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Abstract Locality preserving projection (LPP) is a newly emerging fault detection method which can discover
local manifold structure of a data set to be analyzed, but its linear assumption may lead to monitoring performance
degradation for complicated nonlinear industrial processes. In this paper, an improved LPP method, referred to as
sparse kernel locality preserving projection (SKLPP) is proposed for nonlinear process fault detection. Based on the
LPP model, kernel trick is applied to construct nonlinear kernel model. Furthermore, for reducing the computational
complexity of kernel model, feature samples selection technique is adopted to make the kernel LPP model sparse.
Lastly, two monitoring statistics of SKLPP model are built to detect process faults. Simulations on a continuous stirred
tank reactor (CSTR) system show that SKLPP is more effective than LPP in terms of fault detection performance.
Keywords nonlinear locality preserving projection, kernel trick, sparse model, fault detection

1 INTRODUCTION

With the increased demands on plant safety and
quality consistency, fault detection technique has been
one of the most fascinating topics in industrial process
control field. In the past years several fault detection
methods have been developed which can be classified
into three major categories: analytical methods,
knowledge-based methods, data-driven methods. Par-
ticularly, data-driven methods have attracted great
attentions from both academic researchers and process
engineers for large amounts of data are available for
modern computer control systems [1, 2]. Principal
component analysis (PCA) and partial least squares
(PLS) are the most classical data-driven methods and
many extended methods have been developed includ-
ing neural PCA [3], multiway PCA [4], kernel PLS [5],
multiscale kernel PCA [6]. Although PCA, PLS and
their extended methods have been widely used in the
fault detection field, these methods are based on the
global structure analysis of the process data but omit
the local structure information between neighbor data
points which is very important for process monitoring.

Recently, some manifold learning methods such
as locality preserving projection (LPP) [7], locally
linear embedding (LLE) [8], and local tangent space
alignment (LTSA) [9] have been presented to analyze
the local manifold structure of data set. Among these
methods, locality preserving projection (LPP) is a
well-known local structure analysis method for it can
be simply used onto new data. Now, LPP has been
introduced for process monitoring and fault detection.
Hu et al. [10] firstly proposed multiway LPP (MLPP)
method for batch process fault detection. Yu [11] used
LPP for bearing performance degradation assessment.
Zhang et al. [12] combined LPP and PCA for process
monitoring. In these studies, LPP has been thought as
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a promising fault detection method. However, LPP is
in nature a linear transformation, which may lead to
poor monitoring performance for complicated nonlin-
ear industrial process.

In this paper, we propose an improved nonlinear
LPP method called sparse kernel LPP (SKLPP) for
effective nonlinear process monitoring. Based on the
LPP model, the kernel trick is used to perform non-
linear mapping for the construction of kernel LPP
model. Furthermore, in order to reduce the complexity
of kernel model computation, feature samples selec-
tion technique is applied to build sparse kernel LPP
model. Lastly, a simulated continuous stirred tank re-
actor (CSTR) system is used to demonstrate the effec-
tiveness of the proposed method.

2 LOCALITY PRESERVING PROJECTION

Locality preserving projection (LPP) is a novel
linear dimensionality reduction (DR) technique pro-
posed by He and Niyogi in the manifold learning field
[6]. Different from traditional DR methods such as
principal component analysis (PCA) which aims at
capturing the global structure of the data, LPP opti-
mally preserves the neighborhood structure and re-
veals the intrinsic manifold structure of the data more
effectively.

The optimization procedure of LPP includes two
parts: firstly an adjacency graph is built to describe the
neighborhood relationship between the data points,
and then LPP projection vectors are optimized such that
the neighboring points in original space remain close
to each other in the low-dimensional embedding space.
The details of LPP algorithm is shown as follows.

Given the high-dimensional input data matrix

T .
X =[x, x,---x,] € R™™ , which represents n samples
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of m measured variables, its adjacency graph and cor-
responding weight matrix are firstly built. In the adja-
cency graph, if nodes x; and x; are neighborhood
points, they are connected by an edge and the corre-
sponding weight value on this edge is noted as w .
Contrarily if two nodes are not neighborhood points,
there is no edge between them and the corresponding
weight value is zero. The definition of “neighbor-

hood” can be expressed by K nearest neighbors
(KNN). KNN puts a neighborhood edge between

nodes x; and x; if x; is among K nearest neighbors
of x; or x; is among K nearest neighbors of x;.

