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Abstract With the development of the industrial cyber-physical systems, a small amount of labeled data
and a large amount of unlabeled data are collected from the industrial process. Due to the variation of internal
operation conditions and external environment, there is a between-mode similarity between data samples. The
scarcity of labeled data and the existence of similarity make it challenging to extract data characteristics. In
addition, it creates new challenges to process monitoring. To solve these problems, this study proposes a label
propagation dictionary learning method. We first establish the connection between atoms and corresponding
profiles and realize the propagation of their labels through graph Laplacian regularization. Then, considering
the similarity of samples in the same class, the low-rank constraint is added to sparse coding to strengthen
the mutual propagation of labels. Finally, an optimization method is designed to obtain the dictionary
and classifier simultaneously. When new data samples arrive, we conduct process monitoring and condition
prediction based on the learned dictionary and classifier. Experiments show that the proposed method can
achieve satisfactory monitoring performance when compared to several state-of-the-art methods, indicating
the superiority of the proposed method.
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Laplacian regularization
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1

Introduction

With the continuous development of industrial-system information technology, the industrial cyberphysical systems (ICPSs) have become mainstream in industrial processes [1, 2]. A typical ICPS can
be divided into two layers: the physical and cyberspace layers. Here, the physical layer is primarily a
factory manufacturing and development product, and the cyberspace layer completes process monitoring and intelligent decision-making by collecting industrial data and applying advanced data-analysis
methods.
With intelligent and automated industrial processes, a minor failure may cause great losses. To provide early warning for reducing economic losses in the event of unexpected failure, process monitoring
technology has been of concern in the modern process industry [3]. Due to the continuous improvement
of the data-analysis method and other information technologies, the data-driven method has been studied in industrial processes due to its accuracy and simplicity [4–6]. The multivariate statistical process
monitoring method (MSPM), as the most commonly used data-driven approach, has received attention
in academics and industry. Examples of the MSPM method include principal component analysis (PCA)
and partial least squares (PLS), which extract data features from training data to determine the normal
working range in a lower dimension space [7–9]. At the same time, with the rise in machine learning
methods, such as support vector machine [10] and random forest [11] are being applied in the community
of process monitoring.
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However, due to changes in raw materials, set values, and loads, the industrial process is featured
by multimode with frequently changed conditions. Multimode process monitoring is more complicated
than single-mode process monitoring. A direct approach is to use label information to solve multimode
interference. Wuest et al. [12] proposed a supervised machine learning method to monitor manufacturing
quality. However, the supervised learning method requires a large amount of labeled data to extract
features to achieve higher prediction accuracy. In the real industrial process, it is expensive to obtain
labeled data by changing operating condition experiments in an in-control manner. Data retained at the
industrial site are unlabeled, and only a few are labeled. Therefore, unsupervised learning and semisupervised learning for process monitoring is meaningful. Lei et al. [13] and Zheng et al. [14] proposed
unsupervised feature learning for fault diagnosis. Monroy et al. [15] proposed a semi-supervised fault
diagnosis method for chemical processes, and the results verified its performance. Yu et al. [16] proposed
a multistage semi-supervised learning approach for intelligent fault diagnosis of rolling bearing.
Moreover, due to the similarity of raw materials and work processes between different conditions, the
data of different modes are similar. Thus, we named it a between-mode similarity. From the perspective
that the similarity of data covers up the data classification characteristics, the above methods are difficult
to extract the data feature, and process monitoring is difficult to achieve the desired result. Recent
progress in low-rank representation has shown that noisy data from different subspaces can be recovered
by seeking the lowest-rank coding matrix for all samples [17]. On this basis, Li et al. [18] established a
balanced graph method to achieve a better semi-supervised learning effect by constructing constraints to
obtain the robust similarity of different samples. Liu et al. [19] proposed a new semi-supervised graph
construction method to study the similarity relationship between data samples. Although the low-rank
representation model achieves better discrimination results under the interference of some noisy data, it
ignores the superiority of sparsity in data feature extraction and does not explore the structure of the
data through manifold learning.
As a strong statistical modeling method, dictionary learning can extract the underlying structure of
the data, which has good data expression and generalization capabilities [20]. Most of the data have
redundant information, which will complicate the representation of the data. Sparse representation eliminates the interference of data redundancy and places similar data in a close space. Therefore, dictionary
learning can be used in classification tasks in many fields, such as pattern recognition [20], computer
vision [21]. To better apply dictionary learning to multi-classification tasks, researchers have proposed
some discriminative dictionary learning methods with special properties, such as label consistent K-SVD
(LC-KSVD) [22], metaface learning method [23], supervised dictionary learning method [24], and discriminative K-SVD (D-KSVD) method [25]. At the same time, as a data-driven method, dictionary
learning has also been used in the field of process monitoring. Pilastre et al. [26] introduced a new
machine-learning method for anomaly detection in telemetry time series based on sparse representation
and dictionary learning. Huang et al. [27] proposed a kernel dictionary learning method for nonlinear
problems. The effects of these methods illustrate the superiority of dictionary learning over traditional
methods in process monitoring applications. However, the above-mentioned dictionary learning methods
assume that the labels of data are perfect and the data of different modes have the discriminative features. However, data under different conditions have shared atoms. Moreover, with an increase in mode
numbers, the between-mode similarity becomes more serious. Thus, when the above-mentioned methods
are introduced for industrial process monitoring, the performance is limited.
In this study, to minimize interference with data similarity, label propagation dictionary learning
(LPDL) is proposed to complete the task of process monitoring. In our method, joint sparse and low-rank
constraints are set to extract data features and promote the similarity of samples of the same category.
In addition, the sparse-coding matrix is used to build a graph to realize the label propagation through
the category features reflected by the atom to achieve good results. Moreover, a numerical algorithm
based on the alternating direction method of multipliers (ADMM) is proposed to obtain the dictionary
and classifier simultaneously. The industrial data of similarity data are difficult to obtain the desired
effect in the process monitoring. Thus, the main contributions of this paper are as follows. First, a taskoriented process monitoring method is proposed to consider the lack of labeled data and the existence of
similarity data. Second, since the label propagation promotes data feature extraction, it has good data
representation ability for multimode industrial-process data with between-mode similarity. Finally, the
analysis of industrial data verifies the existence of similarity, and extensive experiments indicate that the
proposed method has better process monitoring performance.
The rest of this paper is organized as follows. In Section 2, the modeling process of the method, the
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optimization of the solution algorithm, and the application of the proposed method for process monitoring
are given. In Section 3, three experiments are designed to illustrate the effect of the proposed method.
In Section 4, the conclusion is given.

