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Historical Information-aided Monitoring of
Few-Sample Modes in Industrial Processes with
Orthogonal Transferred Projection

Kai Wang, Xiang Lei, Wenxuan Zhou, Saige Cheng, and Jing Li

Abstract—Few-sample modes are easy to appear when a new
working condition is triggered in industrial processes especially
during the early stages of the new working mode. However,
monitoring the early behaviour of a new mode is important
because engineers and operators are less knowledgeable with
such a new mode. Considering the few-sample challenge in this
problem, a new multi-source transfer learning framework is
proposed that leverages historical data under various operating
conditions to enrich process monitoring over new mode data.
In contrast to existing transfer learning-related work, a new
unsupervised domain adaptation framework is designed. The
historical modes as the source provide precious knowledge and
reference to the new mode so that the features of the new mode
are robust to noise and insufficient samples. Mathematically,
the historical features play the role of a regularizer for the
feature learning in the target domain. A geometrical illustration
is given and an iterative optimization algorithm is developed
with the convergence analysis. Except for the features guided by
historical modes, individual features of the new mode are also
extracted from the residual part to form a complete monitoring
framework. Finally, the effectiveness of the proposed method is
validated through a numerical experiment and a real industrial
hydrocracking process.

Index Terms—Process monitoring, multimode data, few sam-
ples, transfer learning, common subspace

I. INTRODUCTION

N modern industrial processes, process industry is con-

stantly developing towards integration, large-scale, and
intelligence [1], [2]. Its characteristics, including long pro-
cess flows, numerous equipment, and complex mechanism,
often make it difficult to apply traditional process monitor-
ing methods, such as mechanism-based or knowledge-based
approaches. Recently, the increasing use of distributed control
systems and industrial internet enables access to large volumes
of data, making data-driven process monitoring technology
a current research topic [3]. Typically, process information
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can be mined through historical process data upon which a
mathematical description of the process can be established. For
instance, multivariate statistical analysis methods such as prin-
cipal component analysis (PCA) [4] and partial least squares
[5] have been successfully used in operational assessment and
fault detection/diagnosis.

Recent developments of multivariate statistical process mon-
itoring are towards the direction of how to improve the mon-
itoring performance or provide additional information. The
structured PCA with variable correlation constraint is proposed
for embedding a priori knowledge and making the data-driven
model more interpretable [6]. Recursive correlative statistical
analysis by analyzing the correlation within a sliding window
is proposed for detecting the incipient fault [7]. Robust and
sparse CCA could train the data with outliers and separate
the noise from data well [8]. To deal with multirate sample
problem, Zhou et al. designed a multirate mixture probability
PCA for sufficiently use the collected data [9]. However, data-
driven methods depend on sufficient data. Otherwise, the data
model would lose its representative ability for the real process.
In a real process, the fact is that operating conditions could
frequently change due to various practical factors [2], such
as raw material fluctuations, personnel operations, instrument
failures, market changes, etc. The multimodal behavior has
become a fundamental characteristic in the historical process
profile. However, not all newly triggered working conditions
are repetition of historical modes. Especially, new working
conditions frequently appear in some newly built plants.
Moreover, practitioners generally learn less about the new
mode than those historical repetitive modes. Hence, anomaly
can occur in the initial stage of the new mode with a higher
risk. This stimulates a strong demand for monitoring the initial
stage with few samples. However, the few samples has been
the most challenging obstacle for monitoring the early stage
of a new mode. This is because the monitoring performance is
dependent on the extraction of process correlations. However,
due to noise commonly existing in industrial systems, the
quality of process models built by insufficient samples is really
poor. The noise will heavily influence the identification of
process correlations.

Few-sample learning, also known as few-shot tasks, has
received much attention in recent researches. Data augmen-
tation could be a direct idea for augmenting the training set,
which generally adapt the existing dataset to more generalized
datasets. This is achieved by simple data transformation [10]
or learning a generative model [11], [12]. However, data
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augmentation often under-performs in face of few samples
because few samples are non-representative for the genuine
features [13]. On the one hand, the data in industrial processes
is unlike images which could be augmented by scaling, rota-
tion, translation or noise enhancement. This actually supplies
additional information for learning the model. In other words,
in the population, there exists these transformed images while
they don’t be sampled. Industrial data consist of temperature,
flow rate, pressure and other process variables with process
noise. In face of few sample issues, we could indeed consider
sample generation strategies for increasing the amount of
data. However, it is hard to evaluate whether the generated
samples are beneficial for estimating the true data distribution.
Especially, the virtual datapoints are generated by the collected
samples, in which no new information is introduced. Since
the crucial idea is how to leverage existing information into
the few-sample task. Meta-learning resorts to the models
trained by similar tasks and transfer the model into the new
few-sample task [14]. Hence, it is a task-level optimization
method such as the model-agnostic meta-Learning that seeks
an optimal initial states from other similar tasks to drive the
new meta-learner [15]. It needs a large number of learning
tasks to help determine the suitable hyper-parameters and
initialized parameters for the new task. Technically, the few
samples make a function of fine-tuning the parameters for
better adapting to the new task. For the industrial processes,
preparing a large number of tasks based on historical data
is very cost. Moreover, there is little research on the meta-
learning-based industrial process monitoring. Domain adaption
that could be understood as the feature-level or data-level
knowledge transfer is more suitable to industrial process mon-
itoring [16]. Zhang et al. [17] proposed a domain discrepancy-
guided contrastive feature learning framework for few-shot
fault diagnosis under varied working conditions. Moreover,
a dual graph neural network is designed for improving the
diagnosis precision for mechanical facilities under few-sample
conditions [18].