With the neighborhood information from the adja-
cency graph, a usual way to select weight parameter
w; can be given as [7]

(1)

Lif x; and x; is connected
Y 10,if x, and x ; is not connected
The adjacency graph with the weight values can

be viewed as a geometric description of data set. Based
on the adjacency graph, LPP seeks a linear transfor-

mation y, = x;'a to project X into a low-dimensional

embedding subspace y=[y, y, ---»,]" € R™ so that

the local neighborhood structure between data points
is preserved. A reasonable criterion for choosing a is
to minimize the next objective function [13]:

min >3 (v =) w )
i=1 j=1

For a clearer matrix formulation, Eq. (2) can be
reformulated as

n n P B n n T T 2
22 (=) Wy —ZZ(xi “_xf”) Wi
i=1 j=1 i=1 j=1
=a' X" (D-W)Xa
=a"'X"LXa (3)
where W is the weight matrix whose (i, j)th element is
w; , D is a diagonal matrix as d;; = Zwy. whose en-
j=1
tries are column sum of W, L=D-W is usually

called the Laplacian matrix. To avoid the trivial solu-
tion, a constraint is imposed as

a' X"DXa=1 4)

Combining Egs. (3) and (4), the optimization
problem in LPP is expressed as

mina' X" LXa st. a' X"DXa =1 %)
a

The above problem can be solved by the generalized

eigenvalue decomposition as
X"LXa=1X"DXa (6)
The solutions of Eq. (6) bring a series of eigen-
vectors a,,a,,---,a, ordered by their corresponding
eigenvalues 4, <A, <---<4,. The dimensionality of
the problem can be reduced by only retaining the first
p(p < m) eigenvectors. For any test vector x,, the
project vectors can be computed by

Vo =Xiay, j=120m (7)

More detailed descriptions about the LPP algo-
rithm can be found in [7, 13].

3 SPARSE KERNEL LPP

LPP is in essence a linear method and may not
effectively capture the nonlinear relationships in realistic
complex processes. To tackle nonlinear monitoring
problem, in this section we apply kernel trick and feature
samples selection technique to construct a nonlinear
LPP, referred to as sparse kernel LPP (SKLPP).

3.1 Kernel LPP

In order to build a nonlinear LPP algorithm, we
suppose that a nonlinear mapping @:xeR™' —
@(x) € F maps the training data onto a linear feature
space F. In the feature space, we apply LPP to build
the next objective function

mina' @(X)' LO(X)a st. a ' @(X) DO(X)a=1
(®)

The projection vector a can be spanned using
training samples as [14, 15]

azzn:vj@(x_/)z@(X)Tv )
=1

where v is the coefficient vector.
Combining Egs. (8) and (9), we obtain the gener-
alized eigenvalue problem:
D(X)D(X)' LO(X)D(X) v =
AD(X)D(X)' DO(X)D(X)"v (10)
To avoid the difficulty of explicitly defining the
nonlinear mapping, the well-known kernel trick is
applied [16]. With the introduction of a kernel function,

the vector dot products in a feature space can be
computed by the kernel function in the original space

as @(X)D(X)" =K , where K is the kernel matrix
and its element is calculated with kernel function

k(x;,x;)=@(x, )T@(xj). There exist a number of

kernel functions that can be utilized for this purpose,
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including polynomial kernel, sigmoid kernel and ra-
dial basis kernel. In this application a radial basis
function k(xi,xj):exp(—”xi —xj||2/202) is se-

lected as the kernel function.
With the help of kernel trick, we rewrite the ei-
genvalue problem Eq. (10) as

KLKv = AKDKv (11)

By solving Eq. (11) we obtain the eigenvectors

v,,v,, -+, v, corresponding to their eigenvalues 4, <

A, <---<4,. For any test vector x,, the projection is
extracted as

T .
yw,=¢15(xt) aj=Ktvj, j=12n (12)

where K, =[k(x,,x) k(x;,x,) - k(x,x,)].

