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Abstract    Data-driven  process  monitoring  methods  are
widely  used  in  industrial  tasks,  with  visual  monitoring
enabling  operators  to  intuitively  understand  operational
status,  which is  vital  for  maximizing industrial  safety  and
production  efficiency.  However,  high-dimensional
industrial  data  often  exhibit  complex  structures,  making
the  traditional  2D  visualization  methods  ineffective  at
distinguishing different  fault  types.  Thus,  a  visual  process
monitoring  method  that  combines  supervised  uniform
manifold  approximation  and  projection  with  a  label
assignment strategy is proposed herein. First, the proposed
supervised  projection  method  enhances  the  visualization
step  by  incorporating  label  information  to  guide  the
nonlinear dimensionality reduction process, improving the
degrees  of  class  separation  and  intraclass  compactness.
Then,  to  address  the  lack  of  label  information  for  online
samples,  a  label  assignment  strategy  is  designed.  This
strategy integrates  kernel  Fisher  discriminant  analysis  and
Bayesian  inference,  assigning  different  label  types  to
online  samples  based  on  their  confidence  levels.  Finally,
upon  integrating  the  label  assignment  strategy  with  the
proposed supervised projection method, the assigned labels
enhance  the  separability  of  online  projections  and  enable
the  visualization  of  unknown  data  to  some  extent.  The
proposed  method  is  validated  on  the  Tennessee  Eastman
process and a real  continuous catalytic reforming process,
demonstrating  superior  visual  fault  monitoring  and
diagnosis  performance  to  that  of  the  state-of-the-art
methods, especially in real industrial applications.
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1    Introduction

Real-time monitoring of the operating status of industrial
processes is crucial for ensuring efficient, safe, and stable
production  within  enterprises  [1].  In  recent  years,  the
development  of  distributed  systems  and  sensor
technology  has  facilitated  the  acquisition  of  massive
amounts  of  industrial  process  data.  In  this  context,  data-
driven  process  monitoring  methods  have  garnered
extensive  research  attention  because  of  their  simplicity
and  effectiveness  [2,3].  Among  these  approaches,  visual
process  monitoring  maps  raw  industrial  data  onto  a  2D
plane,  providing  a  more  intuitive  way  to  monitor
industrial operating status [4]. Visual monitoring of actual
industrial  processes  helps  engineers  identify  problems
promptly,  thereby  minimizing  downtime  and  reducing
manufacturing costs. Dimensionality reduction techniques
are  widely  employed  for  visualizing  high-dimensional
data,  and  they  typically  operate  by  retaining  only  two
principal  components.  Common  linear  dimensionality
reduction  methods  include  principal  component  analysis
(PCA)  [5,6],  independent  component  analysis  [7],
canonical  variable  analysis  [8],  canonical  correlation
analysis  (CCA)  [9],  and  Fisher  discriminant  analysis
(FDA)  [10].  The  existing  nonlinear  methods  mainly
include locally linear embedding [11], isometric mapping
[12],  Laplacian  eigenmaps  [13],  self-organizing  maps
(SOM)  [14,15],  and  t-distributed  stochastic  neighbor
embedding (t-SNE) [16,17]. Among these methods, SOM
and  t-SNE  are  widely  used  techniques  that  reduce  high-
dimensional  data  to  two  dimensions  while  preserving
topological relationships to the greatest extent possible.

Liukkonen  et  al.  [18]  developed  an  advanced
monitoring  and  diagnostic  system  for  industrial
processes,  utilizing  an  SOM  to  address  the  multivariate
and  dynamic  nature  of  process  data.  This  approach
visualizes  the  input  data  through  trajectories  and  color-
coded alerts, enabling engineers to intuitively understand
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process  states  and  detect  potential  issues  in  real  time.
Wang  et  al.  [19]  proposed  a  deep  discriminative  feature
learning  method  that  combines  an  extended  stacked
autoencoder  and  a  feedforward  neural  network.  They
extracted  discriminative  features  by  constraining  data
points  to  category  centers  and  used  t-SNE  for
visualization  purposes,  which  significantly  improved  the
accuracy and performance of their fault detection method.
Tang  and  Yan  [20]  proposed  an  integrated  approach,
termed FDA-t-SNE, which combines FDA, t-SNE, and a
backpropagation  (BP)  neural  network  to  attain  enhanced
visual  process  monitoring.  FDA  is  a  powerful  feature
extraction method that  can capture classification features
between  different  categories,  whereas  t-SNE  effectively
preserves  the  topological  structure  of  the  given  data.
Finally,  real-time  online  data  conversion  is  achieved
through  the  trained  BP  network.  Lu  and  Yan  [21]
proposed  a  new  method  called  variable-weighted  FDA
(VWFDA), which combines t-SNE with multiple extreme
learning  machines  (ELM).  This  approach  addresses  the
shortcomings  of  the  FDA-t-SNE  method  by  improving
the  FDA  component  to  amplify  fault  information  and
employing multiple ELM models to achieve more precise
data  mapping.  Chen  and  Yan  [22]  noted  that  CCA  can
extract underlying fault diagnosis information, and based
on  the  identified  relevant  components,  an  SOM  can
distinguish  various  types  of  states  on  the  output  map.
Their  results  indicate  that  the  proposed  CCA-SOM
method  is  effective  for  conducting  real-time  monitoring
and  fault  diagnosis  for  complex  chemical  processes.
Song  et  al.  [23]  proposed  a  technique  that  integrates  a
statistical pattern framework and an SOM to differentiate
between  various  states  on  output  maps  and  visually
monitor abnormal states. Benatia et al. [24] combined an
SOM  with  autoencoders  using  deep  neural  networks,
further  enhancing  the  resulting  diagnostic  performance.
The  above  research  demonstrates  that  combining  feature
extraction  methods  with  visualization  techniques  can
further  enhance  the  performance  of  monitoring  models.
For  general  visualization  tasks,  visualization  methods
should strive to preserve the structure of the original data
to  the  greatest  extent  possible.  However,  for  visual
process monitoring, the goal is to maximize the degree of
separation  between  different  classes  of  data  while
concentrating  data  belonging  to  the  same  class.
Unfortunately,  both  SOM  and  t-SNE  are  unsupervised
methods  that  were  not  specifically  designed  for
classification  tasks.  Although  t-SNE  is  considered  more
suitable  for  visual  process  monitoring than SOM [25],  it
lacks the ability to directly map new data. These methods
require  additional  models  to  be  trained  for  online
mapping  purposes  [4,20,21,25].  Moreover,  the  objective
function  of  t-SNE  focuses  on  clustering  similar  data
within local neighborhoods while failing to pay attention
to the global structure [26].

By  using  kernel  techniques,  kernel  FDA  (KFDA)

transforms  the  input  data  into  a  feature  space  where  the
originally linearly inseparable data become separable and
then extracts the key features using FDA. Compared with
FDA,  KFDA  possesses  significantly  stronger  nonlinear
feature extraction capabilities. Zhu and Song [27] utilized
KFDA for  feature  extraction  and  subsequently  applied  a
Gaussian  mixture  model  and k-nearest  neighbors  (KNN)
to  the  KFDA  subspace  for  fault  detection  and  isolation.
Although  discriminative  analysis  techniques  can  extract
discriminative  features  to  increase  interclass  distances
(ICD)  and  intraclass  cohesion  to  some  extent,  most
existing  visual  monitoring  methods  do  not  further
leverage  class  information  to  enhance  the  monitoring
process.  Additionally,  owing to the limitations of feature
extraction  or  visualization  methods,  these  approaches
may  fail  when  confronted  with  data  that  differ
significantly  from  the  training  data.  Uniform  manifold
approximation and projection (UMAP), which is  a novel
manifold dimensionality reduction technique grounded in
solid topology theory, has gained attention because of its
fast  execution  speed  and  high-quality  embeddings  [28].
Joswiak  et  al.  [26]  reported  that  UMAP  has  significant
potential applications in the chemical industry. Chang et al.
[29]  proposed  a  novel  fault  detection  method  based  on
UMAP  and  support  vector  data  description.  The  case
study  in  their  paper  demonstrated  that  UMAP  could
effectively  capture  subtle  variations  in  the  process  data
and  extract  nonlinear  features.  UMAP  provides  an
optimal  balance  between  local  and  global  quality  while
ensuring  excellent  interpretability,  offering  powerful
insights  and  process  understanding  through  visualization
[30,31].  Unfortunately,  UMAP  remains  an  unsupervised
method  and  is  unable  to  effectively  handle  new  data
acquired from entirely novel classes.

