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Abstract. Partial least squares (PLS) is a widely used and effective method in the
field of fault detection. However, due to the fact that the standard PLS decomposes
the process variable space into two subspaces which are not completely orthog-
onal, it is insufficient in quality-related fault detection. To solve this problem,
principal component regression (PCR) is used to decompose the quality variables
of PLS model and realize the reconstruction of the process variable space. In
this way, the process variable space is decomposed into highly correlated and
highly irrelevant parts of quality variables, and the two are monitored by design-
ing statistics respectively. Furthermore, an adaptive threshold based on the idea of
exponential weighted moving average (EWMA) is introduced to reduce the false
positives and missed positives caused by the traditional fixed threshold, and this
method is named as improved regression partial least squares (RPLS). Finally, lin-
ear and nonlinear numerical examples and Tennessee Eastman (TE) processes are
used to verify the effectiveness of the proposed method which named improved
regression partial least squares (IRPLS). Finally, linear and nonlinear numerical
cases and Tennessee Eastman (TE) processes are used to verify the effectiveness
of IRPLS. The results show that the proposed method can effectively improve the
fault detection rate and algorithm follow-through performance, and reduce false
positives.

Keywords: PLS - PCR - EWMA - IRPLS - TE

1 Introduction

With the integration and complexity of modern industrial system, security problems
become more and more important. The fault detection method based on analytical model
has made outstanding contributions to ensure the normal operation of the system and
the safety of people’s life and property in the past decades. At the same time, modern
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industrial system is equipped with a large number of sensors, the collection of data
and work log is more convenient and efficient. Data driven fault detection technology
[1-5] can excavate and utilize the characteristics of these data to analyze and monitor
the running state of the system, has received extensive attention. On the other hand,
identifying whether process faults are related to product quality can improve product
quality and extend the operating life of equipment by reducing unnecessary downtime
and maintenance. PLS [6, 7] is a typical representative of multivariate statistical analysis,
which is easy to operate and can efficiently process massive industrial data. It is a widely
spread data-driven quality related fault detection technology.

The PLS seeks the maximum correlation between process variables and quality
variables by sorting the maximum covariance between input and output matrices, and
decompose the process variable space into subspaces related to quality and unrelated to
quality, so as to achieve the monitoring purpose of quality-related faults. This also leads
to the existence of quality-unrelated parts in the quality-related principal component
space (PCS), which affects the accuracy of detection. At the same time, it is possible to
leave the mass related part in the residual space (CS), which has a large variance and
cannot be detected by SPE statistics [8]. According to the results, what PLS provides
is not fully applicable to the actual industrial system. In order to solve such problems,
Zhou et al. [9] proposed a post-processing method based on PLS for the first time. This
method named total projection to latent structures (TPLS) further decomposes PCS and
CS into four Spaces, which more clearly describes the relationship between each space
and quality. By further orthogonal decomposition of coefficient matrices between input
and output, Yin et al. [10] decompose the process variable space into quality-related and
quality- unrelated parts, which are named MPLS. It has been verified that the strategy
of this method is simpler and equally effective. Peng [11] and Zhang et al. [12] extend
the previous work to apply to nonlinear systems. This kind of method develops rapidly
in theory [13] and has been applied in many practical projects [14].

Although these methods have made outstanding contributions to the field of fault
detection, there are still many problems worth studying. For example, the ability of some
algorithms [15] to detect small faults needs to be improved. In addition, data-driven
fault detection techniques often set thresholds [16] based on the method of fixed control
limits. To some extent, this method of balancing the relationship between false alarm
rate and missed alarm rate will also result in some false alarm and missed alarm. In this
paper, a new quality-related fault detection method is proposed to improve the defects
of the standard PLS method proposed in the previous paper. The quality variables are
decomposed by PCR [17] technology and the relationship between the score matrix and
the input matrix is established. By this means, the process variable space is reconstructed
to monitor the quality-related and quality-unrelated parts respectively. Furthermore, an
idea based on EWMA [18, 19] is introduced to set adaptive threshold, which can ensure
the accuracy and integrity of the model by reducing the influence of noise damage
data. In this way, the dynamic value with a certain range can be obtained to balance
the deviation in the operation of the system more reasonably, which helps to make
meaningful decisions. Finally, classical cases are used to verify the effectiveness of
the proposed algorithm. The experimental results indicate that the proposed algorithm
outperforms the compared algorithms in several aspects such as fault detection rate
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(FDR), fault alarm rate (FAR), accuracy for minor faults and tracking performance for
specific faults. In summary, the main contributions are outlined as follows.

1) A new spatial decomposition method is proposed, which theoretically solves the
problem of incomplete feature space decomposition of the traditional PLS.

2) In order to circumvent the influence of previous samples, this paper introduces more
flexible adaptive thresholds in both feature subspaces, which enhances the algorithm’s
ability to detect some specific faults and is more in line with practical engineering
situations.