Even though there exists advanced few-shot learning meth-
ods, some special requirements should be considered in in-
dustrial process monitoring. Firstly, with available process
variables, monitoring models are learned in a manner of
unsupervision. This is actually different from most of the
paradigm of few-sample learning or transfer learning, which
generally implements feature alignment between the source
domain and the target domain for improving prediction per-
formance. Under the label guidance, the features in the source
domain and the target domain are aligned towards the optimal
prediction performance of the target domain. However, just
mixing the source features and the target features is not neces-
sarily beneficial for improving monitoring performance. There
is no theoritical guarantee that the data in the future can be
mapped into the trained feature space because the few samples
cannot represent the whole distribution in the target domain.
Even though there exists related work for unsuperivsed transfer
learning, they are mostly based on deep learning that lack good
interpretability for which industrial processes poses a strong
requirement because the running safety is the fundamental
condition in industrial systems [19]. Moreover, even though

these methods claim an unsupervised transfer paradigm, they
actually still assume one of domains is supervised, or a
supervised task is achieved such as classification or prediction
[20]. Process monitoring tasks are actually different from
the prediction or classification. It is a totally behaviour of
the unsupervised learning and aims to learn data distribution
and the boundaries. Therefore, few-sample process monitoring
concerns more about how the historical knowledge can be
utilized and what kind of historical knowledge should be trans-
ferred in the situation of insufficient data. Then, orthogonal
projection property is also important for splitting the original
data space into several subspace because monitoring results in
each subspace can provide important anomaly information.

Notice the new mode can appear in the running process
while not all process correlations are changed and the degree
of change is limited because the process running observes
the constraints of real physical and chemical laws [21]. For
example, nonlinearities are common in complex industrial
equipment. Because the process fluctuation is generally around
a working point, linear model makes sense given a single
mode. It is easy to know the linearized parameters can be
different between modes while the model structures and parts
of parameters may be very similar. This means the new mode
can be different from but similar as historical data, which is
the base of reusing historical knowledge. Now the problem
is that what kind of knowledge should be leveraged into the
new mode. Without any prior information, the most robust
strategy is that selecting the features shared by nearly all
historical modes to transfer. Then, it is of high likelihood
that these common features are contained in the new mode,
which is like an average operation. Moreover, monitoring
the common subspace and the individual subspace between
multiple operating conditions is useful for locating the root
cause of failure and has become a new paradigm of process
monitoring.

In the literature, various methods have been proposed to
obtain common features. One group considers that the com-
mon score matrix can be derived by weighting the score
matrix of each mode [22]. In [23], the two-step multi-set basis
vector extraction algorithm is proposed where basis vectors are
constructed to describe cross-set correlation. And the other
group method is to derive the auxiliary common scores from
individual features of each mode, and then direct mapping
of each mode to auxiliary common features which are used
for common feature extraction. Thus they are also viewed as
two-stage methods for extracting common components [24].
Additionally, there are other works that consider both com-
mon scores and common loadings simultaneously, e.g., tensor
decomposition-based methods. Zhang et al. [21] proposed a
canonical polyadic decomposition (CPD)-based method for
extracting common features. Liu et al. [25] proposed the
Tucker decomposition-based supervision method to calculate
the common features and applied in the multi-grade process.
In the field of tensor decomposition, CPD is more widely used
due to its high interpretability. Thanks to this advantage, CPD-
based methods have also been widely used in field of image
and pattern recognition [26].

However, these common components are extracted and
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utilized for monitoring historical repetitive models rather than
the unseen new mode. In our paper, the target domain refers
to the new operating conditions with few samples [27]. In
the early stage of switching of working conditions, there
will be a cold start problem that the amount of data is
insufficient, which makes it difficult to build a model. Transfer
learning can effectively guide the modeling of new operating
conditions by excavating the domain-invariant features in
historical multimode data. The problem of model overfitting
caused by insufficient data is thereby alleviated [2]. Since the
problem in this paper is a totally unsupervised learning, it
is important figuring out what kind of historical knowledge
should be transferred and how to transfer it. To this aim,
we stack historical multimode data into a three-way tensor
form beforehand. And we select CPD-based method to extract
common features from multimodal data. Further a reasonable
interpretation is given for the function of the common features.
Procrustes analysis is used to align the common features of
the source and target domains, then, the objective function is
solved by using the Orthogonal Procrustes analysis to achieve
knowledge transfer. Moreover, to further get the individual
features of the target domain data, we decompose the residual
part of the target domain to obtain the individual feature part
and noise part of the target domain. The problem to be solved
and the main contributions of this paper are summarized as
follows:

o The monitoring problem in the new mode at the early
stage is considered rather than the historically repetitive
working modes. In the early stage of a new mode,
the samples collected are insufficient, which poses a
dominant challenge on data modelling and monitoring.
The transfer learning that leverages historical similar
information is considered to solve such a problem.