Based  on  the  aforementioned  insights,  the  task  of
visually  monitoring  high-dimensional  industrial  process
data  faces  significant  challenges  such  as  complex  data
distributions, overlapping categories, and the presence of
unknown samples. These characteristics create significant
difficulties  for  both  the  feature  extraction  and  low-
dimensional  visualization  phases.  The  effective  use  of
label  information  is  critical  for  improving  the  quality  of
fault  diagnosis  and  visualization  methods.  Various
methods  have  been  proposed  to  incorporate  label
information  into  visualization  techniques.  For  example,
Kuzmanovski  et  al.  [32]  proposed  a  supervised  SOM
classification  method  that  enhances  the  constructed
sample  matrix  by  integrating  label  vectors.  Similarly,
Zheng  et  al.  [33]  proposed  a  discriminative  t-SNE
(DSNE)  method  that  uses  label  information  to  compute
the  joint  probabilities  of  sample  pairs.  DSNE minimizes
the  intraclass  Kullback-Leibler  (KL)  divergence  while
maximizing  the  interclass  KL  divergence.  Meng  et  al.
[34]  proposed  a  dimensionality  reduction  method  called
class-constrained  t-SNE,  which  combines  data  features
and class probabilities to simultaneously display both the

2 Front. Chem. Sci. Eng. 2025, 19(7): 56



data feature structure and the class probability structure in
the  output  dimensionality  reduction  results.  However,
while these methods effectively utilize label information,
handling  unlabeled  online  data  and  unknown  categories
remains  a  key  challenge.  Since  online  data  are  typically
unlabeled,  the  above  methods  cannot  be  directly  applied
to  online  processes.  To  address  these  challenges,  we
propose  a  novel  visual  process  monitoring  method.  The
proposed  method  integrates  feature  extraction,  adaptive
label assignment, and supervised visualization to achieve
a  more  efficient  and  accurate  visual  process  monitoring
scheme. The contributions and details of this work can be
summarized  as  follows:  (1)  A  supervised  UMAP
(SUMAP) method is proposed; this approach is based on
a  designed  supervised  metric  and  uses  label  information
to  guide  the  embedding  generation  process.  This
enhances  the  interclass  separability  and  intraclass
compactness  (ICC)  of  the  low-dimensional  embeddings,
thereby  improving  the  resulting  visualization  quality.
(2)  A  confidence-based  label  assignment  (CBLA)
strategy, which assigns different types of labels to online
samples  based  on  their  confidence  levels,  is  proposed.
This  strategy  maximizes  the  utilization  of  information
derived  from  reliable  labels,  minimizes  the  negative
impact  of  low-confidence  labels,  and  labels  unknown
data.  (3)  A visual  process  monitoring  method  (SUMAP-
LA) that combines SUMAP and CBLA is proposed. This
method leverages the labels predicted by CBLA to assist
SUMAP in performing dimensionality reduction, thereby
producing more accurate visualization monitoring results.
Its  effectiveness  is  demonstrated  in  the  Tennessee
Eastman  (TE)  process  and  a  real-world  continuous
catalytic reforming (CCR) process.

The  remainder  of  this  paper  is  organized  as  follows.
Section  2  provides  a  review  of  the  related  methods.
Section  3  offers  a  comprehensive  explanation  of  the
framework  and  principles  underlying  the  proposed
visualization-based  monitoring  method.  Section  4
presents  an  analysis  and  a  discussion  of  the  application
results  produced  by  the  proposed  method  on  the  TE
process  case  and  CCR  unit  data,  demonstrating  its
significant  advantages.  Finally,  Section  5  provides  a
summary and a future outlook. 

2    Preliminaries
 

2.1    KFDA

X = [x1, x2 . . . , xN]
xi ∈ Rm

C

KFDA  is  a  widely  used  supervised  feature  extraction
technique  that  extends  FDA  by  introducing  kernel
functions, making it more effective at handling nonlinear
and complex data. Consider a data set ,
where each  represents  a  training sample,  and the
data  set  consists  of  distinct  classes,  with nk being  the

∑c
k=1 nk = N

Rm

Φ : x 7→ Φ(x),Rm→F

number  of  training  samples  belonging  to  class k and
satisfying . Let Φ be a nonlinear mapping that
maps  data  from  the  original  space  to  a  high-
dimensional  feature  space  F,  that  is,

.  Then,  in  space  F,  the  Fisher
criterion can be expressed as follows:
 

JΦ(ω) = argmax
ω

ωTS Φbω
ωTS Φt ω

,ω , 0, (1)

S Φb S Φtwhere  and  are the between-class and total  scatter
matrices, respectively, and are defined as follows:
 

S Φb =
1
N

C∑
k=1

nk(µΦk −µΦ0 )(µΦk −µΦ0 )T, (2)

 

S Φt =
1
N

N∑
i=1

(Φ(xi)−µΦ0 )(Φ(xi)−µΦ0 )T. (3)

µΦk µΦ0Here,  and  are the mean vectors of the nk mapped
samples  belonging to  class k and all N mapped samples,
respectively.

Q = [Φ (x1) ,Φ (x2) , . . . ,Φ (xN)]

Rd̃

Assume  that  is  a  set  of
samples  obtained  after  mapping  them  via  the  nonlinear
function Φ. According to the research of Yang et al. [35],
the  optimization  problem  mentioned  above  can  be
transformed into a Fisher criterion problem in the KPCA-
transformed space . Therefore, Eq. (1) becomes
 

JK (β) = argmax
β

βTS K
b β

βTS K
t β
, (4)

where
 

S K
b = Λ

1
2 PTWPΛ

1
2 , (5)

 

S K
t = Λ. (6)

Λ

W = diag (W1,W2 . . . ,Wc)

S k
t S k

b

(
S K

t

)−1 S K
b G = [β1,

β2 . . . ,βd](d ⩽C−1)

Here,  and P are  the  eigenvalues  and  corresponding
eigenvectors  of  the  centered  kernel  matrix K,  respec-
tively. ,  where Wk is  an nk × nk
matrix with its terms all equal to 1/nk. It is easy to verify
that  is  positive  definite  and  that  is  semipositive
definite.  Thus,  Eq.  (4)  represents  a  standard  generalized
Rayleigh quotient. By solving the generalized eigenvalue
problem of ,  a set of optimal solutions 

 can  be  obtained.  Therefore,  given  a
new  sample x and  its  mapped  image  Φ(x),  the
corresponding  discriminant  feature  vector z can  be
obtained by using the following KFDA transformation:
 

z =GT
(
QPΛ−1/2

)T
Φ(x). (7)

Equation (7) can be divided into two components:
 

x̂ =
(
QPΛ−1/2

)T
Φ(x), (8)

 

z =GT x̂. (9)
x̂It is evident that  represents the sample x transformed

by  KPCA,  and G denotes  the  associated  Fisher  optimal
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(linear)  discriminant  vectors.  Correspondingly,  the
transformation in Eq. (7) is essentially the Fisher (linear)
discriminant  transformation  in  the  KPCA-transformed
space. 

2.2    UMAP

UMAP  is  a  graph-based  dimensionality  reduction
technique  that  is  different  from  the  probabilistic  t-SNE
model.  UMAP  constructs  a  weighted  KNN  graph  in  a
high-dimensional  space  to  represent  the  structure  of  the
given  data,  whereas  t-SNE  relies  on  probabilistic
distributions  to  express  similarities.  The  graph
construction  process  in  UMAP  is  highly  flexible,
enabling  the  use  of  different  distance  metrics.  UMAP
primarily  consists  of  two  main  components:  high-
dimensional  graph  construction  and  low-dimensional
graph layout [36].

xi ∈ Rm i = 1,
2, . . . ,N

{xi1, xi2, . . . , xin}

Given  high-dimensional  samples  with 
,  the  UMAP  algorithm  begins  by  constructing  a

KNN graph based on a  specified distance metric d.  This
graph captures the local structure of the data and serves as
the foundation for the subsequent steps. For each sample
xi, its n nearest neighbors  are identified via
the  chosen  metric.  The  similarity  between xi and  its
neighbor xi is calculated using the following formula:
 

ω(xi, x j) = exp
(−max(0,d(xi, x j)−ρi)

σi

)
, (10)

σi

A ∈ RN×N

where ρi represents the distance to the nearest neighbor of
xi. Thus, each sample has at least one connected neighbor,
significantly  improving  the  performance  of  UMAP  in
cases  with  high-dimensional  data.  is  a  local  scaling
factor that ensures a uniform similarity distribution across
the entire data set. The calculated similarities are used to
construct an adjacency matrix , which is defined
as follows:
 

Ai j =

{
ω(xi, x j), if x j is a neighbor of xi

0, otherwise . (11)

To create  a  symmetric  representation of  the  graph,  the
adjacency  matrix A is  symmetrized  by  using  the
following formula:
 

B = A+AT−A◦AT, (12)
◦

B ∈ RN×N

where AT is the transpose of A and  is the Hadamard (or
pointwise)  product.  This  operation  combines  directed
similarities  into  a  unified,  undirected  graph  representa-
tion. The resulting symmetric adjacency matrix 
serves  as  a  topological  representation  of  the  high-
dimensional  data.  It  faithfully  preserves  the  geometric
and  topological  structure  of  the  data  set,  providing  a
robust  basis  for  the  subsequent  low-dimensional
embedding process.