3.2 Sparse kernel model representation

The training stage of KLPP requires storing and
manipulating the kernel matrix K, the size of which is
the square of the sample number. When the sample
number n becomes large, the calculation of eigenval-
ues and eigenvectors will be time consuming and lead
to great computational cost. In order to reduce the
computational complexity, a feature samples selection
(FSS) scheme is adopted to build sparse kernel model
in this section.

In fact, a subset of training samples set X, =

(%15 %055 X 1" is sufficient to construct the basis

s,1° > 7vs,ng
space of the projection vectors in Eq. (9), where
n,(ng < n) is the number of selected samples [17].

The samples in subset are often called as feature sam-
ples. Based on feature samples, Eq. (9) is rewritten as

a:ivj@(xs’j):Q(Xs)Tv (13)
=1
With applijcation of samples subset, Egs. (10),
(11), (12) are redefined as
D(X,)D(X)' LO(X)D(X,) v =
20(X,)O(X) DO(X)D(X,)' v (14)
K!'LKy=1K!DKy (15)

T .
v, =@(x) a,=Kyw,, j=12,-n  (16)

S

where K. is a kernel matrix defined as K =

O(X)P(X,)", K, is a kernel vector denoted as
K =[k(x,,x;) k(x;,x,,) k(xt,xs,ns )].

According to Eq. (15), the matrix dimension for
eigenvalue decomposition is reduced to ngxns, which

is less than nxn. The dimension of K in Eq. (16) is
1xns which is also less than the dimension of K, in

Eq. (12). So kernel LPP model becomes sparse with
use of feature samples, which leads to a lower com-
putation cost.

The feature samples can be selected using FSS as

follows. Given subset X, any vector @(x;),i=1,---,n

could be estimated as a linear combination of @(.X,) as
4, =0'p, (17

where f; is the coefficient vector denoted as B, =
(B By B, 1, @ is the abbreviation of ®(X),
él. is the estimation of @(x;).

FSS is to find the coefficients B, such that the
estimated mapping ¢, is as close as possible to the
real mapping @(x;), which is also abbreviated as ¢, .
This leads to a problem of minimizing the normalized
Euclidean distance of the following form:

~l12
5 _la-dl (18)

i 2
|41
According to (09;/0f;) =0 we can compute the

optimal coefficient as

-1
p=(2a") a9, (19)

So the minimized J; can be listed as
KIK 'K,

S —]_sis si

i,min k
ii

(20)

where K is a square kernel matrix for the selected
samples, K, is a column vector of dot product between
@(x;) and the selected vector set @(X,), k;; is the

vector of dot product between @(x;) and @(x;).

For all training samples, Eq. (20) can be also
transformed as a maximization optimization expressed
by

K. KK,
Jmax ZII}?X( z %J (21)
so\xeX ii

An iterative sequential forward selection process
is often designed to solve Eq. (21) for obtaining a
feature samples subset. At each step, a sample vector
is selected such that it gives the maximum fitness
function Jy,.x combining with the previously selected
vectors. The selection process stops when K is no
longer invertible or a predefined number of selected
vectors is reached. The detailed FSS steps can be
found in [18].



166 Chin. J. Chem. Eng., Vol. 21, No. 2, February 2013

4 PROCESS MONITORING BASED ON SKLPP

In order to detect process faults using SKLPP
two monitoring statistics are built which include 7
and O statistics. For any test vector x,, the T° statistic
is applied to measure the dominating data variation in
a low-dimensional embedding subspace, which is de-
fined as

7= yls (22)

where yy, =[y; ¥, - ;] 1s obtained from Eq. (16)

corresponding to the first p eigenvalues and S is the
covariance matrix of y, in the training dataset. The QO

statistic is used to measure data variability in residual
space, which is defined as

A P
O=|nl ~|yo| =252, -20%, @3
J=1 J=1

where y, =[y,; 1, - ¥, ] is calculated from Eq. (16).