o For effectively transferring the historical information into
the new mode for a monitoring task, the orthogonal
components when extracting features of the new mode
are guaranteed, avoiding the extraction of redundant in-
formation. Moreover, a geometrical interpretation is given
for why the orthogonal component extraction strategy
is effective. Based on the geometrical interpretation, the
suitable application scenarios are also illustrated.

o The proposed feature extraction method is achieved by
an iterative optimization algorithm. The convergence is
guaranteed through algorithm analysis. Moreover, the
model proposed is parametric so that the computational
complexity is very low for online monitoring.

This paper is organized as follows. Section II introduces
the method of CPD to extract the common component and
the strategy to transfer the common component. The solution
procedure of the transfer learning model is given in Section
III. The Section IV calculates the statistics and corresponding
control limits of common part, individual part and noise part.
The Section V verifies the effectiveness of the method with a
numerical example and a hydrocracking example. Section VI
concludes the paper.

II. MULTI-SOURCE TRANSFER LEARNING
FORMULATION

In this section, we formulize the transferring learning prob-
lem using the multi-source historical data. To effectively com-
press the large-scale historical data and extract historical useful
information, the tensor decomposition-based CPD is firstly
introduced for extracting historical mode-invariant components
which. Then, the model to be learned for monitoring the new
mode, which should incorporate the historical mode-invariant
components, is constructed. Moreover, to avoid the informa-
tion redundancy for the extracted features, the orthogonality
constraint of features is designed and embedded into the pro-
posed model, which help improve the monitoring performance.
Since the learning for the model is totally unsupervised, it is
not easy to understand why the transferring is effective because
there is no label guidance. Therefore, a novel geometrical
interpretation is presented for illustrating the learning process.

A. Common component extraction

In most of industrial processes, there exists part crucial vari-
ables that always are maintained within the same safe scope
cross different kinds of working conditions. Part correlations
between variables are also similar under different modes. This
means the coming new mode will observe such constant rules.
To monitor such a new mode where just few samples are
collected in the beginning, the invariant features become so
valuable knowledge for judging process behavior. As a result,
the CPD-based shared feature extraction cross multimode data
is employed first to extract the common components. And
domain adaptation will leverage the common feature to the
new mode.

Specifically, given a multimode data X € RI*/*K that
are three-dimensional and illustrated in Fig. 1. Here I is the
number of samples, J is the number of variables for each
mode and K is the number of modes. X can be decomposed
as X = X_.+ E_ , where X_ and E, are common part and
common residual part respectively.

Through the CPD-based method, the common score matrix
and common load matrix in the process data of multiple
working conditions can be obtained simultaneously. Since X
is a tensor, it can be decomposed as

R
X~) X, =
r=1 T

where the symbol o is the vector outer product, R is the
rank of tensor, R < min {/.J,IK, JK} . This approximation
expresses X as the sum of rank-1 tensors X, , and ¢, € R,
p, € R’ and w, € R¥ are called as factorized vectors [21],
[28]. Likewise, there is

R
trop, ow, )
1

R R
X~Y X, =Y terop,,owe, )

r=1 r=1
One can see all these factors form corresponding ma-
trices given by T. = [te1,teo, ,ter] € RIXE
Pc [pc,lvpc,Za 5 Pe R] € RJXR and Wc =
[wcyl,'wcyg, < ,wer) € R xR which can be regarded as
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Fig. 1: CP decomposition method.

matrix forms of common features embedded in tensor X. To
learn these common features, we should unfold the tensor into
matrices. Specifically, X can be unfolded along the mode, i.e.,

X1,es Xi2les s X[klier - -+ » X[K],e)- There is
R
X = Y terPe Wiy er = TWHPT  (3)
r=1

where W = diag (wy.) € B, with k = 1,2, , K.
T, and P, are the common scores and loadings, analog to
PCA.

Moreover, the common features should minimize the recon-
struction errors for the original observations. Notice all the
three matrices in (3) are unknown, alternating least squares
(ALS) can be used to implement reconstruction error mini-
mization, given by

T 2
‘X(l) _TC(WCQPC) HF

min
T,

2
X2~ Po(W.®T.)" 4)
F

min
P.

T 2
‘X(B) _WC(PCQTC) HF

min
Wc

where ||||§, is the Frobenius norm, © is the Khatri-Rao
product, X ;) is the unfolding of X along three different
dimensions.