2
2.1

Methodology
Preliminaries

The task of dictionary learning is to get a dictionary to sparsely represent all the sample data. Mathematically,
X ≈ DZ,
(1)
where X = [x1 , x2 , . . . , xM ] ∈ Rd×M represents the sample matrix, and d and M represent the data
dimension and sample size, respectively. D= [d1 , . . . , dK ] ∈ Rd×K represents the dictionary matrix,
2
where K is the number of atoms and di is called atom, which needs to meet the constraint kdi k2 = 1, ∀i.
K×M
Z = [z1 , z2 , . . . , zM ] ∈ R
is the sparse coding matrix. The above problem is specifically described as
the following optimization problem:
hD, Zi = arg min ||X − DZ||2F
D,Z

s.t. ∀i, ||zi ||0 6 T0 ,

(2)

qP
2
where ||X − DZ||2F represents the reconstruction error. kXkF =
i,j xij . kxk0 is the L0 norm of
x, which indicates the number of non-zero elements of x. zi represents the sparse coding vector, and
constraint kzi k0 6 T0 represents the number of non-zero elements of zi which is less than or equal to T0 .
Since the L0 norm is non-convex, L1 norm optimization is usually used instead of L0 norm optimization.
Mathematically,
hD, Zi = arg min ||X − DZ||2F
s.t. ∀i, ||zi ||1 6 T0 .
(3)
D,Z

Eq. (3) is a constrained optimization problem, which can be transformed into an unconstrained optimization problem as follows:
hD, Zi = arg min ||X − DZ||2F + kZk1 .
(4)
D,Z

For the two optimization variables D and Z in (4), they are not jointly convex and one needs to be fixed
to solve the other. Usually, the K-SVD method or the method of directions (MODs) is used to obtain
dictionary D [28]. For the sparse coding, the orthogonal matching pursuit (OMP) is usually used to get
the solution [29].
2.2

Motivation

Although the dictionary learning method has a fine effect on data representation, there are many difficulties when applied to process monitoring. Conditions change frequently due to changes in raw materials,
the set value, and loads at the industrial site. Identifying conditions is an indispensable part of controlling
industrial processes. However, due to the small difference in operating requirements and the influence
of other factors under different conditions in the same industrial process, there is a similarity in the
condition data, which challenges the prediction of conditions. To show that the above situation exists,
we calculated the distance similarity of the data under the two conditions in the continuous stirred tank
heater (CSTH) and visualized it to obtain Figure 1. The data contain 100 samplings in each condition.
The diagonal block is similar, as shown in Figure 1, which demonstrates the similarity of data of the
same condition. However, the antiangle block is similar at the same time, which notes that the data of
different conditions are similar. Therefore, there is a between-mode similarity in industrial data. Moreover, considering the stability of industrial production, only a few dimensions of the data are affected,
whereas other dimensions retain the changing trend of the original data when the sensors on the site are
abnormal. Therefore, the minor-fault data retain the classification characteristics of the original data,
which means the class of fault can be judged using the characteristics of the original condition data, and
this viewpoint is verified in the following prediction experiment of fault conditions.
The between-mode similarity challenges process monitoring. It is difficult to extract data features
because of the increased complexity of the data. Taking the CSTH data in Figure 1 as an example, it is
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difficult to predict the conditions of these data using traditional methods, and the conditions of some data
are easily confused. At the same time, the scarcity of label samples complicates the feature extraction of
similarity data and also makes the classification of industrial data difficult. This inspired us to propose
a new method that considers the impact of scarce label samples and the interference of between-mode
similarity to effectively extract data features.
2.3

Label propagation dictionary learning

In this subsection, we will introduce the proposed label propagation dictionary learning method in detail.
The entire procedure of the proposed method for process monitoring is summarized in Figure 2. It
consists of three parts: offline model designing, optimization algorithm, and online monitoring. First,
we design the generation of similar industrial data for the similarity. Then an optimization algorithm
is designed to solve the model and obtain a dictionary and a linear classifier. Finally, the new data are
expressed through the trained dictionary to carry out process monitoring and condition prediction.
2.3.1 Offline model designing
According to the definition of dictionary learning mentioned above, the sample matrix can be represented
by the dictionary D as X ≈ DZ. X = [Xl ,Xu ] = [x1 , . . . , xl , xl+1 , . . . , xl+u ] ∈ Rd×(l+u) is a matrix
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obtained by l + u samples collected by d sensors. Xl and Xu are respectively the labeled and unlabeled
sample matrices. Z = [z1 , z2 , . . . , zl+u ] ∈ Rm×(l+u) is the sparse encoding of X on D. The goal is to learn
a dictionary D = [d1 , d2 , . . . , dm ] ∈ Rd×m to reconstruct the data.
In order to use the label information of the label samples for classification, Yl = [y1 , y2 , . . . , yl ] ∈ RK×l
is defined to represent the label matrix of data. yi is the one-hot encoding vector of the corresponding
label of xi and K is the number of categories. If xi belongs to the kth category, the element yik is
1, and the other elements are 0. Based on the assumption that the way that the atoms reconstruct
the samples and that the atom labels reconstruct the sample labels are similar, the soft label matrix
A = [a1 , a2 , . . . , am ] ∈ RK×m is defined to represent the atom labels, where ai is the soft label of the
atom di , which only indicates the possibility that di belongs to some category but does not specify which
category di belongs to.
Based on (1), the relationship between the label of the atom and the sample label can be shown as
yi ≈ Azi .