After monitoring statistics are obtained, the con-
fidence limit is calculated to determine whether process
is in control. As no prior distribution knowledge is
available for SKLPP, the confidence limit of monitoring
statistics for nominal operating regions is determined
by the well-known kernel density estimation method
[19, 20].

The process monitoring procedure based on
SKLPP includes two stages: offline modeling stage and
online detection stage. The detailed steps for process
monitoring can be shown as follows.

Offline modeling stage:

(1) Acquire normal operating data matrix X € R"™"
and normalize the data using the mean and variance of
each variable.

(2) Construct adjacency graph and compute weight
matrix L and D.

(3) Compute the kernel matrix K and scale it so
that the mapped data @(x) in the feature space
should be mean centred and variance scaled [16].

(4) Apply the feature samples selection technique
in Section 3.2 to select a sample subset and construct

Figure 1

the sparse kernel matrix K.

(5) Solve generalized eigenvalue problem Eq.
(15) to obtain the eigenvalues and corresponding ei-
genvectors.

(6) Calculate the 7* and Q statistics of the normal
operating data and establish the control limits of mon-
itoring statistics by kernel density estimation.

Online detection stage:

(1) Obtain the new data x,.y, and scale it with

mean and variance from step (1) of offline modeling

stage.
(2) Compute the vector k., =

[k(xnew s xs,l) k(xnew > xs,2) e k(xnew b xs,n} )] and apply

mean centering and variance scaling.

(3) Obtain the projections of the new data
according to Eq. (16) and compute the two monitoring
statistics TnzeW and O, according to Egs. (22) and
(23), respectively.

(4) Compare the two statistics of the new ob-
served data with the corresponding confidence limits.
If the upper control limits are exceeded, the abnormal

behavior of the process is detected.

kernel

5 CASE STUDIES

The proposed SKLPP process monitoring method
was tested with a simulated continuous stirred tank
reactor (CSTR) system [21, 22]. It is assumed that a
classic first order irreversible reaction, A — B, hap-
pens in CSTR. The flow of solvent and reactant A into
a reactor produces a single component B as an outlet
stream. Heat from the exothermic reaction is removed
through cooling flow of jacket. The temperature of
reactor is controlled by manipulating the coolant flow.
The level is controlled by manipulating the outlet flow.
A schematic diagram of the CSTR with feedback con-
trol system is shown in Fig. 1.

Based on the mass, energy and component balances,
the CSTR system dynamic model can be built as

d& _ _koe—E/RT + Orcar — OrCa 24)
dt Ah

Diagram of the CSTR system



Chin. J. Chem. Eng., Vol. 21, No. 2, February 2013 167

dr koe E'" e, (~AH) N

dr pC,
QFTF _QFT+UAC (TC _T) (25)
A pC, Ah
dTC =QC(TCF_TC)+UAC(T_TC) (26)
dr Ve PcCpcVe
dr A

where A is reactor cross-sectional area, c, 1S concen-
tration of species A in the reactor, car is concentration
of species A in reactor feed stream, C, is heat capacity
of reactor contents, C,c is heat capacity of the coolant,
E is activation energy, & is reactor liquid level, ky is
preexpotentional factor, Of is reactor feed flow rate,
Oc is coolant flow rate, R is universal gas constant, 7
is reactor temperature, ¢ is temperature of coolant in
the cooling jacket, Tcr is temperature of coolant feed,
Tr is temperature of reactor feed stream, U is
heat-transfer coefficient, 4A¢ is total heat transfer area,
AH is reaction heat, p is density of reactor contents, pc
is density of coolant. The detailed model parameters
and nominal operating conditions can be found in Jo-
hannesmeyer et al [22].