Y =
{
y1,y2, . . . ,yN |yi ∈ Rk} ,k < m

Next,  UMAP  initializes  the  low-dimensional  embed-
ding  through  spectral

embedding,  which  helps  accelerate  the  optimization
process and improves its  stability.  For points yi and yj in
the  low-dimensional  space,  their  similarity  is  defined  as
follows:
 

ωl = (1+ (a∥yi− y j∥22)2b)−1, (13)
where a and b are  hyperparameters  that  control  the
tightness of the low-dimensional embedding space. These
parameters  can  be  flexibly  adjusted  using  the min_dist
parameter.  To  ensure  that  the  low-dimensional
embedding Y preserves  the  structure  of  the  high-
dimensional  data  as  faithfully  as  possible,  the  following
optimization objective is defined:
 

min
∑
ω0 log

(
ω0

ωl

)
+ (1−ω0) log

(
1−ω0

1−ωl

)
, (14)

where ω0 is the similarity in the high-dimensional space,
as  computed  from  the  symmetrized  adjacency  matrix B.
This  cost  function  has  two  components.  The  first  term
emphasizes  local  cohesion  by  preserving  strong
connections (large edge weights) and highlighting natural
clusters  within  the  data.  The  second  term  prioritizes
global  separation  by  ensuring  significant  distances
between  points  that  are  weakly  connected  (small  edge
weights).  Unlike  t-SNE,  which  only  includes  the  first
term  and  requires  both  high-dimensional  and  low-
dimensional  similarities  to  be  normalized,  UMAP
eliminates  the  need  for  such  a  normalization  step,
resulting in faster computations and improved scalability.
Additionally,  the inclusion of  the second term in UMAP
enables  it  to  better  capture  the  global  relationships
between clusters.

Finally, Eq. (14) is optimized using stochastic gradient
descent (SGD). SGD provides several  advantages:  it  is  a
computationally  efficient  approach  for  large  data  sets,
avoids  the  overhead associated  with  calculating  pairwise
similarities  for  all  points,  and  directly  optimizes  sparse
graph  structures  without  requiring  global  updates.  These
characteristics  reduce  the  temporal  complexity  of  the
UMAP  algorithm  to O(N1.14),  whereas  t-SNE  has  a
temporal complexity of O(N2) [28]. The gradients guiding
this  process  are  derived  from  attractive  and  repulsive
forces.  The  attractive  force,  which  corresponds  to
strongly connected points, is given by
 

−2ab
∥∥∥yi− y j

∥∥∥2(b−1)

2

1+
∥∥∥yi− y j

∥∥∥2

2

ω0(xi, x j)(yi− y j), (15)

while  the  repulsive  force,  which  is  applied  to  weakly
connected or disconnected points, is defined as
 

2b

(ε+
∥∥∥yi− y j

∥∥∥2

2
)(1+α

∥∥∥yi− y j

∥∥∥2b

2
)
(1−ω0(xi, x j))(yi− y j),

(16)
where ε is  taken  to  be  a  small  value  such  that  the
denominator  does  not  become  zero.  The  combination  of
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these forces ensures that points that are close in the high-
dimensional  space  are  drawn together  in  the  embedding,
whereas points that are distant are pushed apart. Through
the  continuous  adjustment  of  these  forces,  the  final  low-
dimensional  embedding Y is  obtained,  providing  a  more
faithful  representation  of  the  original  high-dimensional
data. 

3    Proposed approach

This  section  provides  a  detailed  introduction  to  the
proposed  SUMAP-LA  method.  To  facilitate
understanding,  we  first  explain  the  offline  and  online
stages  of  the  SUMAP  method  separately.  Then,  we
introduce the proposed label assignment mechanism, and
finally,  we  focus  on  innovatively  integrating  the  two
components and forming the complete workflow. 

3.1    Supervised UMAP

Unlike  t-SNE,  UMAP  incorporates  negative  sample
optimization  into  its  objective  function  and  adjusts  the
low-dimensional  similarity  computation.  This  allows
UMAP  to  produce  higher-quality  low-dimensional
embeddings in less time in most cases. However, UMAP
is essentially an unsupervised method. In many scenarios,
visualization  algorithms  can  achieve  significantly  better
performance  when  auxiliary  class  label  information  is
incorporated. To address this situation, we propose a new
distance  metric  and  apply  it  to  the  offline  and  online
stages of UMAP, thereby modifying the adjacency matrix
computation to improve the quality of the generated low-
dimensional  embeddings.  Detailed  descriptions  of  the
offline  and  online  stages  of  this  method  are  provided
below. 

3.1.1    Offline stage

X = {X,L}
X = {x1, x1, . . . , xN}

xi ∈ Rm L = {l1, l2, . . . , lN}
li ∈ RC

The  standard  implementation  of  UMAP  typically
employs  the  Euclidean  distance  measure  to  construct  a
KNN  graph,  which  does  not  explicitly  incorporate  class
information.  In  fact,  UMAP  supports  the  use  of  flexible
distance  metrics.  This  is  because  its  similarity  metric  is
still based on the Gaussian kernel function and undergoes
a  symmetrization  process.  Therefore,  new  supervised
distances  can  be  constructed  for  performing  similarity
calculations.  Consider  a  data  set ,  where

 represents  the  feature  vectors  of N
samples, with each ;  is the matrix
of  one-hot  encoded  labels,  with  indicating  the
label  of  sample xi;  and C is  the  total  number  of  classes.
To  better  leverage  label  information,  we  propose  a
dynamic distance metric based on class centers, which is
defined as follows: 

ds(xi, x j) =
∥∥∥xi− x j

∥∥∥2
+

C∑
k=1

λkc(x j) · lik

∥∥∥µk −µc(x j)

∥∥∥2
, (17)

∥ · ∥2

µk =
1
nk

∑
c(xi)=k

xi

c (xi) , c
(
x j
)
λi j

λi j

where  represents  the  standard  Euclidean  distance
measure, c(xi)  denotes  the  class  to  which  sample xi

belongs,  and  denotes  the  center  vector  of

class k.  The  second  term  is  activated  only  when
,  effectively  increasing  the  ICD.

Additionally,  represents  the  Jensen-Shannon  (JS)
divergence  between  classes i and j,  which  dynamically
adjusts  the  influences  of  class  centers  on  the  distance
metric.  Assuming  that  the  probability  distributions  of
classes i and j are Pi and Pj, respectively, the computation
of  is defined as follows:
 

λi j =
1
2

∑
k

Pik log2

Pik

Mk
+

∑
k

P jk log2

P jk

Mk

 , (18)

Mk =
1
2
(
Pik +P jk

)

d
(
xi, x j

)
di

(
xi, x j

)
ωi j

where Pik and Pjk represent  the  probabilities  of Pi
and Pj in  the k – th dimension,  respectively,  and 

 is  the  mixed  distribution.  By  incorporating
JS  divergence  as  a  dynamic  adjustment  parameter,  the
influence of class information can be adaptively modified
based  on  the  actual  distribution  differences  between
classes.  This  approach  makes  the  constructed  distance
metric more realistic, enhancing both interclass separation
and ICC. By replacing  in Eq. (10) with ,

 becomes the following equation:
 

ωi j = exp
(−max(0,ds(xi, x j)−ρi)

σi

)
. (19)

Subsequently, an exponential decay function is applied
to the adjacency matrix A to further reduce the similarities
between different classes:
 

Ai j = Ai j · exp
(−λi j

)
. (20)

A  symmetrization  step,  as  defined  in  Eq.  (12),  is
applied  to  generate  the  final  adjacency  matrix B,
completing  the  process  of  modifying  the  UMAP
adjacency  matrix.  The  resulting  SUMAP  method  more
effectively  captures  class  information  and  constructs
high-quality  low-dimensional  embeddings,  providing  a
solid  foundation  for  the  online  phase.  Algorithm  1
provides  the  complete  procedure  of  the  offline  phase  of
SUMAP.

Algorithm 1: Offline stage of SUMAP

X = {X,L} ∈ RN×(m+C)

Y ∈ RN×k(k < m)
Input: Labeled training data 

   Output: Low-dimensional embedding 
1)  Initialization:  Set  parameters,  including n

(neighborhood size of metric ds), k, and min_dist.
2)  KNN graph  construction:  Compute  the  distances  to

the n-nearest neighbors for each sample based on Eq. (17).
3)  Similarity  calculation:  Calculate  pairwise  sample

similarities using Eq. (19).
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4)  Adjacency  matrix  construction:  Construct  the
adjacency matrix A according to Eqs. (11) and (20).

5)  Symmetrization:  Generate  the  symmetric  adjacency
matrix B using Eq. (12).

6)  Spectral  initialization:  Perform  spectral  embedding
to initialize the low-dimensional embedding Y.

7)  Optimization  via  SGD:  Optimize Y using  SGD
guided by Eqs. (15) and (16).

8) Return: The final low-dimensional embedding Y.

X ∈ R20×18
To  intuitively  illustrate  how  the  proposed  distance

metric  works,  consider  a  data  set  containing
two  classes,  each  with  10  samples.  The  number  of
neighbors  is  set  to n =  10,  and  both  the  original  UMAP
algorithm and the SUMAP algorithm are applied. Figures
1(a)  and  1(b)  present  heatmaps  of  the  constructed
adjacency  matrices,  where  the  row  and  column  indices
correspond to  the  samples.  Half  of  the  samples  acquired
from  each  class  are  selected  to  examine  their  similarity
to  all  other  samples.  From  the  heatmaps,  it  is  apparent
that  in Fig. 1(a),  there  is  some  similarity  between  data
from  different  classes,  suggesting  overlap  between  the
classes.  In Fig. 1(b),  however,  the  use  of  Eq.  (17)  to
construct  the  adjacency  graph  ensures  a  lower  degree
of  similarity  between  samples  from  different  classes
than  between  those  derived  from  the  same  class.
Figures 1(c)  and  1(d)  show the  2D projections  produced
after  performing  dimensionality  reduction.  In Fig. 1(d),
the  samples  obtained  from  the  two  classes  exhibit
greater  ICD,  and  the  intraclass  samples  are  more
compact. This finding demonstrates that the new distance
metric  is  more  effective  at  distinguishing  data  from
different classes. 