3) Experiments have been carried out in linear and non-linear numerical cases as well
as in the classical TE process and the results show the superior detection results and
the high potential of the proposed method for engineering applications.

The structure of this paper is as follows. The Sect. 2 introduces the related work and
its disadvantages; The Sect. 3 gives the detailed content of the proposed algorithm. In the
Sect. 4, two numerical cases and TE processes are introduced to verify the effectiveness
of the algorithm. Finally, in Sect. 5, the work of this paper is summarized and prospected.

2 The Preparatory Work

A. Traditional Partial Least Squares (PLS)
Data are collected through the actual industrial system to form the input data set
U e RV*™ and output data set ¥ € RV*S, where N, m and s respectively represent
the number of samples, process variables and quality.

By using NIPLS, (U, Y) can be projected into a low-dimensional latent variable
space T = [t1, 2, ..., ta], A represents the number of latent variables, usually obtained
by cross-validation, etc. After standardization and normalization, U and Y can be
decomposed into the following forms by PLS:

U=TPT+E=0+10T
. . (1)
Y=TOT+F=Y+Y

where T is called the score matrix, P € R™*4 and Qe RS*A denote the load matrix of
U and Y respectively, E and F represent the residuals of U and Y, respectively.
In this model, there is the following relationship:

PRT =RTP =1I444 )

T = UR €)
Then the relationship between U and Y can be revealed by the coefficient matrix A:
Yy =T0" = URQT = UA 4)

PLS decomposes a new online sample « into the following

u=1i-+e 5)
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i=PRu (6)
e=(I—-PR u (7)
tws = RTu (3

where t,,; represents the score vector for the new sample.
T2, SPE statistics and their corresponding thresholds are widely used in this category
of process monitoring algorithm. The calculation method is as follows

AN? -1

2 T A—1
T = tnSA Ihs ™~ Jth’TZ(m

Fy(A,N — A)) )

SPE = lle|* ~ Ju,spe(gX_ ;) (10)

where A = ﬁTTT, Fy(A, N — A) denotes the F distribution follow the significance

level &, and its degree of freedomissetasAand N —A. g Xi i denotes the x 2 distribution,

which obeys h = 2u? /Ss freedom of degree, g = S/2u. u and Ss are the sample mean
and variance of SPE.

During this process, when T exceeds the threshold, a quality-related fault is con-
sidered to occur. When only the SPE statistic exceeds its threshold, a quality-unrelated
fault is considered to occur.

The purpose of PLS is to decompose processssss variables into two completely
orthogonal parts: quality-related and quality-unrelated.However, as can be seen from
Formulas (6 and 7), it is obvious that & and e are not orthogonal to each other, which
leads to the existence of parts irrelevant to KPIs in # and changes highly correlated to
quality variables in e. Therefore, PLS model is not fully applicable to quality -related
fault detection.

B. Improved principal component regression (IPCR)
PCA is a widely used method in the field of fault detection because of its ability to
project high-dimensional data into low-dimensional latent variable space. But it is
not suitable for practical industrial process because it is unable to identify whether the
fault is related to quality. To solve this problem, a series of modified algorithms based
on PCA are proposed. This part briefly introduces one of the improved algorithms
called IPCR [15].

Execute the basic steps of PCA on U

1. Eigenvalues p and eigenvectors ¢ are obtained by performing eigenvalue decom-

position on %, and they are collected to form matrices P = [p;...p,] and
C =diag{cy, c2, ..., ¢y} respectively.

2. The eigenvectors in P corresponding to the first A maximum eigenvalues of C are
extracted to establish the load matrix P = [py, ..., pal.

3. Then T = UP
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4. U is decomposed as follows
U=U+0=T1P" +T

where T is the score matrix and U represents the residual.

Considering that PCA is unable to identify whether the fault is related to quality,
partial least squares regression is used to establish the relationship between 7 and Y.
And in this way, the method, called IPCR, is used to detect quality-related failures.

ol =a™n'1Ty (11)

Y =107 =uPQ" =UY (12)

At this point, the relationship between U and Y is established, and Y is the coefficient
matrix.

PCR algorithm has a similar problem to PLS: it contains parts unrelated to quality
in the principal component space, and changes related to quality exist in the residual
space. In order to solve this problem, SVD is applied to further decompose the matrix

YT,
= [ Ay 0][ Wl
YY! = Wy P T 1
[ T T][o 0][%] (13)
O = Wy Wl e R (14)
O = Uy ¥l ¢ Rmm (15)

where Wy € R™S Uy € R™m=9) gnd Ay € RS, Oy and @JY: are projection
matrices that are orthogonal to each other. U is projected onto these two matrices and is
represented as:

U =U®Oy = TpV% € S = span{T} (16)

U=U0x=Ty¥Ll e Sy = span{Y}* (17)

where Tg = UW € RV*S and Ty = UW € RVX("=9) represent the score matrix of
quality-related part U and quality-unrelated part U respectively.