When the iteration converges, T., P. and W, can be
derived as

T = Xg [(Weor)] 5)
P. =X [(W. o)) ©)
We=X[P.oT)"] ™

Following the extraction of the common features of historical
multimode data as (5)-(7), the common features of the new
working condition need to be transferred from the common
features of the historical multimode data.

B. Feature direction transfer

When the new mode data X7” generate, to implement
effective knowledge transfer, it is necessary to figure out
what should be transferred. Since the focus is boosting the
monitoring performance in the new mode, so-called feature
alignment is not adopted because we cannot guarantee the
samples in the coming future also follow the same distri-
bution with the mixed features. Instead , it is approved just
part variable correlations are changed under different running

modes, which means shared variable correlations are crucial
knowledge to be leveraged. Notice X2 is the variable-wise
unfolded matrix. Thus 6 is the shared variable correlations
observed by historical datasets. This can also be observed
by 3 which symbolizes the generative model that generates
Xk,c from TCWEk). Therefore, the common loadings P,
that indicates how the variable correlates with each other are
suitable knowledge to be transferred. The remaining problem
is how to reuse P, in the new mode.

Multivariate process monitoring prefers the property of
orthogonal subspace decomposition for detecting the anomaly
in different subspaces, which can revealing parts of fault
attributes. However, it is easy to know the procedure of
CPD that learns P. does not guarantee the orthogonality.
Nonetheless, the orthogonality of the target domain can be
sought due to the focus on monitoring performance in the
new mode. Denote the learned common loadings as P. s and
the loading to be learned in the target domain as P.;. For
reasonable adaptation of an orthonormal matrix to a non-
orthonormal matrix. We need a translation-dilation-rotation
transformation that does not change the intrinsic correlations
of variables to transform an orthonormal matrix to an ordinary
matrix as shown in Fig. 3. Therefore, the alignment of loadings
between the source domain and the target domain is defined

as
argmin [|Pe.s — (PP Q + by)l|7
p:Q ®)
56.QTQ =1

Because coordinate rotation does not change the process
correlations, an orthonormal matrix Q is added to allow the
rotation. p is a dilation factor to adjust the vector norm. by
is the centralized translation matrix. Note that the translation
term can be set to zero if the subspaces of both the source and
target domains have been moved to the origin [29]. Therefore,
P.:, Q and p are three parameters to be solved.

Besides the alignment objective, the process structure partly
unveiled by the few samples in the new mode is also expected
to be learned. Otherwise, the negative transfer can be easily
triggered because the adaptation does not represent any in-
formation of the new mode. Thus, the whole objective of the
multi-source common feature transfer model is

arg min

2
XTD - Tc,t(Pc,tQ)TH + )‘ ||Pc,s - ch,tQHi’
Tc,hpc,t F

stPT P, =1,QTQ=1

©))
where T.; € is the score matrix of the target
domain model and is the balance coefficient. One can see
the source data do not participate in the transfer while the
feature direction learned by the source data is aligned. This is
different from most of domain adaption methods. Moreover,
(9) can be regarded as an Orthogonal Procrustes problem [30],
which will be briefly introduced in next section. Note that the
XTD needs normalization before optimizing (9) .

RIth

C. Alignment-based Regularization

In this subsection, we will give an illustration of the working
principle of the loading alignment in (9). Intrinsically, (9)
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Fig. 2: Geometrical illustration.

indicates the feature learning in the new mode is regularized
by the alignment of the source and the target feature directions.
Due to few samples in the target mode, an intuition is that the
loading adaption in 8 could make sense for anti-overfitting
or anti-singularity. However, the model structure is simply
linear and there exists the orthogonal constraints for P,
which means no strong demands may be imposed on the
feature learning. Fig. 2 reveals why such a regularization
is indispensable in few samples and what kind of histori-
cal knowledge is inherited by the new mode. Specifically,
the two variables are correlated and there exists a direction
representing the correlation. As shown in the left of Fig. 2,
the loading directions are different but close to each other
in the two historical modes. Using tensor decomposition in
(6), the ’averaged’ common loadings marked in red can be
obtained. One can see the projection on the common loadings
can still capture the dominant process fluctuation, though the
fluctuation extracted is not the largest variance. When it comes
to the new mode in the right of Fig. 2, there are just four
samples marked in solid circles collected as the new mode
just start to run. As the running process progresses, more
samples could be collected in the future, marked in hollow
circles. When enough samples are available, process features
can be learned well without using any historical information.
However, at the early stage, these hollow circles are unknown
and one can see the loadings learned by just few samples
can even be orthogonal to the true loadings, which could
completely mislead engineers to conduct a wrong conclusion.
Instead, if the historical loadings can be aided to learn the
features in the new mode, the false direction can be alleviated
a lot.