3.1.2    Online stage

l̂i =
[
l̂i1, l̂i2, . . . , l̂iC

]

xi ∈ Rm

The  original  UMAP  method  finds  a  suitable  initial
embedding  position  for  each  new  sample  point  and
performs  optimization  based  on  the  manifold  structure
learned  in  the  offline  stage.  When  addressing  complex
data,  incorporating  prior  labels  to  guide  the  projection
process  can  significantly  enhance  the  quality  of  the
generated  low-dimensional  embedding.  Specifically,
during  the  online  phase,  SUMAP  aims  to  leverage
accurate  label  information  to  guide  the  new  sample
projection process. These labels are assigned through the
CBLA  method  introduced  later.  We  assume  that  the
predicted  labels  for  the  new  samples  are  available  and

denoted  as .  To  obtain  a  KNN  graph
based  on  the  predicted  label  information,  a  distance
metric that is consistent with the offline phase is defined
to compute the distance between the new sample 
and the training samples:
 

ds(xi, x j) =
∥∥∥xi− x j

∥∥∥2
+

C∑
k=1

λkc(x j) · l̂ik

∥∥∥µk −µc(x j)

∥∥∥2
, (21)

l̂ikwhere  is  the  predicted  probability  that  the  sample
belongs to category k.  The other variables are defined in
the same as those shown in Eq. (17). Next, the similarity
is calculated using the following formula:
 

ωi j =

 exp
−d̂s

(
xi, x j

)
σi

 , if
∣∣∣l̂i

∣∣∣ , 0

ε, if
∣∣∣l̂i

∣∣∣ = 0
, (22)

where ε is a value that is close to zero. This means that if
 

 
Fig. 1    Visual  comparison  between  the  effects  of  UMAP  and  SUMAP:  (a)  Heatmap  of  the  adjacency  matrix  generated  via  the
UMAP method; (b) heatmap of the adjacency matrix generated via the SUMAP method; (c) 2D projection obtained using the UMAP
method; (d) 2D projection obtained using the SUMAP method.
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∣∣∣l̂i

∣∣∣ = 0 ∣∣∣l̂i

∣∣∣ = 0

ynew ∈ Rk

,  the  new  sample  is  judged  to  be  dissimilar  to  all
known  samples.  For  samples  with ,  the  gradient
degenerates  to  zero  and  therefore  does  not  participate  in
the subsequent SGD optimization process. This similarity
calculation  method  effectively  isolates  samples  from
unknown  categories,  preventing  interference  with  the
distribution  of  known  categories.  To  better  visualize  the
test  samples,  particularly  those  belonging  to  unknown
categories,  the  improved  method  introduces  a  new
projection  initialization  mechanism.  The  initialization
formula  for  the  low-dimensional  embedding  is
as follows:
 

ynew =


y j, if ∃ j,

∣∣∣ωi j

∣∣∣ = 1∑n
j=1ωi jy j∑n

j=1ωi j
, if ∀ j,

∣∣∣ωi j

∣∣∣ ∈ (ε,1)

fN , if ∀ j,
∣∣∣ωi j

∣∣∣ = ε
, (23)

where y represents the low-dimensional embedding of the
training sample, n is the number of nearest neighbors, and
fN denotes  the  random  projection  region  for  unknown
samples, which follows the Gaussian distribution defined
as shown below:
 

fN =N (µN ,σN) . (24)
The  parameters  in  the  above  equations  are  manually

configured  to  ensure  that  the  projection  region  for  the
unknown samples remains distant from the main training
sample  distribution,  thereby  guaranteeing  the
visualization  quality  of  unknown  categories.  With  the
proposed improvements  provided for  the  distance  metric
and  projection  initialization  mechanism,  the  online
SUMAP  method  is  able  to  make  better  use  of  the  label
information of the test samples. These improvements help
improve the visualization performance of online SUMAP
and provide more reliable low-dimensional representation
methods for  practical  applications.  Algorithm 2 provides
the complete procedure of the online phase of SUMAP.

Algorithm 2: Online stage of SUMAP
xnew ∈ Rm+C

xnew l̂
Input: A sample  consisting of an unlabeled

test sample  and its predicted label 
ynew∈Rk(k<m)Output: A low-dimensional embedding 

1)  Initialization:  Set  parameters  to  be  consistent  with
those of the offline stage.

xnew

2)  KNN  graph  construction:  According  to  Eq.  (21),
calculate the n-nearest distances between the new sample

 and all training samples.
3) Similarity calculation: Calculate the pairwise sample

similarities using Eq. (22).
4)  Adjacency  matrix  construction:  Construct  the

adjacency matrix A according to Eq. (11).
5)  Symmetrization:  Generate  the  symmetric  adjacency

matrix B using Eq. (12).
6) Low-dimensional embedding initialization: Initialize

the low-dimensional embedding ynew with Eq. (23).
7) Optimization  via  SGD:  Optimize  ynew  using  SGD

guided  by  Eqs.  (15)  and  (16).  Points  that  are  not
connected to the training samples are only initialized.

8) Return: The final low-dimensional embedding ynew.

 

3.2    CBLA mechanism

The  previous  section  detailed  the  offline  and  online
phases of the proposed SUMAP algorithm. As mentioned
earlier,  SUMAP aims to incorporate label  information to
improve  low-dimensional  embeddings,  allowing  it  to
better  reflect  the actual  distribution and class  differences
of the input  data.  However,  in the online phase,  samples
are typically unlabeled. To fully exploit the advantages of
SUMAP,  accurate  and  reliable  label  information  is
essential.  Nevertheless,  predictions  are  never  fully
accurate; therefore, it is necessary to assess the credibility
of  the  predicted  results.  To address  this  issue,  this  paper
further  proposes  a  CBLA  strategy  to  ensure  that
appropriate  labels  are  assigned  to  new  samples  in  the
online  phase,  thereby  guiding  the  online  projection
process  of  SUMAP and  enhancing  the  effectiveness  and
reliability of the entire visual process monitoring method.
The  CBLA  scheme  is  primarily  based  on  Bayesian
inference  and  is  designed  with  the  following  considera-
tions.  (1)  Bayesian  methods  provide  probabilistic  inter-
pretations, enabling the effective assessment of the proba-
bilities  that  each  sample  belongs  to  different  categories.
(2)  By  applying  Bayes’ rule  in  the  feature  space,  the
resulting  classification  performance  can  be  further
improved.  (3)  By  setting  a  threshold,  low-confidence
predictions can be labeled as unknown categories, thereby
reducing the impacts of noise and outliers on the model.

Specifically,  the  proposed  CBLA  approach  involves
designing  thresholds  and  label  assignment  rules  in  the
KPCA  space.  Based  on  different  thresholds,  three  types
of  labels  are  designed  to  maximize  the  use  of  reliable
predicted  labels,  minimize  the  interference  caused  by
incorrect  labels,  and  accommodate  unknown  samples.
The details are explained below.

X = {(x1,y1) , (x2,y2) , . . . , (xNk
,

yN)} ∈ RN×(m+1) yi = c (xi) ∈ {1,2, . . . ,C}
Given  a  training  data  set 

 and  with C classes,
the posterior  probability  of  a  new sample x belonging to
class k is  expressed  as  follows  according  to  Bayesian
inference:
 

P(y = k|x) =
P(x|y = k)P(y = k)

C∑
k′=1

P(x|y = k′)P(y = k′)

, (25)

where P(y = k)  is  the  prior  probability  of  class k and
P(x|y = k) is the conditional probability density. Rewriting
this  in  a  logarithmic  form  results  in  the  following
discriminant function:
 

gk(x) = ln P(x|y = k)+ ln P(y = k). (26)
Under  the  assumption  of  the  FDA model,  the  samples
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of  class k follow  the  multivariate  Gaussian  distribution
shown below:
 

P(x|y = k) =
1

(2π)m/2 |Σk|1/2
exp(−1

2
(x−µk)TΣ−1

k (x−µk)),

(27)
where μk is  the  mean  vector  of  class k and  ∑k is  the
covariance  matrix  of  class k.  Upon  substituting  Eq.  (27)
into Eq. (26), the discriminant function becomes
 

gk(x) = ln P(y = k)− 1
2

(x−µk)TΣ−1
k (x−µk)−

1
2

ln |Σk| . (28)

x̂ ∈ Rd̃

As  discussed  in  Section  2.1,  KFDA  is  equivalent  to
performing FDA in the KPCA-transformed space. In this
transformed  space,  the  samples  are  mapped  to 
using  Eq.  (8),  and  the  covariance  and  mean  vectors  are
further projected by G. The final discriminant function is
given by
 

gk(x) = ln P(y = k)− 1
2

(x̂− µ̂k)TG(GTΣ̂kG)−1GT (x̂− µ̂k)−
1
2

ln(
∣∣∣GTΣ̂kG

∣∣∣),
(29)

µ̂k Σ̂kwhere  and  are  the  mean  vector  and  covariance
matrix  of  class k in  the  KPCA-transformed  space,
respectively.  The  Bayesian  classifier  applies  the
following rule to classify x:
 

y = argmax
k∈{1,...,C}

gk(x). (30)