During the online detection process, an online sample u is available. According to
the description above, the statistics are as follows:

tg = Wix e RV*™ (18)
ty = Uy e RM>G—m (19)

erx, =x! Wy \Iler Wy \I’WTrx = t,Tt, (20)
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xlfxu =xT\IIT\IHTr\I/y‘iJ§x = tMTtu 21

Therefore, the T2 statistic for the quality-related part and the quality-unrelated part:

T

T Tx

T2 = th (R—=)~1 22

R R(N_l) R (22)
TITy

T? =0 (=L—=)~1; 23

U U(N_l) U (23)

According to the significance level «, the thresholds are as follows:

N%Z—1
th,T,% = %Fa(m,N —m) (24)
_ N2 -1
Tty = %F“(s‘m”v—sm) (25)

According to fault detection logic:

T2 > T2 = A quality-related fault has occurred

T? > Tty = A quality -unrelated fault has occurred

3 The Proposed Method

A. Regression Partial Least Squares (RPLS)
To solve the problem of PLS oblique decomposition of process space, a new fault
detection method named Regression partial least squares (RPLS) was proposed in
this part.

Traditional PLS algorithm decomposed the process variable space U into the
following form.

U=TPT+E=0U+0T

Y=T0T +F=Y+Y (26)
T = UR
T is reproject to T, Ty
T,=YQ, =T0"TQ, =M (27)

where M is the projection matrix of 7. Then, least square regression is carried out between
Ty and U to get Wy,

\I]yT = (TyY;pls T,WPIS)i1 T)?;pls 0 (28)
Reference formula (29)

U,V = Tyrpls\y; = erIS(T)?;plsTerIS)ilTyTrplsTPT (29)
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U,=U-U, (30)

where U, and U, are the parts that are highly correlated and independent of Y,
respectively. The process variable space U is reconstructed during the above procedure.

The T2 statistic is used to monitor both parts. PCA is performed on KPI-unrelated
part U, to obtain its score matrix 7}, and the loading matrix P,,.

Lemma 1. After the decomposition of RPLS, U, is completely unrelated to Y.

Proof
According to formula (31):
U,=U-— Uy= - yrpls(T yrpls )rpls) Tyrpls)U (31)
Then
T
T)rp[s (T yrpls — Tyrpls erlS(T yrpls )’VPZS) }”PIS)U 0 (32)

Ty,pis is the score matrix obtained by PCA decomposition of Y, so
P = Typn0! =0 (33)
f/Uu = TyrplsQ; Uy=0 (34

It can be inferred that U,, is not related to ¥, the proof is complete.
For online processes, a new online sample uy,,, is available. Its score f,,,, can be
given by

thew = UL, P (35)
Therefore, the score of the online sample can be calculated by the following formula
tynew = 10,07 Oy = ul, PM (36)

Thus, the score of quality-unrelated part can be expressed as formula (37)

T T \IJT)P”:( T

Lunew = Wynew! = (unew - yncw y Upew —

uh, PM TP, (37)

Considering the large variances of the two parts, quality-related and quality-unrelated
T? statistic was selected for monitoring:

Ty,
Ty = twew(N — 1) tynew (38)
TI'T,
2 -1
T = tunew(Nu_ ul ) tunew (39)

B. An adaptive threshold based on Exponentially Weighted Moving Average
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Generally speaking, the fault detection methods based on multivariate statistics adopt
the method of fixed control limit to set the threshold «. The control limit is generally
determined by the confidence level. This method balances the relationship between
false alarm rate and false alarm to a certain extent. According to the algorithm model,
the T2 statistic T2 = [f1, t..., #;] is obtained. When the statistic exceeds the threshold,
the faultis considered to occur, thatis, #; > J;;,. However, this method leads to a certain
degree of false positives and missing positives, and is not sensitive to some specific
types of faults.

In order to solve this problem, the exponential weighted moving average (EWMA)
method is applied to improve the threshold. The core idea of the improved method is a
moving average weighted by exponential decline, and the weight of each value decreases
exponentially with time. The closer the data is to the current moment, the greater the
weight. Based on this idea, the adaptive threshold at time i is:

hoo
2 Mtiopy 5 N
Jj=1 Mi—py1 + Atipo + o+ A
h="" = : (40)
S W
j=1 j=1

However, as this is a reverse summation method, the detection time for the handoff
between normal data and abnormal data will be prolonged due to its hysteresis. To solve
this problem, a new method, such as Eq. (41), is proposed.

Ao b=l
i 2N = 2 Mtipy))
=
G = = 1)

This method combines two parts. The first part is the change of the traditional fixed
threshold upper limit under a certain confidence level. The second part also considers
the deviation of the previous non alarm samples, which is more suitable for setting the
appropriate adaptive threshold according to the real-time samples. However, due to the
cumulative effect of previous error samples, the adaptive threshold may be lower than
the conventional level, which affects the normal detection effect. Therefore, a certain
lower limit [20] can be set by Eq. (42) to improve this problem.