(5)

Since the sample labels are represented by linear combinations of atom labels, we apply non-negative
constraints on the sparse coding matrix Z to make this more credible [30]. The non-negative constraint
ensures that the sample label is in the convex hull of the atom label. In [31], the row vector ẑ i in the
sparse coding matrix is called the profile of the atom. Based on this idea, the example can be represented
by the atom as
X ≈ d1 ẑ 1 + d2 ẑ 2 + · · · + dm ẑ m .
(6)
It can be known from (6) that the influence of the atom for reconstructing data can be measured by its
profile. The profile has impact on the reconstruction of the sample. If the profiles of two atoms are similar,
the two atoms are more likely to belong to the same class. Similarly, if two atoms belong to the same
class, their profiles should also be similar. It can be considered that the profile and the corresponding
atom have the same label. We follow the idea in [30] to construct an affinity matrix W = ZZ T to measure
the similarity between profiles. The graph Laplacian regularization based on W can be expressed as
m

m

1 XX
2
wij kai − aj k2 = tr(ALAT ),
2 i=1 j=1

(7)

Pm
where L = Λ−W is a Laplacian matrix. Λ is a diagonal matrix. Λii = j=1 wij . Lij corresponds to the
measure of similarity between ẑ i and ẑ j . If the value of Lij is negative, it means that the profiles ẑ i and
ẑ j are similar, and then the corresponding atoms di and dj are similar, which means their labels ai and
aj are similar. If the value is 0, the labels of the corresponding atoms are independent. Graph Laplacian
regularization constraint realizes the mutual label propagation of atoms and corresponding profiles.
Besides, the number of samples in the sample matrix X is much larger than the number of categories,
and the sample vectors in the same category should be as similar as possible, so the sample matrix is
low-rank. In dictionary learning, the sparse coding vector zi is the sparse coding of the sample xi on
the dictionary. If the samples xi and xj are similar, the corresponding zi and zj should also be similar,
so the sparse coding matrix is also low-rank. We hope that the low-rank constraint on Z can promote
the similarity of sparse coding vector in the same class. The row rank of the matrix is equal to the
column rank, so the low-rank constraint also emphasizes that the profiles in the same class are similar
and facilitates the label propagation from profiles to dictionary atoms. Accordingly, the final optimization
problem of the proposed method can be formulated as follows:
1
2
kX − DZkF + αkZk1 + βkZk∗ + γtr(ALAT )
D∈C,A,Z 2
λ
2
+ kAZl − Yl kF
2
s.t. Z > 0,
min

(8)

where kZk∗ is the low-rank constraint on the coding matrix. tr(ALAT ) emphasizes that similar profiles
2
and corresponding atoms have similar labels and kAZl − Yl kF requires that the linear product of the
classifier and the sparse coding of the labeled data match the label of the labeled data as much as
possible. C = {D = [d1 , d2 , . . . , dm ] ∈ Rd×m , s.t. dT
i di 6 1, ∀i = 1, 2, . . . , m}. Compared with traditional
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dictionary learning that only emphasizes the sparsity of coding, adding low-rank constraints to the coding
matrix better reflects the similarity of the sample vector of the sample matrix. The low-rank constraints
on the coding matrix and the graph Laplacian regularization can better extract the characteristics of the
data, which further promotes the generation of the discriminative dictionary.
2.3.2 Optimization algorithm
After getting (8), it is difficult to directly solve the three variables D, A and Z. We use the alternate
iterative optimization method to solve the problem (8), which fixes other variables when optimizing
one variable. The optimization process mainly includes three steps: sparse coding updating, dictionary
updating, and classifier updating. The following is a detailed description of each step.
(1) Sparse coding updating. Fixing D and A, the optimization problem can be described as
1
2
min kX − DZkF + αkZk1 + βkZk∗
Z 2
λ
T
+ γ1T
kAZl − Yl k2F
m (S ◦ ZZ )1m +
2
s.t. Z > 0,

(9)

Pm Pm
2
2
T
T
where γ1T
m (S◦ZZ )1m =
i=1
j=1 wij (kai − aj k2 /2) = tr(ALA ), Sij = kai − aj k2 /2, ◦ is Hadamard
product.
Since the optimization objective function contains the dependency of Z, it is difficult to optimize
(9) directly. To remove dependencies and solve the model, three auxiliary variables P , Ql and Qu are
introduced, and Eq. (9) can be reformulated as follows:
1

1
2
kX − DQu kF
2
T
+ αkZk1 + βkP k∗ + γ1T
m (S ◦ (Ql Ql ))1m
λ
2
T
+ γ1T
kAQl − Yl kF
m (S ◦ (Qu Qu ))1m +
2
s.t. Z = P, Z = Q, Q = [Ql , Qu ], Z > 0.
min

Z,P,Ql ,Qu 2

2

kX − DQl kF +

(10)

The corresponding augmented Lagrangian function is
Lµ (Z, P,Ql , Qu ,Λ1 ,Λ2 )
1
1
= kX − DQl k2F + kX − DQu k2F + αkZk1
2
2
T
+ βkP k∗ + γ1T
(S
◦ (Ql Ql T ))1m + γ1T
m
m (S ◦ (Qu Qu ))1m
λ
2
+ kAQl − Yl kF + h Z − P, Λ1 i + h Z − Q, Λ2 i
2
µ
2
2
+ (kZ − P kF + kZ − QkF ),
2

(11)

where Λ1 , Λ2 are the Lagrangian multipliers, µ is the penalty parameter that is adopted from the adaptive
strategy in [32].
We adopt the ADMM to solve the optimization problem of multiplier terms [33, 34], and the steps to
solve the problem are as follows:
Update Z:
Z k+1 = arg min Lµ (Z,P k ,Ql k , Qu k ,Λ1 k ,Λ2 k )
Z>0

= arg min
Z>0

1
α
kZk1 +
Z − Rk
2µ
2

2
F

(12)
,

where Rk = (µP k + µQk − Λ1 k − Λ2 k )/(2µ). For (12), without Z > 0, the optimization solution is
α (Rk ). D (·) is a soft threshold operator.
D 2µ
η
Dη (x) = sgn(x) max(|x| − η, 0).