Directly  using  the  predicted  label y may  introduce
errors.  Therefore,  it  is  necessary  to  quantify  the
confidence  of  the  output  prediction.  Inspired  by  the
research of  Lou et  al.  [37],  we evaluate  the reliability  of
the  prediction  results  using  the  following  statistical
threshold:
 

gk(x) ⩾ Tk =
1
2

Lk + ln(P(y = k)|GTΣ̂kG|−
1
2 ), (31)

where Lk is given by [38]:
 

Lk =
d̃(n2

k −1)
nk(nk − d̃)

Fα(nk,nk − d̃). (32)

d̃Here, Fα represents  the  Fisher  distribution,  and 
represents  the  dimensionality  in  the  KPCA  space.  After
normalizing Eq. (31) probabilistically, we obtain
 

ĝk(x) =
exp(gk(x))∑C
c=1 exp(gc(x))

⩾ ζk =
exp(Tk)∑C

c=1 exp(gc(x))
. (33)

ζk

ζa
k < ζ

b
k ĝk∗(x) =max

k
ĝk(x)

The threshold  is influenced by the significance level
α. Given significance levels αa, αb (αa > αb), we have that

. Let , and define the online label
assignment rule as follows:
 

l̂ =


[0,0, . . . ,0], if ĝk∗(x) < ζa

k∗

[ĝ1(x), ĝ2(x), . . . , ĝC(x)], if ĝk∗(x) ∈ (ζa
k∗ , ζ

b
k∗)

e⃗k∗ if ĝk∗(x) > ζb
k∗

. (34)

l̂ e⃗k∗ = [0, . . . ,1, . . .
0] k∗− th

ζ s
k∗

Here,  is a C-dimensional vector, and 
 is  a  one-hot  vector  with  the  element  set  to  1.

This  rule  assigns  appropriate  label  vectors  to  online
samples  based  on  their  confidence  levels.  For  high-
confidence  predictions,  one-hot  hard  labels  are  assigned
to ensure the accuracy of visualization decisions. For low-
confidence  predictions,  the  samples  are  classified  into
unknown categories to enhance the ability of the model to
handle  unknown  data.  For  uncertain  predictions,
normalized  probabilities  are  used  to  assign  the
corresponding  labels,  preserving  the  classification
tendencies.  In  practical  use  cases,  it  is  necessary  to
consider  the  impacts  of  both  noise  and  outliers.
Specifically,  the  larger  the  value  of  is,  the  more  the
model tends to detect  outliers,  but this also increases the
risk of misclassifying noise. Therefore, when determining
the threshold, the level of noise in the given data must be
considered. 

3.3    Evaluation metrics

Y ∈ RN×2

esp = 1[
γ1, . . . ,γc

]

To  establish  quantitative  criteria,  this  paper  employs  the
convex hull algorithm [39] to determine the envelopes of
different  regions.  Before  applying  the  convex  hull
algorithm,  denoising  the  low-dimensional  embedding

 is  essential,  as  this  improves  the  quality  of  the
final  envelopes  (refer  to  Fig.  S1,  cf.  Electronic
Supplementary  Material,  ESM).  Hierarchical  density-
based  spatial  clustering  of  applications  with  noise
(HDBSCAN) [40] is an effective outlier detection method
that  can  capture  the  main  portion  of  the  input  data  by
simply  configuring  the  search  radius  and  the  minimum
number of  sample points.  Therefore,  HDBSCAN is used
for denoising before executing the convex hull algorithm,
with  the  parameters  uniformly  set  to  and
min_samples =  20.  The  convex  hull  algorithm  is  then
applied to draw the envelope , which represents
the expected projection area of each data category.

T+
F−

F+

The  F1  score  is  the  harmonic  mean  of  precision  (Pr)
and  recall  (Re).  Precision  measures  the  accuracy  of
samples  that  are  predicted  as  belonging  to  the  positive
class,  whereas  recall  reflects  the  ability  of  the  model  to
correctly  identify  true-positive  samples.  Detailed
definitions of these metrics are provided in Table S1 (cf.
ESM).  Therein,  represents  the  number  of  samples
within  category i that  fall  inside  its  envelope γi, 
indicates the number of samples within category i that fall
outside γi,  and  refers  to  the  number  of  samples  from
other  categories  that  are  incorrectly  classified  as  falling
inside γi.  In this study, the above indicators are weighted
according  to  the  number  of  samples  contained  in  each
category  and used as  the  metrics  for  evaluating  the  fault
classification performance of the developed model.

In addition, a quantitative metric is required to evaluate
the  visualization  results.  The  ICD  and  ICC  are  used  to
measure  the  separation  between  classes  and  the
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X = {x1, x2, . . . , xN}
compactness within a class, respectively. For a given data
set  with C classes  and ni samples  per
category, the ICD and ICC are defined as follows:
 

ICD =
1

C(C−1)

∑
j,i

C∑
i=1

∥∥∥µi−µ j

∥∥∥ , (35)

 

ICC =
1
C

C∑
i=1

1
ni

∑
c(x)=i

∥x−µi∥ , (36)

where μi is  the  mean  vector  of  the i – th class.  A  larger
ICD value indicates that the distance between the samples
belonging to the evaluated categories is greater, leading to
a  more  distinct  class  separation  effect.  Conversely,  a
smaller ICC value signifies that samples within the same
category  are  more  tightly  clustered,  resulting  in  better
intraclass  consistency.  The  accuracy  of  the  KNN
classifier  can  also  serve  as  a  metric  for  evaluating  the
performance  of  visualization  methods  [25].  These  three
metrics  provide  insights  into  the  performance  of
visualization  methods  to  some  extent.  Therefore,  this
study  introduces  a  composite  metric μM to  evaluate  the
performance of visualization methods:
 

µM =
ICD×ACCKNN

ICC
. (37)

ACCKNNHere,  represents  the  accuracy  of  the  KNN
classifier.  A  higher μM value  indicates  a  greater  ICD,

smaller ICC, and a data distribution that better aligns with
the true samples. These three metrics (the ICD, ICC, and
ACC) are  also  presented in  the  results  (Section 4.1.1)  to
clarify the components of μM. 

3.4    Proposed visual process monitoring method

This  section  integrates  the  methods  introduced  in  the
previous  sections  into  a  complete  framework  for  visual
process  monitoring.  The  flowchart  of  the  proposed
SUMAP-LA  method,  which  consists  of  two  main  parts,
namely,  offline training and online monitoring,  is  shown
in Fig. 2. The detailed steps are as follows:

1. Offline training
X = {X,L} ∈

RN×(m+C)
(1) Collect labeled historical industrial data 

 with C classes  and nj samples  per  category,  and
process X using the z score normalization.

X̂ ∈ Rm×d̃

X̂
(2)  Use Eq.  (8)  to  obtain  a  mapping  for X in

the  KPCA-transformed  space.  Based  on ,  compute  the
parameters  of  the  discriminant  function  (29)  and  the
threshold Tk using Eq. (31).

X̂
Z = {Z,L} ∈ RN×(2C−1)

(3)  Perform  a  FDA  transformation  on  according  to
Eq. (9) to obtain .

Y = {Y1, . . . ,YC} ,
Yi ∈ Rni×2

(4)  Obtain  the  offline  training  results 
 by executing Algorithm 1, thereby deriving the

offline SUMAP model.

γ =
[
γ1, . . . ,γC

](5)  Calculate  and  plot  the  convex  hull  envelopes
 for each category based on Y.

 

 
Fig. 2    Flowchart of the proposed visual process monitoring method.
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2. Online monitoring
xnew ∈ Rm(1)  Assume  that  is  a  new  sample  obtained

from a real-time industrial process.

x̂new ∈ Rd̃

l̂

(2) Use Eq. (8) to map the sample to the KPCA-trans-
formed  space  as  and  input  it  into  the  trained
CBLA model. Predict its label  based on Eq. (34).

znew ∈ RC−1 xnew ∈ Rm(3)  Obtain  the  KFDA  features  of 
using Eq. (7).

znew =
{
znew, l̂

}
∈ R2C−1(4)  Input  into  Algorithm  2  to

derive the final output ynew.
(5) Determine the type of the new sample based on the

convex hull region into which ynew falls. 

4    Experimental results and analysis

This  study selects  the  TE process  and a  real-world  CCR
process  as  research  cases,  both  of  which  are  represen-
tative of important chemical processes. The TE process is
rich  in  data,  highly  representative,  and  widely  used  for
evaluating  chemical  process  monitoring  methods.
Moreover,  the  CCR  process,  as  a  critical  chemical
industrial process, features a complex workflow, involves
multiple  stages,  and  has  several  potential  failure  points,
providing  it  with  significant  practical  application  value.
The selection of these two cases facilitates a comprehen-
sive  evaluation  and  validation  of  the  performance  of
various  monitoring  methods  across  different  scenarios.
All  the  experiments  are  conducted on a  computer  equip-
ped  with  an  Intel(R)  Core(TM)  i7-12700  CPU@2.10
GHz and 16.00 GB of RAM using the evaluation metrics
described in Section 3.3. 