Fig. 2 also implies the probable application situations in
industrial systems, which requires the historical modes are
similar and the new mode is similar as the historical modes,
as well. This can avoid the negative transfer to a great extent.
As aforementioned, most of running modes are different in
working points so that the variable correlations are similar.
This characteristic renders the proposed method a suitable
application situation. As the data scale in the new mode
increases, just using the newly collected data could be better
because the historical common loadings are not completely
consistent with the genuine loadings of the new mode. Com-
pulsory transfer will cause severe side effect and diminish the
ability of feature learning.

III. SOLUTION FOR THE TRANSFER LEARNING
MODEL

It is clear that (9) is a bilinear optimization problem
with orthonormal constraints. The optimization step of the
algorithm can be divided into two steps. Solve (8) and (9)
through Step 1 and Step 2 respectively. Specifically, use PCA
to initialize P, and T, ; by decomposing XTP.

Step 1: Update the rotation matrix Q, dilation coefficient p
given P.; and T ;. In this step, the objective is completely
reduced to (8). As aforementioned, (8) is a matrix trace
minimization problem with orthonormal constraints, which can
resort to Procrustes similarity analysis [31] for optimal so-
lution. Specifically, performing singular value decomposition
yields P ,P.; = UAVT, then there is Q = VU’ and
further p = trace (PCVSQTPZt)/trace (Pc,tPZt)~

Step 2: With the iterative dilation factor p and the coordinate
rotation matrix @, it is necessary to update the common
loading matrix P.; and core matrix T, in the target domain.
By introducing data X7 from the target domain, the recon-
struction loss of the common subspace is calculated. Then (9)
is converted to another orthogonal Procrustes problem, which
has the following solutions.

2
arg min XTD - Tc,t(Pc,tQ)THF + /\ ”Pc,s - ch,tQHi‘
Te,t,Pe,t

= arg max trace (Pc,tQTZ:tXTD) + Mtrace (chthP?_S)
Te,t,Pet i

s.t.Pgtht =1,QTQ =1
(10)
Since the optimization problem is not a joint convex problem
for both P, ; and T ;, but is separately convex to P, (while
holding T, fixed) and convex to T., (while holding P,
fixed) [32]. Therefore, an iterative optimization method is
introduced to obtain the optimal values of P.; and T ;.
First, update P.; while holding T., fixed. Notice (10)
aims to maximize the trace of the matrix P.;W where
W is QTthTD + A\pQP[,. Perform SVD on W , ie.,
W = UAVT. There is further

arg max trace (PcthAVT) = trace (AVTPC,tU)

P.. (11)
s.t.Pthc,t =1,Q7TQ =1
Since A is diagonal, there is
trace (AV'P.,U) =Y A;;(VIP.,U),, (12

where the subscript i,¢ denotes the i-th diagonal element of
a matrix. We can see V, P,y and U are all orthonormal
matrices. The diagonal element of their product (VP ,U)
should be no more than 1, i.e.,

Z A (VTPc,tU)m- < Z AL = Z A

(13) take the equal sign if and only if VIP., U =1 so that
P.; = VUT is the solution of (11). Finally, the loadings
learned are P.; = P.:Q = VU’ Q. Sequentially, the score
matrix is updated as T.; = XTD P while holding P,
fixed.
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Fig. 4: MsTL fault detection flowchart for offline modeling and online fault detection.

To sum up, the proposed optimization issue is divided
into two steps and further transform into separately convex
problems. The algorithm will achieve a smaller objective value
at each iteration so that the algorithm can be finally converged.
Then the iteration termination condition can be defined by
the maximum number of iterations or the objective evolving
curve. The optimization procedure is shown in Algorithm 1.
After completing the optimization steps, the common part of
the target domain can be obtained, i.e., X ; = TcﬂchT’t .

IV. APPLICATION TO PROCESS MONITORING

The fault detection indices should be built for online moni-
toring after the multi-source transfer learning model is trained.
Notice we here pursue satisfactory knowledge transfer rather
than information preservation. Therefore, besides the common
components extracted by solving the transfer learning problem,
part information representing the fluctuation of the target mode
is contained in the individual components E.; and there is

E..=X"" - X, (14)
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Algorithm 1 MsTL Optimization Procedure.

Input: Target domain data X7, common loadings P., in
source domain, maximum number of iterations [
Output: Common loadings matrix P, score matrix T ; in
target domain
1: Initialization: use PCA to initialize P.; and T.; by
decomposing X7
2: for i =1,2...;1 do
3 // Step 1
4: PZSPC,t =UAVT;
5. Update the rotation matrix: Q = VUT;
6:  Update the dilation coefficient:
p = trace (PC)SQTPgt)/trace (Pc,tPcT’t);
/I Step 2
QTthTD + ApQPT = UAVT
. Update the common léadings: P.,=VUTQ
10:  Update the score matrix: T., = XTPP,,
11: end for

® 3

In this case, the detection indices can be designed in the
common component subspace and the individual component
subspace, respectively.