(13)
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The solution to (12) is


k
α (R )
Z k+1 = max 0, D 2µ
.

Update P :

(14)

P k+1 = arg min Lµ (Z k+1 ,P ,Ql k , Qu k ,Λ1 k ,Λ2 k )
P

= arg min βkP k∗ +
P

To solve (15), get the SVD decomposition of Z

k+1

Z k+1 +

u
1
Z k+1 − P + Λ1 k
2
u

+

(15)

2

.
F

k
1
u Λ1 :

1 k
Λ1 = U HV T .
u

(16)

Then use (16) to calculate the soft threshold for the singular value matrix, and update P as follows:
P = U Dβu−1 (H)V T .

(17)

Update Ql :
Qk+1
= arg min Lµ (Z k+1 ,P k+1 ,Ql , Qu k ,Λ1 k ,Λ2 k )
l
Ql

= arg min
Ql

λ
1
2
2
kXl − DQl kF + kAQl − Yl kF
2
2

Λk2(l)
µ
+
Zlk+1 − Ql +
2
u

(18)

2

+

γ1T
m (S

T

◦ Ql Ql )1m

F

=(DT D + γ(S T + S) + λAT A + uI)−1 (DT Xl + λAT Yl + uZlk+1 + Λk2(l) ).
Update Qu :

Qk+1
= arg min Lµ (Z k+1 ,P k+1 ,Ql k+1 , Qu ,Λ1 k ,Λ2 k )
u
Qu

= arg min
Qu

1
T
kXu − DQu k2F + γ1T
m (S ◦ Qu Qu )1m
2

Λk2(u)
µ
+
Zuk+1 − Qu +
2
u

2

(19)

F

= (DT D + γ(S T + S) + uI)−1 (DT Xu + uZuk+1 + Λk2(u) ).
Update the Lagrangian multipliers:
Λ1 k+1 = Λ1 k + µ(Z k+1 − P k+1 ),
Λ2 k+1 = Λ2 k + µ(Z k+1 − Qk+1 ).

(20)

(2) Classifier updating. Fixing D and Z, the optimization problem can be described as
min γtr(ALAT ) +
A

λ
2
kAZl − Yl kF .
2

(21)

Letting the derivative of (20) be 0, the solution of A can be obtained as follows:
A = λYl Zl T (λZl Zl T + 2γL)−1 .

(22)

(3) Dictionary updating. Fixing A and Z, the optimization problem can be described as
min

D∈C

1
2
kX − DZkF .
2

Introduce the auxiliary matrix G, and define the function IC (G) as
(
0,
if G ∈ C,
IC (G) =
+∞, otherwise.

(23)

(24)
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The form of augmented Lagrangian function is
1
fu (D, G, Λ) = kX − DZk2F + IC (G) + hΛ, D − Gi
2
µ
+ kD − Gk2F .
2

(25)

The ADMM method was introduced to solve the optimization problem iteratively by the following
steps.
Update D:
Dk+1 = arg min fµ (D,Gk ,Λk )
D
(26)
= (XZ T − Λk + uGk )(ZZ T + uI)−1 .
Update G:

Update Λ:

Gk+1 = arg min fµ (Dk+1 , G,Λk )
G


1 k
k+1
= ΠC D
+ Λ .
µ

(27)

Λk+1 = Λk + µ(Dk+1 − Gk+1 ).

(28)

When the convergence criterion or stopping criterion is reached, a discriminative dictionary and a
classifier can be obtained. Although Eq. (8) is not jointly convex for all variables, it is convex for
iterative variables when other variables are fixed. So the convergence of the optimization method can be
guaranteed. The convergence for this iterative optimization method is studied in [30]. The detailed steps
of the optimization algorithm are summarized in Algorithm 1.
Algorithm 1 Label propagation dictionary learning for multimode process data
Input: Training data X = [Xl , Xu ], label matrix Yl , and parameters α, β, γ, λ.
Initialization: D0 , A0 , Z 0 , k = 0.
While {kX − DZk2F > ε, kYl − AZl k2F > ε} or k 6 Iteration do
Step 1 (Sparse coding): Fix Dk and Ak to obtain Z (k+1) according to (12)–(20);
Step 2 (Update classifier): Fix Dk and Z (k+1) to obtain A(k+1) according to (22);
Step 3 (Update dictionary): Fix A(k+1) and Z (k+1) to obtain D(k+1) according to (26)–(28);
Step 4: k ← k + 1;
end while
Output: D = Dk , A = Ak , Z = Z k .

2.3.3 Online process monitoring
After obtaining the dictionary and classifier, we will use them to perform fault detection and condition
classification on the new data.
(1) Fault detection. After obtaining the dictionary D based on the existing training data, the reconstruction error of the training data can be calculated by the sparse coding which is obtained through
OMP as follows:
2
Ei = kxi − Dzi k2 ,
(29)
where Ei represents the reconstruction error of xi and zi is the sparse coding of xi . After calculating the
reconstruction error of each sample, calculate the threshold Etr by the KDE method. The KDE method
is described as follows:


M
1 X
x − Ei
fh (x) =
K
,
(30)
M h i=1
h
where M is the number of training samples, h is the bandwidth, Ei is the reconstruction error of the xi ,
and K(x) is the Gaussian kernel function. According to (30), we set the confidence level and obtain the
threshold Etr .
For the testing data xnew waiting to be identified, the dictionary D is used to describe the testing data
xnew through the sparse representation model:
znew = arg min kxnew − Dzk22
z

s.t. kzk1 6 T.