4.1    TE process

TE process data [41], which are derived from simulations
of  actual  chemical  processes,  have  been  widely  used  to
evaluate  various  process  monitoring  methods  [42−45].
Detailed  information  about  the  data  set  can  be  obtained
from Github website. The data set comprises 500 samples
for  the normal-state  training set  and 960 samples  for  the
test set. Each fault type contains 480 training samples and
800 test samples. The diversity of the fault types and the
abundance  of  samples  provide  a  robust  foundation  for
validating the practical  performance of  methods across a
wide  range  of  scenarios.  While  some  studies  achieve
enhanced  performance  by  selecting  a  subset  of
representative  variables,  this  approach  may  overlook
some  useful  variables.  In  this  study,  all  52  variables  are
utilized for training and testing. 

4.1.1    Visualization performance comparison among
SUMAP, t-SNE, UMAP, and DSNE

Faults 1, 2, and 6 exhibit significant step changes and are

ACCKNN

ACCKNN

combined  with  the  normal  data  set  to  evaluate  the
visualization performance of the proposed method. t-SNE
and  UMAP  are  widely  used  visualization  techniques,
whereas  DSNE  [33]  is  an  improved  variant  of  t-SNE.
These  three  methods  are  included  as  baselines  for
comparison.  The perplexity of t-SNE is set  to 40,  with a
learning  rate  of  85.  The  parameters  for  UMAP  and
SUMAP are set to the same values, with n = 100, k = 100,
and min_dist =  0.005.  The parameters  for  DSNE remain
the  same  as  those  employed  in  the  original  paper  [33].
The μM metric proposed in Section 3.1 is used to quantify
the  visualization  performance  of  different  methods.
Among them, the specific steps of the  metric are
as follows: for each sample, its n nearest neighbors (with
n = 20 in this study) are identified, and the class label that
appears  most  frequently  among  these  neighbors  is
assigned  as  the  predicted  label.  Evaluating  whether  the
predicted label for a sample is the same as the true label
determines  whether  it  is  correctly  visualized.  is
then  computed  as  the  ratio  of  the  number  of  correctly
labeled  samples  to  the  total  number  of  samples.  The
metric  calculation  results  obtained  for  all  four  methods
are  shown  in Fig. 3.  In  addition  to  the μM metric
comparison,  the  other  previously  discussed  metrics  (the
ICD,  ICC,  and  ACC)  are  also  presented  to  provide  a
better understanding of the μM behavior. The results show
that  SUMAP  achieves  the  highest μM score,  primarily
because  of  its  superior  ICC  and  ACC  values.  Although
t-SNE  attains  the  highest  ICD  score,  its  overall μM
performance  is  the  lowest  because  of  its  poor  ICC  and
ACC results.  In  terms of  ACC, SUMAP achieves  nearly
100% accuracy, whereas the differences among the other
methods are relatively minor.

Additionally,  the  2D  visualization  results  obtained  for
the  four  methods  are  presented  in  Fig.  S2  (cf.  ESM).
UMAP  exhibits  a  slight  improvement  over  t-SNE,  but
neither method effectively distinguishes between faults 1
and  7,  where  the  normal  data  are  interfered  with.
Similarly, DSNE demonstrates a slight improvement over
t-SNE,  but  its  overall  performance  does  not  show  a
significant  enhancement.  A  careful  examination  of  the
visualizations  produced  for  t-SNE  and  SUMAP  reveals
that  t-SNE  results  in  a  larger  data  distribution  range,
 

 
Fig. 3    Resulting metrics produced for the 4 tested methods.
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which  explains  why,  despite  visually  appearing  more
compact  between  different  categories,  t-SNE  achieves
better  ICD scores.  On  the  other  hand,  although  SUMAP
provides the best visual separation effect, its overall data
distribution  is  more  compact,  which  results  in  a  lower
ICD  score.  This  suggests  that  one  should  not  blindly
pursue higher ICD or lower ICC values. For example, an
in-depth  analysis  of  specific  types  of  faults  might  suffer
from  the  loss  of  detailed  information  if  the  ICC  is  too
low.  Notably,  only  SUMAP  achieves  clear  separation
between  different  categories,  demonstrating  superior
interclass  differentiation  and  classification  visualization
capabilities.  Finally,  the  dimensionality  reduction
execution  efficiency  of  the  algorithm  requires  further
discussion.  In  this  case,  4160  samples  are  used  for
visualization  purposes.  Table  S2  (cf.  ESM)  presents  the
model  fitting  times  of  the  four  dimensionality  reduction
methods.  It  is  evident  that  UMAP demonstrates  the  best
computational efficiency, whereas t-SNE and its variants
require  nearly  twice  the  computational  time.  The
computational  time  required  by  SUMAP  slightly
increases,  which  is  attributed  to  the  additional
calculations required for the new distance metric. Overall,
both  the  quantitative  and  visual  analyses  confirm  that
SUMAP provides the best classification and visualization
performance, benefiting significantly from the integration
of auxiliary category labels. 

4.1.2    Case study concerning faults 1, 2, 4, 5, 6, and 7

The  normal  state  and  faults  1  and  2  are  easily
distinguishable,  whereas  faults  4  and  5  overlap  with  the
normal  state  in  most  studies.  Fault  3  is  recognized  as  a
challenging  fault  to  detect  due  to  its  minimal  fault
variation [46].  In this study, all  step faults except fault  3
are  selected  for  experimentation,  resulting  in  totals  of
3380  training  samples  and  5760  testing  samples.  Four
methods,  KFDA-KNN  [27],  FDA-t-SNE  [20],  VWFDA
[21], and CCA-SOM [22], are employed to compare and
validate  the  effectiveness  of  the  proposed  method.  The
proposed method uses a Laplacian kernel function with a
bandwidth of 1/52, and its KPCA dimensionality is set to
100.  The significance levels αa and αb are  set  to  0.9 and
0.1,  respectively.  The  number  of  nearest  neighbors  is
configured as  50,  and min_dist =  0.2.  The parameters  of
the  remaining  methods  are  configured  according  to  the
original papers.

Table 1 presents  the  evaluation  metrics  produced  by

different methods in this case, including precision, recall,
and  the  F1  score.  The  results  obtained  for  KFDA-KNN
and  CCA-SOM  are  based  on  the  predicted  labels
generated  by  the  KNN  classifier  and  SOM  model,
respectively, whereas the results of the other methods are
computed  using  the  envelope  approach  described  in
Section 3.3. The results show that FDA-t-SNE and CCA-
SOM perform poorly,  likely because of  their  reliance on
linear  feature  extraction  methods.  The  performance  of
KFDA-KNN  also  suggests  that  nonlinear  feature
extraction  methods  may  be  better  choices.  VWFDA
achieves  good  results,  as  it  amplifies  the  influences  of
fault  features  by  weighting  the  key  characteristics.  The
proposed  SUMAP-LA  method  achieves  the  best
performance, with all three metrics approaching 100%. A
further  examination of  the  two-dimensional  visualization
results  of  these  methods  facilitates  an  intuitive
comparison.  Owing  to  the  higher  dimensionality  of  the
KFDA-KNN  method,  which  exceeds  2,  direct
visualization is not possible. Therefore, UMAP is used to
generate  a  2D  projection.  The  2D  projection  plots
produced  for  the  training  and  testing  phases  of  all  four
methods are shown in Figs. S3 and S4 (cf. ESM). Among
these  methods,  FDA-t-SNE  and  VWFDA  exhibit  some
class overlap, particularly FDA-t-SNE. Additionally, their
online  projection  plots  show  significant  degrees  of  drift
for  many  testing  samples,  likely  owing  to  their  reliance
on  neural  network  models  for  online  projection,  which
results  in  an  unstable  visualization  process  and  requires
multiple  training  iterations.  KFDA-KNN  achieves  good
separation  but  still  has  some  misclassified  points.  In
contrast,  the  proposed  method  demonstrates  excellent
fault  separation  capabilities,  enhances  the  intraclass
cohesion effect, and significantly improves the reliability
of online projections. 

4.1.3    Case study involving multiple fault types

In  actual  industrial  processes,  faults  often  manifest  in
various  forms,  making  it  crucial  to  evaluate  the
performance  achieved  by  the  SUMAP-LA method  when
handling  multiple  types  of  faults.  In  this  case,  a  data  set
comprising normal operations and faults 4, 8, 14, and 17
is  constructed  to  test  this  ability.  The  data  set  includes
2420  training  samples  and  4160  test  samples,  covering
four  types  of  faults:  step,  random,  sticky,  and  unknown
faults.  Considering  the  slight  reduction  in  the  data  set
size,  the  number  of  neighbors  is  adjusted  to  45,  and
min_dist is set to 0.1 to preserve more local information,
while the remaining parameters remain unchanged.

In  this  case,  quantitative  metrics  are  used  to  evaluate
the  performance  of  all  methods.  The  final  experimental
results  show  that  when  encountering  different  types  of
faults,  all  methods  experience  certain  performance
degradations,  particularly  FDA-t-SNE.  This  decline  is
primarily  because  FDA,  which  is  a  linear  approach,

 

Table 1    Comparison between SUMAP-LA and other methods
Model Precision Recall F1 score
KFDA-KNN 0.916 0.903 0.905
FDA-t-SNE 0.952 0.836 0.866
VWFDA 0.974 0.918 0.941
CCA-SOM 0.752 0.741 0.739
SUMAP-LA 0.997 0.997 0.997
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struggles to effectively capture features in complex data.
VWFDA  and  CCA-SOM  exhibit  better  performance,
likely  because  their  visualization  methods  are  more
stable,  especially  since  VWFDA employs  multiple  ELM
models  rather  than  the  BP  model  used  in  FDA-t-SNE.
The performance of KFDA-KNN is comparable to that of
CCA-SOM,  which  may  be  due  to  the  inability  of  the
KNN  classifier  to  achieve  optimal  classification  effects.
The  performance  of  SUMAP-LA  also  exhibits  some
decline,  but  compared  with  those  of  the  other  methods,
this reduction is relatively small, and it remains the best-
performing model. The detailed metrics obtained for this
case are shown in Table S3 (cf. ESM).