Through PCA, it is easy to decompose E.; into the prin-
cipal component subspace and the residual subspace, respec-
tively, given by

E:.=Xi:+E;; = T’L,tPZ:t +E;; (15)

In this case, cross validation and cumulative percentage vari-
ance (CPV) can be utilized to calculate the number of principal
components of each mode [22].

A sample from new target domain arrives, the common
score is
(16)

T
tnew,c,t = Pc,twnew,t
Correspondingly, the residual part of Xy 1S €pew,c,t =

T . . . . .
(I — Pc,t,nech,t,new) Tpew,t- Similarly, for individual com-

ponents, there are
(I7)
(18)

_ pT
tnew,i,t - Pi,tenew,c,t
_ T
Enew,i,t — (I - Pi,tPi;t) Enew,c,t

The Hotelling’s 7' statistic to measure the variations in the
common subspace and the principal component subspace of
individual subspace is constructed as follows

n
1

TSew,c = trj;ew,c,t (I lTZtTC,t> tnew,c,t (19)
. —

T
1

Tje’w,i = t'rq;ew,i,t (I]_TZ:tTi,t> tnew,i,t (20)
. —

Given the confidence level «, the control limit of the
Hotelling’s T? statistics is easy to defined, referring to [33].

The squared prediction error (SPE) statistic of individual
subspace reflects the influence of the noise in residual subspace

SPE = ||encw.it|’ 1)

When the calculated statistics are less than the correspond-
ing control limits, it indicates a normal condition; otherwise,

TABLE I: Description of the fault in numerical example

Fault No. Fault type Fault description
. 15% observation variable change by
Fault 1 Slope drift fault 0.005 (i — 500)
nd ati : Q
Fault 2 Step fault 2 observation variable step
change by 3.
The element in the third column
S of the fourth row of the projec-
Fault 3 Multiplicative fault tion matrix changes from 0.2134 to
0.5134.
. 45t observation variable change by
Fault 4 Slope drift fault 0.005 (i — 500)
Eault 5 Step fault 3 observation variable step
change by 2.
The element in the first column
Fault 6 Multiplicative fault of the fifth row of the projection

matrix changes from 0.5678 to -
0.8423.

there is an anomaly case. Fig. 4 shows the process of offline
modeling and online monitoring in this paper.

V. CASE STUDY

A numerical case and an actual hydrocracking process are
applied in this section to demonstrate the effectiveness of the
proposed method.

A. Numerical case

A five-variable numerical example can be constructed by
the following equation,

Ts,1 0.3723 —0.1893 0.4790 es,1
T2 0.9080 0.2954  —0.6489 Se1 €52
o3 | = | 05842  0.3490  0.6745 Ss2 |+| es3
T4 0.7328 —0.4389  0.2134 853 €54
Ts 5 0.5678 —0.1321 0.7882 es 5
(22)
where we assume each variable x,; is sampled from a

mixture of three Gaussian distributions s;1 ~ N (0,1),
ss2 ~ N(1,1), and ss3 ~ N (2,1) plus a white noise
e, ; with mean of zero and standard deviations of 0.01. Then
the first source domain data x4 is exactly collected with Eq.
(22). The second source domain and target domain data are
created via merely changing the generation of second variable,
respectively, while keeping the remaining ones. That is,

Ty5 = —0.9080s, 1 + 0.2954s, 5 — 0.6489s, 3+€, 2
@9 = —0.9080s, 1 + 0.29545, ,+0.6489s, 34€;

(23)
(24)

Each of the two source domains is with a total of 1000 sam-
ples. The target domain is under the condition of few samples,
only 20 samples. The common components of historical multi-
working conditions are constructed through the data of the
source domain, which can be transferred to the few samples
working conditions of the target domain. For PCA, sparse
PCA [34] and SPCA-SI [35], the two principal components
are retained. The value of the common principal subspace of
Cnl-PCA [22], CPD [21] and the proposed method is also set
to two for fair comparison, the coefficient matrix A is 0.2 by
trial and error. In every case, the confidence level of 5% was
used to calculate the control limit.

To test the efficiency of the proposed method, six faults,
including three types, are introduced under target domain
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TABLE II: Monitoring results of numerical example

Fault No MSsTL method SPCA-SI CPD-based method Cnl-PCA Sparse PCA PCA
CT? T7 SPE; 17 SPE T? T7 SPE; T2 T? SPE; T? SPE T? SPE
Normal 2.0 0.8 1.8 4.6 8.0 1.8 1.4 3.6 3.8 4.6 1.2 4.0 1.2 1.8 1.8

1 46 534 89.0 3.6 79.2 28 290 63.2 5.4 14 73.8 9.2 56.8 5.0 57.2
2 25.6 1.0 100.0 2.8 54.2 0.8 11.8 81.2 6.8 2.0 46.2 232 52.6 250 464
3 214 04 88.4 76.0 82.2 2.4 18.0 55.8 394 682 73.0 19.8 26.2 252 224
4 176 24.0 86.2 16.8 65.0 6.6 418 47.6 5.8 7.0 65.4 24.8 64.0 17.6 63.4
5 13.6  79.8 97.4 2.6 74.4 144 240 86.2 3.0 2.2 59.2 15.2 79.8 4.0 78.8
6 104 20.0 82.6 104 520 44 12.0 62.2 5.6 6.4 54.4 9.2 50.0 10.0  49.6
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Fig. 5: (a)Raw data; (b)Common subspace; (c)Individual
subspace.

working conditions, as indicated in Table I. The test data
are identically distributed with target mode, which has 1000
samples, and faults occur in 500" sample point.