(31)
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We use the sparse code znew and the obtained dictionary D to reconstruct the testing data. Mathematically,
∧
xnew = Dznew .
(32)
Therefore, the reconstruction error of the dictionary can be expressed as follows:
∧

LREnew = xnew − xnew

2
2

.

(33)

The reconstruction error LREnew and threshold Etr are used to determine the state of the industrial
process. If the testing data is normal, it is well represented by the dictionary and LREnew will be less
than the threshold. If LREnew > Etr , it illustrates that the reconstruction error is relatively large and
the new testing data is considered as fault data. On the contrary, it is considered as normal data.
(2) Condition classification. Here, the classification strategy for the operating conditions is introduced,
the normal data and fault data can be classified by training the normal data based on the aforementioned.
On the basis that the training data includes all operating conditions’ data, the testing data xnew must
be normal or fault data under certain conditions. For dictionary D and classifier A learned offline, the
classification of xnew is based on two steps:
Step 1. Calculate the sparse coding znew by (23).
Step 2. Calculate ynew = Aznew and predict the condition by selecting the position corresponding to
the largest element in the vector ynew . Mathematically,
i0 = arg

3

max

i∈1,2,...,K

yi .

(34)

Illustrative examples

In this section, the effectiveness of the model for multimode process monitoring schemes is demonstrated
by designing examples that satisfy assumptions. To quantify the performance of different process monitoring methods, the fault detection rate (FDR) and false alarm rate (FAR) mentioned in [35] are used
as evaluation indicators. The definitions of the two indicators are as follows:
FDR =

# {J > Jth |f 6= 0}
× 100%,
# {f 6= 0}

(35)

FAR =

# {J > Jth |f = 0}
× 100%,
# {f = 0}

(36)

where # {x} represents the number of samples that meet collection x. # {f = 0} represents the number
of normal data and # {f 6= 0} represents the number of fault data. J > Jth indicates that the sample
reconstruction error J exceeds the threshold Jth . In order to demonstrate the superiority of the model
under hypothetical situations, we will compare our method with some advanced methods in this field,
such as the PCA mixture model (mPCA) [36] and LC-KSVD [22].
3.1

Numerical simulation case

To verify that the proposed method can be applied to similarity data, we adopt the numerical simulation
model in robust dictionary learning [37]. We set the conditions to satisfy the similarity data. The specific
description of the numerical simulation model is as follows:
 




x1
0.5768 0.3766
e1
 




 x2   0.7382 0.0566  " #  e2 
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 1
(37)
+  e3  ,
 x3  =  0.8291 0.4009 
 s2



 
e 
 x   0.6519 0.2070 
 4 
 4  

0.3972 0.8045
e5
x5

where x = [x1 , x2 , x3 , x4 , x5 ]T is the observation variable for process monitoring. s = [s1 , s2 ]T represents
the state matrix and e = [e1 , e2 , e3 , e4 , e5 ]T is the observation noise. ei ∼ N (0, 0.01), i = 1, 2, 3, 4, 5.

Huang K K, et al.

Sci China Inf Sci

January 2022 Vol. 65 110203:10

11.55

600

9.240
400
6.930

4.620
200
2.310

0.000

0
0
Figure 3

200

400

600

(Color online) The Euclidean distances of numerical simulation data.

N (µ, σ 2 ) represents a Gaussian distribution with the mean µ and standard deviation σ, and U (a, b)
means the uniform distribution from a to b that will be mentioned later. To facilitate the discussion, we
assume that the system works in three modes.
Mode1: s1 (k) ∼ N (−1, 1), s2 (k) ∼ N (0, 1).
Mode2: s1 (k) ∼ N (0, 0.1), s2 (k) ∼ U (1, 2).
Mode3: s1 (k) ∼ N (1, 1), s2 (k) ∼ N (0, 1).
We collect 200 samples in each mode under such a system, a total of 600 normal samples. To show
whether the generated data meets the similarity, the Euclidean distances of data are visualized in Figure 3.
The diagonal blocks circled in red indicate that the data under the same condition are relatively similar.
However, the degree of adjacency between the sample points of Mode2 and Mode3 is as similar as that
of the diagonal block. At the same time, the other parts reflect that there are some similarities between
Mode1 and Mode2.
After verifying that the training data satisfies the similarity, we use the dictionary and classifier that
are trained by the optimization algorithm for process monitoring. The numerical simulation experiment
of process monitoring is divided into the following three steps.
(1) Data generation. To test the effectiveness of the proposed method, we use the above numerical
simulation model to generate training data and testing data. For training data, we collect 200 samples
in each mode under such a system, a total of 600 normal samples as training data. It is worth noting
that 5% of the training data are randomly selected as labeled data and 95% as unlabeled data. Namely,
the number of labeled data of each mode is 10, and the number of unlabeled data of each mode is 190.
For the testing data, it includes two parts, 300 normal samples and 600 fault samples. We follow the
method of training data collection and add a bias fault of 0.02 to the fault data and collect 100 samples
separately for each mode as normal samples. The fault occurs in the third dimension of the data.
(2) Model training. Use the dictionary to reconstruct the training data to get the reconstruction error.
Based on the KDE method, calculate the threshold of the reconstruction error.
(3) Fault detection. The sparse coding of the testing data is obtained by using the trained dictionary
and then calculates the reconstruction error of the testing data. The fault data from the normal data are
distinguished by comparing the reconstruction error LRE with the threshold Etr .
Next, we compare the LC-KSVD method, mPCA and the proposed method in the fault detection effect
of the numerical simulation experiment and compare the effects of LC-KSVD and the proposed method
in the prediction of conditions. The parameters of the proposed LPDL model are determined through the
grid search method. In detail, since there are four parameters in the model, we fix two of them to explore
the influence of the other two. Accordingly, the parameters of the numerical simulation experiment are
set as follows: λ = 0.005, α = 0.1, β = 0.1, γ = 0.00012. In addition, the number of atoms is set to 30
and the sparsity of the sparse coding coefficients is 2. In mPCA, the cumulative percent variance (CPV)
is set as 90%. For a fair comparison, the confidence of all methods is 97%.
Figure 4 qualitatively shows the effect of process monitoring. Here nT2 and nSPE are statistics of the
mPCA method. The dictionary reconstruction error (DRE) is employed by the LC-KSVD method for
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(a)

(b)

(c)

(d)

Figure 4 (Color online) The process monitoring results of the numerical example. (a) and (b) nT2 and nSPE of the mPCA
method, (c) DRE of the LC-KSVD method, (d) LRE of the proposed method.