Ao bl
U 2N = 3 Wtipt))

o == i ”

thirpls = Max W , 7 (42)

In this article, a fault is considered to have occurred when a statistic exceeds a
threshold. In the above formula, the selection of weighting factor should be able to
ensure that the most recent statistics are close to the healthy sample. The closer the
weighting factor is to 1, the more false alarm can be reduced. However, problems similar
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to Formula (41) will also occur, leading to a high detection time delay, which is not
suitable for intermittent fault detection. If the weight factor is too high, it will lead to too
much correlation with the recent data. Although the detection time can be reduced, the
ability of the algorithm itself to eliminate the cumulative effect will be reduced, and the
detection rate will be indirectly reduced. The window length h represents the number
of samples to be considered for setting the adaptive threshold. First of all, sufficient
numbers are needed to ensure the credibility of the adaptive threshold. On the other
hand, an excessively large h will cause the weight factor of the sample farthest from the
current moment to be too small and ignored compared with the weight of the sample
at the recent moment, losing the significance of adding this part of the sample to the
formula.

In this part, the adaptive threshold is applied to PLS and IPCR algorithm instead of
the original fixed threshold. The thresholds of PLS in Egs. 9 and 10 are replaced by the
following:

h o h=1 |
Umr2 2N = 22 Wlinyj)
Jj=1 Jj=1 th, T2
Jthpls = max Y T (43)
B k=1
Jim,spE 2o ¥ — D0 Mtipyj) ;
Jj=1 Jj=1 th,SPE
Jthpls = max Y s B (44)
The thresholds of PLS in Eqgs. 24, 25 and 26 are replaced by the following:
ho h=1
Uz 22 ¥ = 22 Wiiopyg)
TR =1 =1 Jin12
Jihiper = Max = = - (45)
thipcr )»h ) )
B k=1
Utz 22N — 2 Mtiony))
| =1 Jin.12
Jihiner = Max = = U (46)
thipcr A ’ )

In the TE [21] process, the feed temperature of reactant C is changed to simulate a
quality-related fault condition to verify the effectiveness of the adaptive threshold.

Figure 1 and Fig. 2 show the fault detection results of PLS and IPCR using traditional
fixed threshold and adaptive threshold respectively. The solid black line represents the
traditional fixed threshold, while the solid red line represents the adaptive threshold. It
is clear that the red line in Fig. 1 is lower than the black line in most cases in both the
quality-related subspace and the quality-unrelated subspace, which means that the PLS
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Fig. 1. Fault detection chart of modified PLS
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Fig. 2. Fault detection chart of modified IPCR

using the adaptive threshold can provide more alarm than the PLS using the traditional
fixed threshold. In Fig. 2, IPCR using the adaptive threshold provides more alerts in

the

quality-unrelated subspace than the method using the fixed threshold. In the quality-

related subspace, the statistics of the part where the red line is higher than the black line

fail
by

to exceed the threshold, indicating that this part of the fault has not been detected
IPCR and does not affect the validity of the verification of the adaptive threshold.

Through this part of work, the validity of the adaptive threshold is verified.

C.

IRPLS algorithm flow
The specific process based on IRPLS algorithm is as follows. Steps 1 to 6 are offline
training, and steps 7 to 10 are online monitoring:

Offline Model Training:

Step 1: Normalize the input matrices X and output matrices Y.

Step 2: Establish PLS model by using input/output matrix.

Step 3: Perform PCA on the quality variables Y of the PLS model to get the score
matrix Tyrpls.

Step 4: The load matrix W, is obtained by performing least square regression on X
and Typls.

Step 5: Calculate the quality-related Uy and quality-unrelated parts U, according to
Egs. (29) and (30).

Step 6: Perform PCA on the quality- unrelated part U, to get the corresponding score
T, and load matrix P,,.

On-line Monitoring:
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Step 7: For an online sample u, score tye,, and #,pe, of quality-related and quality-
unrelated parts were calculated by using Eqgs. (34-36).

Step 8: Calculate the statistics Ty2 and TL% of the two subspaces according to the
formulas (38-39).

Step 9: According to formula (42), the adaptive threshold is set in the following form

h . h—1
U 2N = Ntipy)) J
j=1 j=1 th, T}
Jthirpls = max Y "o 47)
ho hel
i oM = Mtimpgy)
Jj=1 Jj=1 th,T?
Jthirplsun = max Y T (48)

Step 10: According to the fault detection logic to monitor the fault and determine
whether the fault is related to quality.

Tf > Jiirpls = A quality-related fault was detected in quality-related subspace

Tf > Jinirplsun = A quality-unrelated fault detected in quality-unrelated subspace
Tf < Jihirpls and Tu2 < Jthirpisun = No fault detected

In order to clarify the algorithm steps, the process of IRPLS algorithm is presented
here, as shown in Fig. 3.