Moreover, the traditional process monitoring methods in-
cluding PCA and sparse PCA are built using the same 20
samples in target domain only. The multimode process mon-
itoring methods including Cnl-PCA, CPD-based method and
SPCA-SI are built using 20 samples in each source domain
and 20 samples in target domain. The performance of four
methods shown in Table II. In Fig. 5, the data distribution
of source domain 1, source domain 2, target domain and
fault 1 are shown, with original data subspace, common and
individual subspace being extracted by the proposed method.
It can be seen from Fig. 5(b) that the data distribution of
the target domain is close to that of fault 1 in the common
subspace, while in the individual subspace Fig. 5(c), the data
distribution of the target domain and fault 1 can be clearly
distinguished, this means that fault 1 is better monitored in
individual subspace. Fig. 6 shows the monitoring performance
with the fault 1. It can be seen that in fault 1, the MsTL
method achieves a better monitoring effect on the individual
subspace T7? and SPE;, which is consistent with the previous
analysis.

From Table II, the proposed MsTL method has the best
monitoring effectiveness. The proposed method obtains the
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Fig. 6: (a)PCA; (b)Sparse PCA; (c)Cnl-PCA; (d)CPD-based
method; (e)SPCA-SI; (f)MsTL method.

TABLE III: Mode description of hydrocracking process

Mode No. Mode description
Mode 1 Variation in the characteristics of crude oil
Mode 2 Feed variation
Mode 3 Diesel catalytic conversion

common subspace under the new working condition by fusing
the prior knowledge of the common components of the histor-
ical multiple working conditions. When the training data set
is small, the monitoring effectiveness decreases because the
PCA and sparse PCA models cannot fully utilize the data in
the source domain, and it is difficult to build an accurate model
only based on the target domain data of few samples. Similarly,
the Cnl-PCA, CPD-based method and SPCA-SI model in few
samples, and their modeling abilities are affected by the data
samples, which cannot reflect the common and individual
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TABLE IV: Monitoring results of hydrocracking process

Fault No MSsSTL method SPCA-SI CPD-based method Cnl-PCA Sparse PCA PCA
"~ TZ T SPE; 12 SPE T2 T2 SPE; 12 TZ SPE; T2 SPE T2 SPE
Normal 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
1 100.0  100.0 100.0 100.0  100.0 100.0 100.0 100.0 100.0  100.0 100.0 100.0 100.0 100.0 100.0
2 66.7 100.0 45.3 79.2 56.9 44.6 459 71.6 83.3 86.1 79.2 69.3 45.3 65.3 46.7
3 98.7 100.0 10.7 57.3 16 0.0 9.3 72.0 66.7 1.3 21.3 56.0 14.0 30.7 6.8
of the proposed method.
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Fig. 7: The sensitivity analysis for the number of samples.

feature of the multimode domain, so their monitoring results
are worse than the methods proposed in this paper. At the same
time, the monitoring effect of sparse PCA is better than that of
PCA, because sparse PCA modifies the principal components
with more zero weightings, which makes the model more
suitable for small sample data modeling.

In fault 6, the sensitivity analysis is performed on the
number of samples from the target domain, as shown in Fig.
7. Let the number of samples change from 10 to 100, the
fault detection rates are improved for all methods. From the
perspective of fault detection performance saturation, both
PCA and sparse PCA show significant improvements in fault
detection rates as the number of samples increases. Because
their modeling fully depends on the size of the training set of
the target domain, the fault detection performance is still not
saturated until the sample number is 100. Compared with PCA
and sparse PCA, the Cnl-PCA and the CPD-based method
utilize training data not only from the target domain, but also
from the source domain. The prior knowledge of the source
domain is extracted by decomposing the data space of the
source domain and the target domain into common subspace
and individual subspace, so the fault detection performance
reaches saturation when the number of target domain samples
is 50. Unlike the CnI-PCA and the CPD-based method, the
successive historical modes of the source domain are learned
in a sequential fashion by the SPCA-SI, whose fault detection
performance reaches saturation when the sample is 50. The
proposed method introduces transfer learning to more fully
fuse the historical data of the source domain to model the new
data of the target domain, so the fault detection performance
reaches saturation when the sample is 30. In summary, com-
pared with other comparison methods, the proposed approach
exhibits the best modeling ability and monitoring performance
on the target domain dataset with few samples. The sensitivity
analysis for the number of samples verified the effectiveness

Hydrogen

Stripper
top gas

7y,
N
Sr S‘ GX
N N —
=2 o
tripper|
Fig. 8: An industrial hydrocracking process technology flow
diagram.