(b)

True label

(a)

Predicted label
Figure 5

Predicted label

(Color online) The confusion matrices of (a) LC-KSVD and (b) the proposed method.

process monitoring. Experiments show that all methods have certain effects on distinguishing between
normal data and fault data. However, the nSPE statistics of mPCA cannot obtain a satisfactory FDR.
The nT2 statistics of mPCA and LC-KSVD show extremely poor performance on FAR. Therefore, the
proposed method achieves the best performance among these methods.
Figure 5 shows the confusion matrices of LC-KSVD and the proposed method on the prediction effect
of testing data. Since data in different modes have a certain similarity, it is easy to see that LC-KSVD
is difficult to distinguish the three modes. The proposed method is more accurate for the division of the
three modes, and the degree of confusion has been greatly improved. The total prediction accuracy of
the proposed method is significantly improved more than that of LC-KSVD. The experimental results
show that the proposed model not only performs well in fault detection but also has a strong predictive
ability for faults under similar conditions. At the same time, it is verified that fault conditions can be
predicted through the normal data training by observing the effect in the experiment.
To better understand the underlying reason of the superiority of the proposed method, we calculate
the similarity measure matrix Z T Z of the sparse coding Z of testing data and visualize it in Figure 6.
Generally, the distinct diagonal block property of Z T Z indicates a better classification result. Apparently,
the similarity of the sparse coding of the same class is more prominent in Figure 6(b) than that in
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(b)

The similarity measure matrices of Z of testing data based on (a) the LC-KSVD method and (b) the proposed method.
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The schematic diagram of the CSTH process [38].

Figure 6(a). It is the verified result that the proposed method can obtain a more discriminative dictionary,
which further achieves better performance in process monitoring.
3.2

CSTH process case

In this subsection, we will verify the process monitoring performance of the proposed method for industrial
data through the CSTH process. The CSTH process is a widely used benchmark for evaluating process
monitoring methods [38]. Figure 7 shows the schematic diagram of the CSTH. In the CSTH process, we
adopt the 4 modes mentioned in [39]. A detailed description of these modes is shown in Table 1.
To better verify the application of the multimode data of CSTH in process monitoring, we set up three
cases related to three variables, which are described in detail in Table 2. The dimension size of the CSTH
data composed of these three variables is 6. Table 2 refers to the faults set in the corresponding variables
under the specified conditions. Considering the diversity of faults in the industrial process, the faults
we set for different conditions are also diverse. Under such a setting, it is more difficult to achieve the
desired effect in process monitoring. Similar to the numerical simulation case, the process monitoring of
the CSTH process also includes three steps. We collect 1200 samples as training data for each case in
Table 2, including 600 samples in each mode. Take only 20% of the training data as labeled data and 80%
as unlabeled data. Namely, the number of labeled data of each mode is 120, while that of unlabeled data
of each mode is 480. The size of testing data is 800, including 100 normal samples and 300 fault samples
in each mode. For a fair comparison, the number of atoms is set to 20, and the sparsity of the sparse
coding coefficients is 2. In mPCA, the CPV is set as 90%. The confidence of all methods is 90%. To
eliminate the significant difference between the dimensions, the training data and testing data matrices
of the CSTH are normalized.
After the dictionary is obtained, the monitoring effects of the three methods are tested through the
testing data. From Figures 8–10, we can see the fault detection effects of the proposed method and
other methods on different fault data. Under these types of failures, some methods either have too high
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Four operation modes of the CSTH process [39]

Mode

Level (mA)

Temperature (mA)

Hot water valve (mA)

Mode1

12.0

10.5

5.5

Mode2

9.0

10.5

4.5

Mode3

12.0

13.5

6.0

Mode4

12.0

8.0

4.0

Table 2
Case
1
2
3
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Variable
Temperature
Level
Flow

Three cases in the CSTH process

Mode of training data

Fault description of testing data

Mode2

A multiplicative fault is imposed with 1.05

Mode4

A multiplicative fault is imposed with 1.07

Mode1

A bias fault is added with 0.8

Mode2

A bias fault is added with 0.4

Mode3

A multiplicative fault is imposed with 1.05

Mode4

A multiplicative fault is imposed with 1.05

(a)

(c)

(b)

(d)

Figure 8 (Color online) The process monitoring results of the CSTH process case with flow fault. (a) and (b) nT2 and nSPE of
the mPCA method; (c) DRE of the LC-KSVD method; (d) LRE of the proposed method.

FAR or too low FDR. Although some methods perform well under certain failures, the failure detection
performance of the proposed method is still the best among these methods. In addition, the prediction
accuracy of the proposed method for various faults has also reached an ideal number. For flow, level,
and temperature faults, the recognition accuracy of LC-KSVD is 98.2%, 91.7%, and 94.3%, respectively.
However, the prediction accuracy of the proposed method has reached 100%, 99.6%, 100%. Through
the observation of three experiments, the effects of other methods differ greatly on different data, but
the proposed method always maintains superior performance. Taking into account all the indicators, the
advantages of the proposed method are obvious.
3.3

Aluminum electrolysis process example

In this subsection, an industrial aluminum electrolysis experiment is introduced to illustrate the applicability of the proposed method. The environmental-friendly aluminum electrolysis production process
has always been a challenging industrial problem. Due to the need of high productivity and efficiency
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(a)

(b)

(c)

(d)

Figure 9 (Color online) The process monitoring results of the CSTH process case with level fault. (a) and (b) nT2 and nSPE of
the mPCA method; (c) DRE of the LC-KSVD method; (d) LRE of the proposed method.