Figure 4 presents a comparison between the normalized
confusion  matrices  obtained  for  the  two  best-performing
methods.  It  is  clear  that  VWFDA  performs  poorly  on
faults 14 and 17, as it  fails to distinguish them correctly,
whereas  SUMAP-LA  demonstrates  good  classification
performance. Upon analyzing the faults, this may be due
to  fault  17  also  involving  a  sticking  fault.  The  SUMAP-
LA method exhibits slightly worse performance for faults
8  and 17,  where  some faults  are  incorrectly  classified as
normal. Step faults are relatively easy to distinguish with
both  methods.  Next,  a  further  comparison  between  their
two-dimensional  visualization  results  is  conducted.
VWFDA  and  the  proposed  method  are  selected  for
comparison  because  of  their  superior  performance.  The
visualization  results  of  training  and  testing  are  shown in
Fig.  S5  (cf.  ESM).  During  the  offline  training  phase,
VWFDA  fails  to  distinguish  between  faults  14  and  17,
with  relatively  small  distances  between  these  faults.  In
contrast,  SUMAP-LA  achieves  perfect  separation.  The
online  results  indicate  that  VWFDA  results  in
misclassifications  for  faults  8,  14,  and  17,  with  many
samples  incorrectly  classified.  SUMAP-LA  also  yields
some  misclassifications,  with  some  faults  being
categorized  as  normal,  possibly  due  to  subtle  changes
induced  during  the  initial  stages  of  the  faults.  However,
overall,  the  proposed  method  demonstrates  superior
visual  separation  capabilities.  This  finding  indicates  that
SUMAP-LA can effectively distinguish between different

faults  and  accurately  project  online  samples  into  their
corresponding fault  regions when handling various types
of faults. 

4.1.4    Case studies involving numerous fault conditions

min_dist

SUMAP-LA  is  capable  of  identifying  various  types  of
faults.  Additionally,  a  further  analysis  is  needed  to
evaluate  the  performance  of  this  method  in  the  presence
of  multiple  faults.  To  increase  the  complexity  of  fault
detection, as many faults as possible are selected from the
21  fault  types.  Ultimately,  ten  faults  are  chosen:  the
normal state and faults 1, 2, 4, 5, 6, 7, 12, 14, 17, and 19.
The  training  set  comprises  5,300  samples,  whereas  the
test  set  contains 8960 samples,  covering a wide range of
fault  types.  Owing  to  the  large  size  of  the  data  set,  to
balance the efficiency of the tested methods and the final
results,  the  number  of  neighbors  is  set  to  70.  The

 parameter  is  set  to  0.02  to  obtain  a  denser
embedding.  The  remaining  parameters  are  kept
unchanged.

The final performance metrics indicate that, when faced
with  many  different  fault  types  and  quantities,  the
experimental results of all methods decline again. Among
the  tested  approaches,  FDA-t-SNE  yields  the  worst
performance, with a significant decline, suggesting that as
the  complexity  of  the  data  set  increases,  this  method
struggles to distinguish between different faults. This may
be due to the linear limitations of the FDA approach and
its reliance on a single BP model to learn online mapping
relationships.  KFDA-KNN  outperforms  CCA-SOM  but
still  operates  at  a  relatively  low  level.  VWFDA
demonstrates  good  precision  but  poor  recall,  indicating
that  many  faults  are  missed.  The  proposed  method
remains the best-performing approach, with only a slight
decrease  in  performance  relative  to  the  previous  cases.
The  detailed  experimental  results  can  be  found  in  Table
S4 (cf. ESM).

A  further  examination  of  the  visualization  results
produced by VWFDA and SUMAP-LA is  presented.  As
shown in Fig. 5,  SUMAP-LA yields  more  dispersed  and

 

 
Fig. 4    Normalized confusion matrices: (a) SUMAP-LA and (b) VWFDA.
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distinct  training  and  testing  results  for  different  types  of
faults,  with  no  overlapping  regions.  In  contrast,  the
VWFDA method results in partial overlap for faults 1, 4,
12,  and  17.  Its  online  results  are  suboptimal  at  the
boundaries,  with  many  points  projected  outside  the
envelope. This is because VWFDA relies on ELM models
for  online  projection  purposes,  which  may  require
multiple  iterations  to  achieve  the  optimal  projection
effect.  Even  with  a  small  convergence  loss,  its  online
performance  might  still  be  poor.  Conversely,  the
SUMAP-LA method performs online data transformation
based on previously learned manifold structures, offering
better stability. In the online testing results, some fault 12
samples  are  misclassified  as  being  fault  5.  Upon  further
examining  the  causes  of  the  faults  from  the  data  set
Github  website,  it  can  be  observed  that  both  faults  are
caused  by  variations  in  the  condenser  when  cooling  the
inlet  water  temperature,  which  explains  the  projection
results.  Overall,  the  proposed  method  delivers  superior

visualizations and effectively separates different faults.
Overall,  in  the  TE  scenario,  SUMAP-LA  performs

exceptionally  well  across  various  settings,  with  an
average  F1  score  exceeding  95%.  The  visualization
results  derived  from different  cases  demonstrate  that  the
improved  SUMAP  approach  effectively  utilizes  label
information  acquired  from  the  training  data,  enhancing
the low-dimensional projection process and creating well-
separated  envelopes.  Additionally,  during  online
projection,  the  label  allocation  mechanism  based  on
CBLA provides preassigned labels for the online samples,
guiding  their  low-dimensional  projection  and  ultimately
improving  both  the  visualization  quality  and  fault
classification performance of the model. 

4.2    CCR process

Although  the  TE  process  data  set  provides  abundant
experimental  data  for  validating  the  proposed  process

 

 
Fig. 5    Visualization results  produced by VWFDA and SUMAP-LA under  numerous fault  conditions:  (a)  training and (b)  testing
results of VWFDA, (c) training and (d) testing results of SUMAP-LA.
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monitoring methods and demonstrating their  adaptability
across  different  fault  scenarios,  the  data  were  obtained
through  simulations  implemented  under  a  simplified
process  structure.  In  contrast,  the  CCR  process  is  a  key
process  in  the  petrochemical  industry  for  producing
gasoline  and  aromatics.  It  involves  a  more  complex
workflow  and  multiple  stages,  which  present  greater
challenges  in  terms  of  detecting  faults  and  maintaining
system  stability.  Given  this,  conducting  a  case  study
involving  the  CCR  process  can  further  validates  the
applicability  of  the  proposed  method  in  complex,  real-
world  chemical  processes.  The  simplified  naphtha  CCR
process consists of four continuous reactors, four heaters,
one  catalyst  regeneration  unit,  one  stabilizer,  and  other
utility units (refer to Fig. S6, cf. ESM). The feedstock is a
mixture  of  pretreated  materials,  crude  oil,  and  heavy
naphtha  produced  by  hydrocracking,  with  boiling  points
ranging  between  30  and  200  °C.  The  entire  reaction
process  is  maintained  at  approximately  525  °C,  and  the
feedstock  is  required  to  pass  through  multiple  reactors
and  heaters  to  ensure  a  complete  reaction.  Finally,  the
hydrogen  and  reformate  products  are  separated  via  a
distillation  tower.  Throughout  the  process,  the  catalyst
regeneration  unit  maintains  the  activity  of  the  catalyst,
ensuring long-term, high-yield system operations [47,48].

m = 18
X ∈ Rn×m

In this section, the research data are obtained from the
catalytic  reforming  unit  of  a  refinery,  with  data  sampled
once every 30 min.  From the collected data,  key
variables  are  selected,  forming  a  data  set 
containing n =  3000  samples.  These  samples  consist  of
1000  normal  samples  and  four  types  of  fault  samples.
Each  fault  type  contains  500  samples,  which  represent
unknown  faults,  step  faults,  drift  faults,  and  random
faults.  A  complex  coupling  relationship  is  observed
between  the  data  variables,  which  makes  actual  visual
process monitoring highly difficult. 

4.2.1    Exploration of the hyperparameter of SUMAP-LA

To gain a deeper understanding of the proposed method,
we conduct a detailed study of the hyperparameter λ and
the  significance  level α. λ is  calculated  according  to
Eq.  (18),  with  a  value  range  of  [0–1];  it  measures  the
similarity  between  the  data  distributions  of  two
categories. This parameter directly affects the calculation
of  the  distance  metric ds in  both  the  offline  and  online
stages,  thereby  influencing  the  construction  of  the
adjacency graph. Larger values of λ amplify the influence
of  class  information,  ultimately  leading  to  greater
separation  between  data  belonging  to  different  classes.
When λ is  set  to  zero,  the  effect  of  class  information  is
completely  ignored.  Since  the  parameter  is  calculated
based  on  JS  divergence,  its  value  dynamically  changes
according  to  class  distribution  differences.  When  two
classes  are  close  to  each  other,  the  expected  value  is
smaller, thereby reducing the influence of class labels and

decreasing  the  ICD.  This  strategy  better  aligns  with  the
actual  distribution  of  the  data.  In  Fig.  S7  (cf.  ESM),  the
variations  exhibited  by  the  ICD  and  ICC  metrics
produced  for  the  low-dimensional  embedding  under
different λ values  are  demonstrated  using  the  CCR  data
set,  and  these  variations  are  consistent  with  our
expectations.