Scores t, and = were
calculated from online samples

Normalized input output PLS model was established by
matrix Equation (25)

!

Calculate statistics T; and T;

The load matrix ¥, is
calculated by formula (27)

Perform PCA on Y to get the

!

The space is divided by
Equations (28) and (29)

score matrix T,

Perform PCA on the mass

Quality-
1{ >J . = related fault
y thirgls

occurs

€

for the two Spaces according
to the score

» independent parts to calculate
L and B

Fault

The adaptive threshold is set
according to Equation (41)

detection
logic

R Quality-
T">J, , = unelaed
: . fault occurs

Fig. 3. Algorithm flow chart
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4 Numerical Case Simulation

In this module, alinear numerical case and a nonlinear numerical case are used to simulate
and compare the three algorithms of PLS, IPCR and IRPLS to reflect the effectiveness
of the algorithm. FDR is introduced as a performance index to evaluate the algorithm.
M,
FDR=— (49)
N
where MV is the total number of samples, and N; is the number of effective alarms.

An excellent algorithm that can be applied in industrial practice should be equipped
with the following capabilities:

a) For quality-related faults: There are as many alerts as possible in the quality- related
subspace and quality- unrelated subspace;

b) For quality-unrelated faults: There are as few or no alerts as possible in the quality-
related subspace, and as many alerts as possible in the quality- unrelated subspace.

A. Linear numerical case
In order to verify the effectiveness of the method proposed in this paper, a widely
circulated linear numerical case [9] is used here to simulate and verify PLS, IPCR
and IRPLS. The case model description is shown in Eq. (50).

u =Bz +e
1 Hl 1 (50)
Y= &u; +v;
1344070
B=|30141 e,eRS up = w1 w3 u1,4u1,5]T
11300

E=1[22110] wu =N(0,0.012)

inwhichz; € R?, z; ~ U([0, 1)(i = 1,2,3),¢;; ~ N(0,0.05%)( = 1,2,3,4,5).
In this case, the fault is introduced into the sample in the following form:

w = uf + Of

u; is the failure-free value,® and f represent the direction and magnitude of fault,
respectively.

In this part, 400 normal samples were used to model the PLS, IPCR and IRPLS
algorithms, and another 400 samples were introduced to test the model performance
A =1.06, h = 50. The fault is introduced in the last 200 samples, and the fault scenario
is as follows:

Failure Scenario 1: The fault direction is set to ® = [0000 1]

yi =B +Of) = Euj + EOf = Buj

Itis clear thaty is not affected by f, so this kind of failure scenario is quality-unrelated.
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Fig. 4. PLS detection diagram for Failure Scenario 1 when f = 4
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Fig. 5. IPCR detection diagram for Failure Scenario 1 when f = 4
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Fig. 6. IRPLS detection diagram for Failure Scenario 1 when f = 4

Figures 4, 5 and 6 are the detection diagrams of PLS, IPCR and IRPLS for fault
scenario 1 when the fault intensity is 4, respectively. In Figs. 4, 5, PLS misjudged this
quality-unrelated as a quality-related fault, while IPCR failed to detect such a fault
scenario in quality-unrelated subspace. In Fig. 6, the solid black line represents RPLS
algorithms using traditional thresholds, and the solid red lines represent IRPLS algo-
rithms using adaptive thresholds. It can be seen that the red line in the quality-unrelated
subspace is lower than the black line, indicating that for quality-unrelated faults, IRPLS
algorithm can provide a higher fault detection rate than RPLS algorithm. So it is obvious
that the adaptive threshold is valid in RPLS and IRPLS is more consistent with the fault
detection logic than the other three algorithms.

Table 1 shows the FDRs of the three methods for the fault scenario 1 under different
fault intensities. It can be seen that PLS has a good detection effect on quality-unrelated
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faults in the residual subspace, but it also generates a large number of alerts in the
principal component space, which is not consistent with the actual situation. In general,
when the fault magnitude is intense, both IPCR and IRPLS can give as few alarms
as possible in the quality-related space and as many alarms in the quality-unrelated
subspace, which is in line with the fault detection logic. However, it is worth noting that
when the fault intensity is low, IPCR has a small number of false alarms in the quality-
related subspace, and it also provides insufficient alarm rate in the quality-unrelated
subspace. However, IRPLS does not have false positives in the quality-related subspace.
When the fault level is at a low level, the alarm rate of IRPLS in the quality-unrelated
subspace is more than 80%, and quickly reaches 100% with the increase of fault intensity.
Therefore, the detection ability of IRPLS for linear quality-unrelated faults is higher than
PLS and IPCR.