(a)

(b)

(c)

(d)

Figure 10 (Color online) The process monitoring results of the CSTH process case with temperature fault. (a) and (b) nT2 and
nSPE of the mPCA method; (c) DRE of the LC-KSVD method; (d) LRE of the proposed method.

and low energy costs, the tasks of process monitoring and condition prediction are indispensable for the
aluminum electrolysis industrial process. In this process, data can be collected such as battery voltage
and line current. These data can reflect the operating status of the industry.
In a typical aluminum electrolysis cell, the number of anodes can vary from 18 to 48. This article
collects anode current data from a 400-kA series aluminum electrolytic cell in an aluminum company in
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(Color online) Anode current distribution diagram in an aluminum electrolytic cell [37].

(a)

(b)

(c)

(d)

Figure 12 (Color online) The process monitoring results of the aluminum electrolysis process. (a) and (b) nT2 and nSPE of the
mPCA method; (c) DRE of the LC-KSVD method; (d) LRE of the proposed method.

Shandong. The number of anodes in the electrolytic cell here is 24, so the data dimension of the anode
current is 24. The industrial schematic diagram of aluminum electrolysis is shown in Figure 11 [37]. In
a typical aluminum electrolysis process, the abnormal state of the anode effect often exists. Once this
abnormal event occurs, the current work efficiency will drop sharply. Therefore, it is of great significance
to accurately realize the prediction of conditions and process monitoring to reduce energy consumption
and improve current efficiency.
In the experiment, we use multimode data in the aluminum electrolysis process. The size of training
data is 800, where for each mode the number is 400. Take only 20% of the training data as labeled
examples and 80% as unlabeled examples. Namely, the number of labeled data of each mode is 80,
and the number of unlabeled data of each mode is 320. The size of testing data is 800, where for each
mode the numbers of normal and fault data are 100 and 300, respectively. To compare the monitoring
effects of different methods fairly, the number of atoms is set to 30, and the sparsity of the sparse coding
coefficients is 2. In mPCA, the CPV is set as 90%. The confidence of all methods is 97%. To eliminate
the significant difference between the dimensions, the training data and testing data matrices of the
aluminum electrolysis process are normalized.
Figure 12 shows the results of process monitoring under several methods for aluminum electrolysis
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(Color online) The accuracy of testing samples and unlabeled samples for each experiment.

data. It can be seen from the results that the data of aluminum electrolysis is well extracted by the
three methods, and all the methods can better identify the fault. However, other methods have a certain
FAR, which means that false alarms may occur during the monitoring process. The FAR of the proposed
method achieves the best performance, and the FDR also reaches 100%. In addition to fault detection,
LC-KSVD and the proposed method for the identification task of the fault achieve perfect results, and the
recognition accuracy reaches 100%. Synthesizing all the evaluation indicators, the proposed method still
verifies its superiority. Since the proposed method shows better monitoring performance, this verifies the
effectiveness of the method in data mining. At the same time, the satisfactory monitoring performance
of the method can ensure the stable operation of the actual industrial process and reduce the possible
faults.

4

Conclusion

In the actual industrial process, there is a similarity between data samples of different conditions. At
the same time, the scarcity of labeled examples challenges the feature extraction of similarity data. To
eliminate the interference of similarity and achieve fine monitoring effects, this study proposes a label
propagation dictionary learning method to solve the tasks of industrial process monitoring and condition
recognition. First, we construct a combination of label propagation and low-rank constraints to extract
data features and obtain the trained dictionary and classifier. Then, we use the KDE method to obtain
the control limits of fault detection in the training data. When new data are obtained, the dictionary is
used to reconstruct the data, and the reconstruction error is compared with the control limits for process
monitoring. To demonstrate the effectiveness of this method, we conduct the numerical simulation,
CSTH, and aluminum electrolysis experiments. The proposed method learns the characteristics of the
data better and has better data representation ability than the existing methods. At the same time,
Figure 13 indicates that the unlabeled samples get a better prediction rate during training, which shows
that the proposed method can excavate the characteristics of the unlabeled samples, so the method
achieves excellent results in the process monitoring.
Acknowledgements
This work was supported in part by National Natural Science Foundation of China (Grant Nos. 62073340,
61860206014), National Key R&D Program of China (Grant No. 2019YFB1705300), Innovation-Driven Plan in Central South
University, China (Grant No. 2019CX020), and the 111 Project, China (Grant No. B17048).
References
1 Jia Q-S, Wu J J. On distributed event-based optimization for shared economy in cyber-physical energy systems. Sci China
Inf Sci, 2018, 61: 110203
2 Guan X H, Xu Z B, Jia Q-S, et al. Cyber-physical model for efficient and secured operation of CPES or energy Internet. Sci
China Inf Sci, 2018, 61: 110201
3 Huang K, Wu S, Li F, et al. Fault diagnosis of hydraulic systems based on deep learning model with multirate data samples.
IEEE Trans Neural Netw Learn Syst, 2021. doi: 10.1109/TNNLS.2021.3083401

Huang K K, et al.