In petrochemical production, hydrocracking reaction is a
very representative process. The hydrocracking process used in
this paper is carried out from an actual chemical plant. Fig. 8
shows the hydrocracking process flow diagram. Hydrocrack-
ing is a petroleum secondary processing method. It mostly
turns substandard crude oil into alternative clean and effi-
cient petroleum fuels using chemical processes (hydrofining,
hydrocracking) and physical reactions (gas-liquid separation,
product fractionation). The hydrocracking and hydrofining
process is used to remove the non-hydrocarbon compounds
in the feedstock. Hydrocracking is mainly to convert large
molecules into small molecules through cracking reaction,
so as to further reduce the content of hydrogen, sulfur and
nitrogen in the feedstock, and obtain products after catalytic
reforming, including heavy naphtha, diesel or jet fuel. After the
hydrocracking reaction, the reaction effluent is separated by
high- and low-pressure separator. According to the principle of
different boiling points of different components, hydrocracking
products are fractionated and separated to obtain light liquefied
gas, heavy naphtha, kerosene and diesel oil. At the same time,
due to the different feed requirements from different processes
and the production of different products, hydrocracking needs
to change the production process frequently to meet the
needs of production of different products, which leads to
hydrocracking is a production process with multiple working
conditions.

In this study, 188 process variables for the hydrocracking
process were chosen. The process data is gathered from
industrial historians at 5-minute intervals. Table III shows the
selection of three operating modes: variation in the charac-
teristics of crude oil, feed fluctuation, and diesel catalytic
conversion. In the test set, there are 108, 120, and 92 samples
in working conditions 1, 2, and 3, respectively, and the fault
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occurs at the 38th, 48th, and 17th sample points respectively.
There are 181 sample points in each source domain in the
training set, but only 30 sample points in the target domain,
and the target domain is in a few samples environment. To
evaluate the effectiveness of the proposed monitoring method,
the monitoring model is built using PCA, sparse PCA, Cnl-
PCA, CPD-based method and SPCA-SI for comparison. The
PCA and sparse PCA are built using the same 30 samples
in target domain only. The CnI-PCA, CPD-based method and
SPCA-SI are built using 30 samples in each source domain
and 30 samples in target domain.

For PCA, sparse PCA and SPCA-SI, the number of principle
components is set to 15 to cover 85% of the sum of eigenvalues
of the covariance matrix. For Cnl-PCA and CPD-basd method,
the dimensionality of common subspace and individual sub-
space is set to 15, and the value of the common principal
subspace of the proposed method is also set to 15 for fair
comparison, the coefficient matrix A is 0.1 by trial and error.
In every case, the confidence level of 5% was used to calculate
the control limit.

Fig. 9 depicts the data distribution of the source domains
1, 2, and 3 as well as fault 3, with original data subspace,
common and individual subspace are extracted by proposed
method. And from Fig. 9, the fault data and target domain
data are well differentiated in both the common subspace
and the individual subspace, which is consistent with the
monitoring effect of the proposed method demonstrated in Fig.
10(f). Table IV’s performance of the six approaches reveals
that the proposed method outperforms them all. The proposed
method obtains the common subspace of the target domain
by incorporating the common components in the source do-
main as a priori knowledge. Therefore, it still achieves good
monitoring performance on the target domain dataset with
few samples, which indicates that the common subspace of
the target domain effectively integrates the prior knowledge
of the common subspace of the source domain. For PCA
and sparse PCA, the monitoring performance is poor in the
case of few samples.Similarly, the Cnl-PCA and CPD-based
method model in few samples, and their modeling abilities are
affected by few data samples. Although SPAC-SI is a few-
sample method, it may forget the knowledge learned from
the historical modes, so it is no more effective than the
proposed method. As for the sparse PCA, if there are much
more variables than samples, the sparse method gets modified
PCs with some possibly zero weightings, and the monitoring
effectiveness is better than traditional PCA.

VI. CONCLUSIONS

In this paper, a MsTL method is proposed to transfer
the common components of historical multimode as prior
knowledge to the few-samples mode in the target domain. It
solves the problem that the modeling ability declines due to
insufficient data at the early stage of the new domain. The
optimal transformation of matching new mode features with
common features is achieved without changing the internal
association of new modalities. We verify the effectiveness of
the MSTL method through a numerical example and a real-
world hydrocracking case. In future work, we will further

2 30 4 50 60 5 10 5 0 10 15 20 25 30 35

10 5
The first principal component The first principal component

(a) (b)

Fig. 9: (a)Raw data; (b)Common subspace; (c)Individual
subspace.
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Fig. 10: (a)PCA; (b)Sparse PCA; (c)Cnl-PCA; (d)CPD-based
method; (e)SPCA-SI; (f)MsTL method.
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exploit this problem under nonlinear situations at the data level
and complex dynamic characteristics at the process level.
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