Table 1. FDRs of fault scenario 1 under different fault intensities

Fault magnitude PLS IPCR IRPLS
T2 SPE T3 T? T} T2
2 0.285 0.45 0.005 0 0 0.88
4 1 0.89 0.01 0.265 0 0.99
6 1 1 0.005 0.97 0 1
8 1 1 0 1 0 1
10 1 1 0 1 0 1

Failure Scenario 2: The fault direction is set to ® = [22110]
yi =B + Of) = Buj + EOf # Bu;,Vf #0

It can be seen that y is affected by f and its fault level in this kind of fault, so this
kind of failure scenario is identified as quality-related fault.

. . . 0 AT NLYT Lt S " g
0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400
Samples Samples

Fig. 7. PLS detection diagram for Failure Scenario 2 when f = 6



An Improved Regression Partial Least Squares Method 95

- - - 0
0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400
Samples Samples

Fig. 8. IPCR detection diagram for Failure Scenario 2 when f = 6
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Fig. 9. IRPLS detection diagram for Failure Scenario 2 when f = 6

Figure 7, 8 and 9 are the detection diagrams of PLS, IPCR and IRPLS for fault
scenario 2 when the fault intensity is 6, respectively. It can be seen that the alarm of
IRPLS in quality-related subspace exceeds that of PLS and IPCR, which is more in line
with the actual situation. In addition, the red line in Fig. 9 is lower than the black line,
so the alarm rate of IRPLS is also higher than that of RPLS.

Table 2. FDRs of fault scenario 2 under different fault intensities

Fault magnitude PLS IPCR IRPLS
T2 SPE T3 T} T} T2

2 0 0.56 0.055 0 0 0

4 0.17 0.805 0.23 0 0.055 0

6 0.815 0.585 0.73 0 0.865 0.935

8 1 1 0.885 0 0.985 0.975
10 1 1 1 0 0.995 1
20 1 1 1 0 1 1

Table 2 shows the detection rates of quality-related faults by PLS, IPCR and IRPLS
methods under different fault intensities. It can be seen that when the fault is at a lower
level, the detection capabilities of PLS, IPCR and IRPLS all need to be improved.
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With the gradual increase of fault intensity, the performance differences of these three
fault detection methods appear. When the fault intensity rises to 6, the detection ability
of IRPLS begins to exceed that of PLS and IPCR. It can be concluded that IRPLS
outperforms PLS and IPCR in terms of linear quality related fault detection.

B. Nonlinear numerical case
In this section, a nonlinear numerical case [11] is introduced to verify the performance
of the three algorithms in the nonlinear system. The specific model is described as

follows:
uy ~ N(1,0.01%), u; ~ N(1,0.01%) (51)
u3 = sin(uy) + d; (52)
uy = u3 —3u; +4+ds (53)
Us = u% + cos(u%) +14+dyy= u% + uzug +uy + o 54

where d; ~ N (0,0.001%)(j = 1,2, 3), 0 ~ N (0, 0.005%).

It can be seen that variables 1, 3 and 4 are directly or indirectly related to quality
indicator y, and faults occurring in them are considered as quality-related faults. Variables
2 and 5 are not related to y, so the failures occurring in them are considered to be
quality-unrelated.

In this experiment, 960 normal data were selected to establish PLS, IPCR and IRPLS
models, and 960 test data were used to verify the model performance of these methods.
Window length & = 100, weighting factor A = 1.06. The fault is introduced in the
481st sample. The fault is set as the following four forms, and the fault level is f = 0.1,
f =0.001,f =1andf = 0.01 respectively.

Failure Scenario l:up = uj + f
Failure Scenario 2: uy = u3 + (i — 480)f
Failure Scenario 3: u; = uf +f
Failure Scenario 4: u; = uj + (i — 480)f

Fig. 10. Quality monitoring diagram for Failure Scenario 1 when f = 1



are

a3
a2

4

a9
a8
a7
a6
5.5

3.4

33
)

An Improved Regression Partial Least Squares Method

97

) 100 200 300 400 500 600 700 800 900

Fig. 11. Quality monitoring diagram for Failure Scenario 2 when f = 10

1000

Figure 10 and Fig. 11 are the quality monitoring charts for quality-unrelated failure
scenarios 1 and 2 at different levels. It can be seen that when these two faults occur and
the grade changes, the quality does not change, so it can be inferred that these two faults

quality-independent faults.

L L L L L L L L L
) 100 200 300 a00 500 600 700 800 900

Fig. 12. Quality monitoring diagram for Failure Scenario 3 when f = 1
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100 200 300 400 500 600 700 800 900

Fig. 13. Quality monitoring diagram for Failure Scenario 4 when f = 1
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Figures 12, 13 are the quality monitoring charts for quality-related failure scenarios
3 and 4 at different intensities. As you can see, the quality changes rapidly after these
two types of faults occur, so fault scenarios 3 and 4 bit quality-related failures.