4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39

Sci China Inf Sci

January 2022 Vol. 65 110203:17

Yin S, Li X, Gao H, et al. Data-based techniques focused on modern industry: an overview. IEEE Trans Ind Electron, 2015,
62: 657–667
Yu W K, Zhao C H. Low-rank characteristic and temporal correlation analytics for incipient industrial fault detection with
missing data. IEEE Trans Ind Inf, 2021, 17: 6337–6346
Kumar A, Bhattacharya A, Flores-Cerrillo J. Data-driven process monitoring and fault analysis of reformer units in hydrogen
plants: industrial application and perspectives. Comput Chem Eng, 2020, 136: 106756
Sheng N, Liu Q, Qin S J, et al. Comprehensive monitoring of nonlinear processes based on concurrent kernel projection to
latent structures. IEEE Trans Automat Sci Eng, 2016, 13: 1129–1137
Zhao C H, Gao F R. Fault-relevant principal component analysis (FPCA) method for multivariate statistical modeling and
process monitoring. Chemometr Intell Lab Syst, 2014, 133: 1–16
Harkat M F, Kouadri A, Fezai R, et al. Machine learning-based reduced kernel PCA model for nonlinear chemical process
monitoring. J Control Autom Electr Syst, 2020, 31: 1196–1209
Lee S H, Mazumder J, Park J, et al. Ranked feature-based laser material processing monitoring and defect diagnosis using
k-NN and SVM. J Manufacturing Processes, 2020, 55: 307–316
Tian Y L, Jia M, Wang Z, et al. Monitoring invasion process of spartina alterniflora by seasonal sentinel-2 imagery and an
object-based random forest classification. Remote Sens, 2020, 12: 1383
Wuest T, Irgens C, Thoben K D. An approach to monitoring quality in manufacturing using supervised machine learning on
product state data. J Intell Manuf, 2014, 25: 1167–1180
Lei Y G, Jia F, Lin J, et al. An intelligent fault diagnosis method using unsupervised feature learning towards mechanical big
data. IEEE Trans Ind Electron, 2016, 63: 3137–3147
Zheng S D, Zhao J S. A new unsupervised data mining method based on the stacked autoencoder for chemical process fault
diagnosis. Comput Chem Eng, 2020, 135: 106755
Monroy I, Benitez R, Escudero G, et al. A semi-supervised approach to fault diagnosis for chemical processes. Comput Chem
Eng, 2010, 34: 631–642
Yu K, Lin T R, Ma H, et al. A multi-stage semi-supervised learning approach for intelligent fault diagnosis of rolling bearing
using data augmentation and metric learning. Mech Syst Signal Processing, 2021, 146: 107043
Liu G C, Lin Z C, Yu Y, et al. Robust subspace segmentation by low-rank representation. In: Proceedings of the 27th
International Conference on Machine Learning, 2010. 8
Li S, Fu Y. Low-rank coding with b-matching constraint for semi-supervised classification. In: Proceedings of the 23rd
International Joint Conference on Artificial Intelligence, 2013. 1472–1478
Liu H, Jia Y, Hou J, et al. Learning low-rank graph with enhanced supervision. IEEE Trans Circ Syst Video Technol, 2021.
doi: 10.1109/TCSVT.2021.3089336
Gu S, Zhang L, Zuo W, et al. Projective dictionary pair learning for pattern classification. In: Proceedings of Advances in
Neural Information Processing Systems, 2014. 793–801
Ma L, Wang C, Xiao B, et al. Sparse representation for face recognition based on discriminative low-rank dictionary learning.
In: Proceedings of IEEE Conference on Computer Vision and Pattern Recognition, 2012. 2586–2593
Jiang Z L, Lin Z, Davis L S. Learning a discriminative dictionary for sparse coding via label consistent K-SVD. In: Proceedings
of IEEE Conference on Computer Vision and Pattern Recognition, 2011. 1697–1704
Yang M, Zhang L, Yang J, et al. Metaface learning for sparse representation based face recognition. In: Proceedings of IEEE
International Conference on Image Processing, 2010. 1601–1604
Mairal J, Bach F, Ponce J, et al. Supervised dictionary learning. 2008. ArXiv:0809.3083
Zhang Q, Li B. Discriminative K-SVD for dictionary learning in face recognition. In: Proceedings of IEEE Computer Society
Conference on Computer Vision and Pattern Recognition, 2010. 2691–2698
Pilastre B, Boussouf L, D’Escrivan S, et al. Anomaly detection in mixed telemetry data using a sparse representation and
dictionary learning. Signal Processing, 2020, 168: 107320
Huang K, Wen H, Ji H, et al. Nonlinear process monitoring using kernel dictionary learning with application to aluminum
electrolysis process. Control Eng Practice, 2019, 89: 94–102
Aharon M, Elad M, Bruckstein A. K-SVD: an algorithm for designing overcomplete dictionaries for sparse representation.
IEEE Trans Signal Process, 2006, 54: 4311–4322
Sahoo S K, Makur A. Signal recovery from random measurements via extended orthogonal matching pursuit. IEEE Trans
Signal Process, 2015, 63: 2572–2581
Zhang X Q, Liu Q, Wang D, et al. Self-taught semisupervised dictionary learning with nonnegative constraint. IEEE Trans
Ind Inf, 2020, 16: 532–543
Sadeghi M, Babaie-Zadeh M, Jutten C. Learning overcomplete dictionaries based on atom-by-atom updating. IEEE Trans
Signal Process, 2014, 62: 883–891
Lin Z C, Chen M M, Ma Y. The augmented lagrange multiplier method for exact recovery of corrupted low-rank matrices.
2010. ArXiv:1009.5055
Lin T Y, Ma S Q, Zhang S Z. Iteration complexity analysis of multi-block ADMM for a family of convex minimization without
strong convexity. J Sci Comput, 2016, 69: 52–81
Chen L, Li X, Sun D, et al. On the equivalence of inexact proximal ALM and ADMM for a class of convex composite
programming. Math Program, 2021, 185: 111–161
Yin S, Ding S X, Haghani A, et al. A comparison study of basic data-driven fault diagnosis and process monitoring methods
on the benchmark Tennessee Eastman process. J Process Control, 2012, 22: 1567–1581
Xu X Z, Xie L, Wang S Q. Multi-mode process monitoring method based on PCA mixture model. CIESC J, 2011, 62: 743–752
Yang C, Zhou L, Huang K, et al. Multimode process monitoring based on robust dictionary learning with application to
aluminium electrolysis process. Neurocomputing, 2019, 332: 305–319
Hoo K A, Kantor J C. An exothermic continuous stirred tank reactor is feedback equivalent to a linear system. Chem Eng
Commun, 1985, 37: 1–10
Yu J, Qin S J. Multimode process monitoring with Bayesian inference-based finite Gaussian mixture models. AIChE J, 2008,
54: 1811–1829