The data of normal operating and faulty condi-
tions were generated by simulating the CSTR process.
Ten process variables were recorded and Gaussian
noise was added to all measurements in simulation
procedure. Table 1 listed the measured variables and
the corresponding noise standard deviation values.
The simulation data were sampled every 10 s. Normal
operating data with 300 samples were generated for
building statistical models. Five kinds of fault pattern

Table 1 Measured variables and noise standard
deviation values

Measured variable Noise standard deviation values

Cca 0.0024 mol-L™
Car 0.0024 mol-L™'
T 0.71K

Ty 0.71 K

Tc 0.63K

Ter 0.63K

h 0.004 m

0 0.71 L-min™"
Or 0.71 L-min™"
Oc 0.10 L-min™"

data were simulated with 720 samples to test fault
detection methods. For each fault pattern data, fault
was introduced after the 240th sample. The simulated
fault patterns were shown in Table 2, which contained
operation condition change, process parameter change
and sensor bias.

In this section LPP and SKLPP were both applied
to detect all five faults. The 95% confidence limits are
adopted as the alarming threshold. For convenience of
methods comparison, all monitoring statistics are di-
vided by their respective confidence limit when the
monitoring charts are plotted so that the alarm limits
in all plots were equal to 1. In all monitoring charts,
we consider a fault is detected if 8 continuous samples
exceed confidence limit.

Fault F2 are firstly illustrated for methods com-
parison. The monitoring results of LPP and SKLPP are
shown in Figs. 2 and 3 respectively. As statistical

Table 2 Fault patterns for CSTR system

Fault Description Variable Value
F1 coolant temperature ramps down Tcr —0.1 K'min™’
F2 feed concentration ramps up CAF +6x107* mol-L™"-min™"
F3 feed temperature ramps up Tr +0.05 K-min™
F4 heat transfer coefficient ramps down UAc —80 J-min %K'
F5 coolant temperature sensor has a bias Tc +3 K
10

T? statistic
w

0 200 400 600
sample number

(a) T* chart

Q statistic

0 200 400 600
sample number

(b) O chart
Figure 2 LPP monitoring charts for fault F2
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T? statistic
Wi
T

0 200 400 600
sample number

(a) T* chart

10

T statistic
W

1 1
0 200 400 600
sample number

(a) T° chart

QO statistic

0 200 400 600
sample number

(b) QO chart
Figure 3 SKLPP monitoring charts for fault F2

10

QO statistic
W

0 200 400 600
sample number

(b) O chart

Figure 4 LPP monitoring charts for fault F5

10

T? statistic
W

1 1
0 200 400 600
sample number

(a) T° chart

10

Q statistic

1 1
0 200 400 600
sample number

(b) O chart

Figure 5 SKLPP monitoring charts for fault F5

monitoring methods, both LPP and SKLPP may bring
some false alarming samples during normal operation
before the 240th sample. According to Fig. 2, there is
a false alarming rate of 6.67% for LPP T° chart and
3.75% for LPP Q chart. When SKLPP is used, the
false alarming rates of 7° and Q charts are 5.0% and
4.17% respectively. Under normal operation, LPP and
SKLPP have similar false alarming rates.

When fault F2 is introduced after the 240th sam-
ple, it can be detected by the LPP T° chart at the 325th
sample, while the LPP Q chart performs worse and
gives alarming signal at the 329th sample. As the non-
linear version of LPP, SKLPP improves the monitor-
ing performance and its 7° and Q statistics detect fault
F2 at the 311th sample simultaneously. So for faulty
operation, the nonlinear SKLPP method does better
than LPP for monitoring fault F2.

Fault F5 is also used to test the methods. When
fault F5 happens which is associated with the coolant
temperature sensor bias, both LPP and SKLPP can
detect the fault (see Figs. 4 and 5). The LPP 7° statis-
tic gives an alarming at the 244th sample, and the O
chart of LPP detects fault until the 428th sample. Two

charts of SKLPP can indicate the fault quickly at the
241th sample simultaneously, which are 3 samples
earlier than LPP 7° chart. With further analysis, two
methods have different fault detection rates. When
LPP is applied, fault detection rates of LPP are
90.63% and 47.08% for the 7* and Q statistics respec-
tively. Although the 7° statistic of LPP gives a good
performance, the Q statistic is not satisfactory. Fig. 5
shows the monitoring results of SKLPP, whose fault
alarming rates for 7° and Q are 95.42%, and 98.12%
respectively. Both monitoring statistics of SKLPP ex-
ceed confidence limits very clearly, which also demon-
strates the advantages of SKLPP in fault detection.