According to the above analysis, the failure scenarios 1 and 2 are quality-unrelated
faults, while the fault scenarios 3 and 4 are quality-related faults. The four fault levels are
set as tiny levels to verify the ability of the algorithm to detect minor faults in nonlinear
systems.

Samples Samples

Fig. 14. PLS detection diagram for Failure Scenario 1 when f = 1

600

0 200 400 600 800 1000
Samples Samples

Fig. 15. IPCR detection diagram for Failure Scenario 1 when f = 1

IRPLS(quality-related part) IRPLS(quality-unrelated part)

150

600

100 400

0 200 400 600 800 1000 0 200 400 600 800 1000
Samples Samples

Fig. 16. IRPLS detection diagram for Failure Scenario 1 when f = 1

Figures 14, 15 and 16 are the detection diagrams of PLS, [PCR and IRPLS for fault
scenario 1 when the fault intensity is 1, respectively. As can been seen, all three methods
are completely alert in the quality-unrelated subspace. However, PLS misjudged this
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kind of fault as a quality-related fault by a large number of alarms in the quality-related

subspace, which was not in line with the actual situation. While IPCR had a small number
of false positives and IRPLS had no false positives.

Table 3. FDRs of different fault scenarios under different fault intensities

Fault Scenario | Type |magnitude | PLS IPCR IRPLS
72 SPE | T} T? T? T?
1 Step 0.1 1 0 0.0083 |1 0 1
2 ramp |0.001 09125 |0.65 |0.0104 [0.9063 |0 0.9146
3 Step |1 1 1 1 1 1 1
4 ramp |0.01 0.9875 0.973 | 0.9700 | 0.9700 |0.9875 |0.9813

Table 3 shows the fault detection rates of PLS, IPCR and IRPLS for four fault scenar-
ios under different fault intensities. Obviously, for the quality-unrelated fault scenario 1
and scenario 2, the false positive rate of IRPLS algorithm in the KPI-related subspace
is 0, and both PLS and IPCR have different degrees of false positive. The alarm rate
of IRPLS in the quality-related subspace is also higher than that of PLS and IPCR.
For quality-related fault scenarios 3 and 4, IRPLS still has the highest alarm rate in the
quality-related subspace. In summary, IRPLS has the most superior detection results for
non-linear and minor faults.

C. Tennessee process simulation
The TE model is set up by the Eastman Chemical Company, which are widely used
to validate the property of process monitoring methods [22], the specific reaction
process is as shown in Fig. 17.

The process is composed of reactor, condenser, compressor, separator and stripper.
In this process, four gas components A, C, D, E and an inert component B participate
in the reaction to generate two liquid main products G and H and a liquid by-product F.
The reaction is closed-loop and irreversible, and the reaction process can be expressed
as follows

A+ C+D(E)— G (H)
A+E—>F (55)
3D — 2F

The whole process is divided into two parts. The first part consists of 41 measure-
ment variable modules, which are further divided into 22 continuous process variables
(XMEAS (1-22)) and 19 analytical variables (XMEAS(23—41)), and the second part
consists of 12 operational variable modules (XMV(1-12)).In general, 11 operational
variables and 22 continuous process variables are selected to construct the input matrix.
The module representing the final product G or H can be used as the quality variable,
and the sampling interval is 3 min.
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Fig. 17. TE Process Flowchart

21 faults were set in the TE process, including 15 known faults and 6 unknown faults
[9]. The data set including a total of 22 training sets and the same number of test sets
corresponding to the corresponding fault and one fault-free case under normal working
conditions, which were collected within 48 h of operation time, and were widely used
in the field of process monitoring [23]. In order to verify 15 kinds of known faults, this
paper selects data sets corresponding to faults and data sets under fault-free conditions
for simulation verification. The number of samples in the training set and the number
of samples in the test set are 480 and 960 respectively, and the number of modeling
training collected under normal working conditions is 500.In this paper, the failure was
introduced after the 160th sample.

Figure 18 shows the detection rate of IRPLS algorithm for different quality-related
faults with different weighting factors. It can be seen that when the weighting factor
is 1.06, the fault detection rate is generally the highest, so in the TE model: A = 1.06,
h = 100.

According to prior knowledge, 15 known fault types are divided into quality-related
fault (IDV(1), IDV(2), IDV(6), IDV(8), IDV(10), IDV(12), IDV(13)) and quality-
unrelated fault (IDV(3), IDV(4), IDV(9), IDV(11), IDV(14), IDV(15)). As shown in
Fig. 19, after the occurrence of fault IDV (14), the trend of quality variable is similar
to that under normal working conditions without significant changes, which also proves
that IDV(14) is quality-unrelated fault. Figures 20, 21 and 22 are the detection diagrams
of PLS, IPCR and IRPLS for quality-unrelated faults IDV(14) respectively. It is obvious
that both PLS and IPCR have varying degrees of alarm in the quality-related subspace,
which does not help us identify the correct type of fault. However, in Fig. 22, IRPLS
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Fig. 18. FDRs of IRPLS under different weighting factors
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Fig. 19. Changes of molar ratio under different working conditions
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Fig. 20. PLS detection diagram for IDV(14)

only alerts in quality-related subspace and does not alarm in quality-unrelated subspace,
indicating that IDV (14) is quality-unrelated fault.
FAR is introduced to evaluate the performance of the algorithm together with FDR:

Ny
FAR=— (56)
N,

t

where MV is the total number of samples, and Ny, is the number of false alarms.
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Fig. 21. IPCR detection diagram for IDV(14)
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Fig. 22. IRPLS detection diagram for IDV(14)

Table 4 and Table 5 show the FDRs of quality-related faults and the FARs of quality-
unrelated faults by the three methods respectively. As can be seen in Table 4, the detection
ability of IPCR for fault 8 and fault 10 is slightly insufficient, while IRPLS and PLS have
no obvious short board, which can provide a lot of alarms for all quality-related faults
detected. Table 5 illustrates that IRPLS has the lowest far and the KPI-unrelated fault
detection performance is the best. And for some faults such as IDV (3), IDV (14),IRPLS
can achieve zero false alarm. In addition, it is worth mentioning that the high FAR of
PLS for quality-unrelated faults means that it will misjudge quality-related faults as
quality-related faults, which reduces the credibility of PLS for FDR of quality-related
faults. It can be concluded that IRPLS has the highest FDR for quality-related faults and
the lowest FAR for quality-unrelated faults.

Table 4. FDRs of quality-related faults

Fault ID Fault Description Fault detection rate
PLS IPCR IRPLS
1 A/C Feed Ratio, B Composition constant 0.9988 0.9063 0.9138
B composition A/C Ration Constant 0.9863 0.8838 0.8988
A Feed Loss Step 1 0.9913 0.9813

(continued)
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Table 4. (continued)

Fault ID Fault Description Fault detection rate
PLS IPCR IRPLS
8 A, B, C Feed composition 0.985 0.6788 0.7925
10 C Feed temperature 0.8913 0.46 0.7850
12 condenser cooling water inlet temperature 0.9950 0.8413 0.8525
13 Reaction kinetics 0.9538 0.9038 0.8925

Table 5. FARSs of quality-unrelated faults

Fault ID Fault Description Fault alarm rate
PLS IPCR IRPLS
D Feed Temperature (step) 0.0938 0.1363 0
Reactor cooling water inlet temperature 1 0.11 0.045
D Feed temperature (Random variation) 0.0663 0.075 0.005
11 Reactor cooling water inlet temperature 0.8213 0.1025 0.0413
14 Reactor cooling water valve 1 0.1 0
15 Condenser cooling water valve 0.16 0.105 0.0838

In addition, there is a class of known faults named regression faults, such as faults
5 and 7.After this kind of fault occurs, the feedback mechanism inside the system will
be adjusted quickly to make the quality return to normal within a certain period of time.
Whether this process can be monitored can reflect the following of the algorithm.

0 200 400 600 800 1000 0 200 400 600 800 1000
Samples Samples

Fig. 23. PLS detection diagram for IDV (5)

Figure 26 shows the variation of the molar ratio of component G in stream 9 under
different conditions. The blue solid line is the quality under normal conditions, and the
green solid line is the quality under fault 5 conditions. It can be seen that the quality
returns to normal after 400 samples. As can be seen from Fig. 25, IRPLS first gives a large
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Fig. 24. IPCR detection diagram for IDV (5)
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Fig. 25. IRPLS detection diagram for IDV (5)
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Fig. 26. Diagram of molar ratio change of component G in stream 9

number of alarms in the quality-related subspace, and then returns to normal quickly
without any alarms. The presence of this fault can also be continuously monitored in
the quality-unrelated subspace. However, neither Fig. 23 representing PLS nor Fig. 24
representing IPCR can give practical decisions. It can be concluded that IRPLS is better
than PLS and IPCR in detecting regressive faults, and has stronger following ability,
which is more suitable for industrial practice.

5 Conclusion

A quality-related fault detection method named IRPLS is proposed in this paper. In
this method, the quality variables are decomposed and the relationship between the
quality variables and the process variable space is established to reconstruct the process
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variables so as to better describe the quality variables. Corresponding test statistics are
designed and compared with the introduced adaptive thresholds to help produce more
reliable decisions, which improves the shortcomings of standard PLS in the detection
of quality-related faults. By comparing with PLS and IPCR in numerical examples and
TE processes, it is concluded that IRPLS has higher detection accuracy for quality-
related and quality-unrelated faults as well as minor faults, and has the best tracking
performance for specific types of faults, which means it is more suitable for modern
industrial processes.

Funding. This works is partly supported by the Education Committee Project of Liaoning, China
under Grant LJKZ1011 and LJ2019003.
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