αb

ACCKNN

The parameter α = (αb, αa), αa > αb is another important
factor, as it influences the types of labels assigned by the
CBLA  by  controlling  the  upper  and  lower  limits  of  the
threshold,  thereby  affecting  the  final  performance.
Specifically, αa affects  the  lower  limit  of  the  threshold.
The smaller  the  value of αa is,  the  better  the  recognition
ability  of  the  model  for  unknown  classes,  but  it  also
becomes  more  sensitive  to  noise.  In  practice,  a  can  be
adjusted  based  on  the  amount  of  noise  contained  in  the
input  data.  On  the  other  hand,  determines  the  upper
limit of the threshold. The larger its value is, the smaller
the upper limit, resulting in more labels being assigned as
one-hot  labels.  Typically,  when  the  predictions  obtained
for the given data are sufficiently accurate, this value can
be  increased.  In  the  supplementary  information,  Fig.  S8
(cf.  ESM)  illustrates  the  changes  exhibited  by  the

 metric  on  the  CCR  data  set  under  different α
combinations.  Notably,  the best  performance is  achieved
when α = (0.1, 0.9); thus, this setting is used in this case
study. 

4.2.2    Comparative experiments on the CCR case

To  evaluate  the  ability  of  the  tested  methods  to  handle
out-of-sample  issues,  all  data  except  for  the  unknown
fault samples are divided into training and testing sets at a
1:1 ratio. The unknown fault samples are directly used for
online  testing  to  verify  the  performance  of  the  methods
when  addressing  unknown  data.  For  comparison
purposes,  the  VWFDA  method,  which  performs  well  in
the TE case, is selected, and all data sets are standardized.
Each  ELM  model  in  VWFDA  is  trained  20  times,  with
the  best-performing  model  (mean  squared  error  <  1)
chosen. For SUMAP-LA, the Laplacian kernel function is
selected, with its bandwidth set to 1/18 and the number of
neighbors n =  30.  The  significance  level  is  set  to  (0.1,
0.9), and min_dist is set to 0.1. For the VWFDA method,
the perplexity of t-SNE is adjusted to 40, the learning rate
is  set  to  50,  and  the  remaining  parameters  remain
unchanged.

The  detailed  metrics  produced  by  both  methods  in  the
CCR  case  are  presented  in  Table  S5  (cf.  ESM).  The
experimental  results  indicate  that  the  proposed SUMAP-
LA method outperforms VWFDA, with all of its metrics
exceeding  those  of  the  VWFDA  method.  Figure  S9  (cf.
ESM) further presents the normalized confusion matrices
produced  for  both  methods,  providing  more  detailed
information.  An  examination  of  the  classification  results
obtained  for  each  category  reveals  that  SUMAP-LA
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results  in  only  a  few  misclassifications  between  normal
data  and  drift  faults.  In  contrast,  the  VWFDA  method
performs poorly on three fault types, with many step and
drift  faults  misclassified  as  random faults.  This  could  be
due to  the occurrence of  variable  changes in  the random
faults  that  resemble  the  characteristics  of  other  fault
types.

Figures 6(a)  and 6(b)  show  the  visualization  results
produced  for  the  VWFDA  method.  Despite  the  ELM
model  being  trained  multiple  times,  the  online
visualization  results  are  still  suboptimal,  with  many
points  exhibiting  significant  degrees  of  drift.
Additionally,  the  fault  regions  of  the  three  fault  types
overlap, resulting in poor visualization performance. The
unknown  faults  (blue  sample  points)  are  projected  into
several different regions, likely due to weighting strategy
differences.  Some unknown points  are  projected into the
normal  region,  which  can  interfere  with  the  normal
visualization monitoring procedure. In contrast, Figs. 6(c)
and  6(d)  display  the  2D  visualization  projections

produced  for  the  SUMAP-LA method.  Both  the  training
and  testing  results  show  that  different  types  of  samples
are  effectively  classified,  forming  well-separated
envelopes, with the samples of different categories being
very  compact.  Upon  a  careful  examination  of  the  local
zoomed-in  results  obtained  for  each  type  of  fault,  the
visualization reflects the characteristic information of the
faults. For example, the migration fault exhibits a gradual
transition  process,  whereas  the  random  fault  shows  a
uniform  distribution  in  all  directions.  However,  the  step
fault  shows  two  clusters,  which  may  be  due  to  its  small
number  of  neighbors,  leading  to  the  formation  of  false
clusters.  Therefore,  it  is  recommended  to  set  n  close  to
the  number  of  cluster  samples  when  performing
visualization.  However,  this  results  in  a  significant
increase in the model execution time, so a tradeoff needs
to be made. In Fig. 6(d), the blue sample points represent
the  projection  area  produced  for  unknown  faults  during
the online phase.  Since the lower bound of the threshold
is  set,  some  samples  that  differ  significantly  from  the

 

 
Fig. 6    Visualization results produced for the CCR case: (a) training and (b) testing results of VWFDA; (c) training and (d) testing
results of SUMAP-LA.
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training  data  are  classified  as  unknown  data.  These
samples  are  initialized  into  unrelated  regions  via
Algorithm  2,  which  prevents  interference  with  the
previously classified regions while alerting the operator to
the  occurrence  of  an  unknown  fault.  Finally,  a
comparison between the offline training times of the two
methods  is  provided.  As  shown  in  Table  S6  (cf.  ESM),
SUMAP-LA  demonstrates  higher  efficiency.  While  the
calculation  of  the  kernel  functions  increases  the
complexity  of  the  UMAP  method,  its  speed  advantage
makes  SUMAP-LA  the  more  efficient  approach  among
the  two methods.  Importantly,  the  training  time  required
for the neural networks contained in the VWFDA method
is not  included in this  comparison.  In contrast,  SUMAP-
LA  does  not  require  additional  neural  network  training.
Once  the  offline  data  training  process  is  complete,  new
data can be directly embedded into the previously trained
space with high stability. 

4.2.3    Ablation study of SUMAP-LA in the CCR case

To illustrate  the role  of  each component  in  the proposed
method, an ablation study is conducted based on the CCR
process. This analysis gradually removes each component
to  demonstrate  its  necessity  and  effectiveness.  The
complete  SUMAP-LA  method  serves  as  the  baseline
model,  and  the  indicators  proposed  in  Section  3.3  are
used for evaluation purposes. Detailed information about
the components can be found in Table S7 (cf. ESM).

µM

Based  on  the  aforementioned  components,  multiple
models are constructed and trained on the same CCR data
set. The related parameter settings remain consistent with
those  in  Section  4.2.2.  Model  1  serves  as  the  baseline
model, utilizing the parameters described in Section 4.2.2.
Models 2 and 3 are derived from Model 1 with the same
parameters but with specific components removed. Model
2  excludes  the  discriminative  feature  extraction
component.  Specifically,  the  original  data  are  directly
applied  to  the  SUMAP  method  for  training,  with  online
labels obtained by inputting the raw data into a Bayesian
classifier  and  assigned  according  to  a  predefined  rule.
Model  3  removes  the  CBLA  component.  To  ensure  the
proper  functioning  of  Model  3,  the  similarity  of  new
sample  points  is  calculated  via  the  Euclidean  distance
measure.  Importantly,  unknown  fault  data  are  not
included  during  training.  The  final  experimental  results
are  presented  in Table 2,  where  measures  the
visualization performance of the models. Model 1, as the
baseline  model,  achieves  the  best  performance.  When
Component  1  is  removed,  the  performance  declines
significantly,  indicating  that  extracting  FDA  features  in
the kernel space helps improve the final results. Model 3,
which does not use predicted labels but instead computes
similarity directly on the basis of Euclidean distance, also
results  in  a  performance  drop,  suggesting  that
incorporating  the  predicted  labels  to  project  online

µM

samples results  in more accurate classification effects.  A
comparison  between  the  values  of  Models  1  and  3
demonstrates  that  Component  3  enhances  the  quality  of
the  low-dimensional  visualization.  Overall,  each
component  contributes  to  the  improvement  exhibited  by
the final results. 

5    Conclusions

This  paper  proposes  a  novel  SUMAP-LA  visual
monitoring method that leverages category information to
increase  both  its  accuracy  and  visual  effectiveness.  The
method  consists  of  two  components:  SUMAP,  which
incorporates category information into UMAP to improve
the  manifold  learning  and  online  projection  procedure,
and CBLA, which combines Bayesian rules and KFDA to
flexibly assign labels for handling different types of data.
Case  studies  conducted  on  TE  and  CCR  data  sets
demonstrate  the  superior  accuracy  and  visual  separation
of the proposed method relative to the compared state-of-
the-art  approaches,  as  well  as  its  ability  to  handle
unknown  data.  Future  work  will  focus  on  updating  the
model  dynamically  through incremental  learning,  further
enhancing its adaptability to unknown data. 
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