An overall fault detection performance comparison
between SKLPP and LPP is investigated in Table 3.
This table lists the fault detection rate of two methods
on all five fault scenarios. It can be seen that SKLPP-
based monitoring method has higher fault detection
rate and performs better than LPP method.

In chemical processes, many faults are caused by
the slowly-varying parameters, such as faults F1 to F4
in Table 2. This kind of fault is often called ramp fault
or gradual fault. Here fault F4 is used as an example to
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Table 3 Comparison of fault detection rate (%)

LPP SKLPP
Fault
r 0 r 0
Fl1 78.54 89.17 85.21 90.63
F2 85.83 87.29 88.96 89.79
F3 70.63 64.58 74.38 76.25
F4 80.63 85.83 86.88 87.71
F5 90.63 47.08 95.42 98.12

demonstrate the influence of the varying rate of faulty
parameters on fault detection time delay. Originally, in

fault F4 the ramp rate of UA( is set as —80 J-min >-K .

For comparison, we modify the ramp rate as —50
J'min K" to generate a more slowly varying fault
noted as fault F4a. Then we modify the ramp rate of
UAc as —120 ] ‘min 2-K! to simulate a faster fault
noted as fault F4b. SKLPP is applied for detecting
fault F4, F4a and F4b. The monitoring results are
shown in Figs. 6, 7 and 8 respectively. The SKLPP 7°
chart detects fault F4 at the 311th sample and Q chart

10

T2 statistic
W

0 200 400 600
sample number

(a) T* chart

gives alarming signal at the 313th sample. When fault
F4a is simulated, it can be seen that the fault is de-
tected at the 381th sample by the 7 statistic and at the
378th sample by the QO statistic. Because fault F4a
represents a slower change in heat transfer coefficient,
the fault detection time delay is increased. In contrast,
fault F4b represents a quick process parameter change
and the monitoring results of SKLPP are shown in
Fig. 8. Two statistics gives fault alarming signal at the
293th sample simultaneously, which displays an earlier
detection. According to above analysis, it can be con-
cluded that it is difficult to detect the ramp fault with
very slow parameter change, and it is very valuable to
study how to improve the sensitivity of ramp fault
detection.

6 CONCLUSIONS

This paper proposed a novel nonlinear process
fault detection method based on sparse kernel locality
preserving projection (SKLPP). The proposed method
is motivated by nonlinear generalization of LPP. Kernel
trick is introduced to deal with nonlinear transformation

10
2
§ 5
Q
0 200 400 600
sample number
(b) QO chart

Figure 6 SKLPP monitoring charts for fault F4

T? statistic

0 200 400 600
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(a) T* chart

10

Q statistic
W

600

0 200 400

Figure 7 SKLPP monitoring charts for fault F4a
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T? statistic
w
T

1
0 200 400 600
sample number

(a) T* chart

sample number
(b) O chart
10 |
2
Zs
Q
0 200 400 600
sample number
(b) O chart

Figure 8 SKLPP monitoring charts for fault F4b
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so that kernel version of LPP model is built. Feature
samples selection technique is applied to reduce the
model complexity of kernel LPP, which results in sparse
kernel LPP model. A simulation example of CSTR is
used to demonstrate that the proposed method can
effectively detect process faults and its performance

outperforms LPP.
NOMENCLATURE
a linear transformation vector
D weight matrix
F feature space
Jimax maximum fitness function
K kernel matrix
K kernel vector between @(x;) and the sample subset
K square kernel matrix for the selected samples
K, kernel vector corresponding to testing vector
k kernel function
L Laplacian matrix
m number of measured variable
n number of training samples
s number of select samples in FSS
P dimension of low-dimensional embedding subspace
[ statistic for monitoring residual space
R original data space
S covariance matrix
T statistic for monitoring dominating data variation
v coefficient vector
w weight matrix
Wij weight value
X training data matrix
X training sample subset
Xi measured data vector
X testing vector
y projection of input data matrix
Vi projection of measured data vector
b coefficient vector
o; normalized Euclidean distance
A eigenvalue
D nonlinear mapping
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