly distributed 
with random vector over interval (-2,2). The five 
variables ),,,,( 21321 uuggg  are used to monitor 
the process.500 uncontaminated observations are 
simulated as the historical dataset. Twofaults were 
introduced into the process: 
 
Fault 1 (large shift): a step change of 1h  by 3 is 
introduced at observation 200 in 500 simulated runs 
Fault 2 (small shift): a step change of 2h  by 1.3 is 
introduced at observation 200 in 500 simulated runs 
All data were auto-scaled prior to analysis. The KSV 
(Key Singular Values) and KSVR (Ratio of 
Successive Key Singular Values) were used to select 
the number of lagsfor DPCA, DPCA-DR and DPCA-
DR-GLR implementations. Figure 2 indicated an 
optimum lagged structure reached at stage 4. The 
optimality of the lagged structure reached with an 
almost constant KSV on the following stages and a 
significant drop on the KSVR at that stage. The 
number of lags used in 21321 ,,,, uuggg  are 0,1,1,2,0, 
respectively. Therefore, the augmented matrix totally 
contains 9 variables. The parallel analysis is used to 
select the number of retained component for each 
method.The number of PCA-retained component is 2 
and 3 for DPCA, DPCA-DR and DPCA-DR-GLR. 
For a fair comparison, the false alarm rate of 0.27% is 
set to determine the control limits.  
 
Figures3show the monitoring results for large mean 
shift (Fault 1). Both PCA and DPCA fail to detect the 
fault in an autocorrelated process. As to DPCA that 
purposely developed to monitor autocorrelated 
processes, the autocorrelation function of 2T  was 
analyzed in Figure 4. It shows high autocorrelation 
still exists in the monitoring statistic, prompting the 
poor monitoring result. In contrary, both DPCA-DR 
and DPCA-DR-GLR can effectively detect larger 
shift in an autocorrelated process. Further analyzing 
the autocorrelation function of 2T  under DPCA-DR 
method in Figure 5. It shows the de-autocorrelation 
trait of the DPCA-DR monitoring statistic which 
leads to a good monitoring result. Also, DPCA-DR-
GLRcan immediately detect the process change at 
200th observation. Figure 6 plots the estimated 
process change point along with time. It shows the 
estimated change point is nearly converged at 200 
which means an accurate estimation of the time of the 
process change. This information can provide 
practitioner to diagnose the fault or exactly track the 
faulty product batch.  
 
Figures 7 show the monitoring results for small mean 
shift (Fault 2). Apparently, only the DPCA-DR-GLR 
can detect Fault 2. Fault 2 was detected at nearly 

230th observation. Therefore, it indicates even though 
the DPCA-DR can effectively monitor the 
autocorrelated process, it limits to the large process 
change detection. Conversely, the proposed method 
can detect a wide range of process change magnitude 
in an autocorrelated process. This property can be 
beneficial for some processes which coexist small 
and large changes. 

 
Figure 2. Selection of the number of lags for DPCA 

 
Figure3.Monitoring result for fault 1 (large shift) 

Figure4.Autocorrelation function for monitored 2T  under 
DPCA 
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Figure 5.Autocorrelation function for monitored 2T  under 

DPCA-DR 
 

 
Figure 6.The plot of the estimated change point 

 

 
Figure7.Monitoring result for fault 2 (small shift) 

V. DISCUSSION AND CONCLUSIONS 
 
This study proposed a DPCA-DR-GLR method for 
autocorrelated multivariate process fault detection. 
By implementing three examples, the results showed 
the proposed method is capable of detecting a wide 
range of process shifts which is commonly 
encountered in a real process. Moreover, the 
proposed method provided the estimation of the 
process change point which will help a practitioner 
diagnoses the process fault. Finally, unlike 
conventional PCA relevant monitoring methods that 
need to simultaneously plot 2T  and Q charts to 
monitor the process, it only requires GLR chart to be 
drawn. Hence, it is more convenient for a practitioner 
to monitor the process by using only one chart. The 
future work can extend the work to a non-Gaussian 
multivariate process fault detection. 
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