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HIERARCHICAL SVM WITH DATA
SUPERPOSITION FOR STATISTICAL
PROCESS CONTROL PATTERN
RECOGNITION

Juanjuan Qin,*** Baokang Zhang,** Qi Wu,** Ning Sun,* and Maoqi Cao*

Abstract

Statistical process control is an effective quality control method,
and its wide application has important practical significance in
modern manufacturing industry. This paper studies a support vector
machine classifier model based on the superposition method, which is
suitable for pattern recognition of control chart of statistical process
control and can effectively improve the intelligence level of quality
monitoring in production. We also design a data preprocessing
method based on sample information overlay to improve the
recognition rate of sample features in response to the problem of
unclear abnormal features in observed data. Through the comparison
between the statistical characteristics and shape characteristics of
the sample data, a two-layer support vector machine classifier model
is established. Using the algorithm of Fruit fly optimisation to
optimise the parameters of the two-layer support vector machine
classifier can improve the recognition accuracy of the model. The
effectiveness and superiority of the proposed model are verified by

simulation experiments.
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1. Introduction

Statistical process control (SPC), as an effective quality
control method, has been widely used in modern manufac-
turing process quality control [1]-[4]. The key to implement
quality intelligent monitoring of statistical process control

* Department of Electronic and Information Engineering,
Bozhou  University, = Bozhou, Anhui 236800, China;
e-mail:  2016020060@bzuu.edu.cn; 2023020014@bzuu.edu.cn;
caomaoqi@mail.ustc.edu.cn

** College of Information Engineering, Zhejiang University
of Technology, Hangzhou, Zhejiang 310023, China; e-mail:
2111903169@zjut.edu.cn; qwu@zjut.edu.cn
Corresponding author: Maoqi Cao

Recommended by Xingzring Jiang
(DOI: 10.2316/J.2025.201-0564)

is to accurately control chart patterns. This is of
great significance for detecting anomalies in production,
eliminating hidden trouble and improving product quality
and reliability [5]—[8]. In recent years, extensive researches
on the recognition of control graph patterns based on
artificial neural network control graph patterns of original
data, artificial neural network control graph patterns of
feature extraction, deep learning control graph patterns
and support vector machine control graph patterns [9]—[14],
have been conducted. Addeh et al. [9] used the association
rule method to select shapes and statistical features,
and proposed a radial basis function neural network
recognition method. El-Midany et al. [10] proposed a neural
network recognition model for multivariate observation
data using X? as the input of neural network multi-
module structure. Zan et al. [12] proposed a generalised
neural network recognition model based on original data.
However, the original data dimension of control chart
is high and the training data is huge. These methods
have long training time and low recognition accuracy.
To solve the problem of high dimensionality of original
data, the feature extraction method is used to reduce the
computational dimension of artificial neural network. Gauri
and Chakraborty [13] used a systematic method based
on classification and regression tree to select features and
established an artificial neural network recognition model.
The above studies indicate that artificial neural network is
an effective intelligent recognition method of control graph.
The computational complexity of artificial neural network
can be greatly reduced, and the accuracy and rapidity
of classification can be improved by selecting suitable
features. However, artificial neural network is based on the
principle of empirical risk minimisation, which has some
problems such as difficult to convergence, easy to fall into
local extreme value, and difficult to determine the most
suitable network structure. Based on the support vector
machine (SVM), they have achieved unsupervised pattern
recognition [15], [16]. Deep learning has high classification
accuracy for data sets with a large number of samples and
does not require manual feature extraction. However, in
the case of a small number of samples, the classification



accuracy is low [17], [18]. It is difficult to collect abnormal
pattern samples of control chart in actual production on
a large scale, so deep learning is difficult to be used for
small sample control chart pattern recognition [19]. Current
SPC pattern recognition approaches, such as traditional
SVM and neural networks, typically assume fixed standard
deviations (o) and abnormal starting points (¢p), are
unrealistic in industrial scenarios. This work addresses this
gap by proposing a hierarchical SVM model with data
superposition, specifically designed for robust classification
of patterns under variable ¢ and random ty. The main
objectives are as follows.

1) Develop a hierarchical classifier to distinguish
directional trends (flat/ascending/descending) before
mode-specific classification to improve computational
efficiency.

2) Integrate data superposition and FOA optimisation to
enhance robustness against dynamic anomalies.

The above control chart recognition models have high
classification accuracy. However, the samples they often
solve are those with abnormal starting point at the origin
or fixed points in the control chart window. The standard
deviation of each model sample is fixed. There is random
disturbance in actual production, which is similar to
Gaussian white noise and has contingency and uncertainty.
Therefore, the standard deviation of the sample may not
be a definite value. In real production, the real-time data
collected is entered from the right side of the control
chart window. The starting point of abnormal patterns
constantly changes, which may lead to low recognition
accuracy of the above model in actual detection. To solve
these problems, a pattern recognition model of support
vector machine control is proposed based on superposition
method. The superposition method is used to preprocess
the original observation data of the sample to improve the
identification of the data in the direction of change. The
computation dimension is reduced and the computation
speed and recognition accuracy are improved by applying
the feature groups to different decision levels in the two-
layer classifier module. A two-layer classifier model is
established by optimising the parameters of drosophila
algorithm [20] to SVM. The innovation of this study lies in
the following.

1) Proposing a hierarchical SVM architecture for SPC
dynamic anomaly recognition, which distinguishes
pattern categories through hierarchical feature devel-
opment system.

2) Using fruit fly optimisation algorithm to auto-
matically adjust parameters, improve accuracy and
adaptability to industrial scenarios with variable
process parameters.

2. Research Method
2.1 The Basic Pattern of the Control Chart

There are many types of control chart, as shown in Fig. 1.
The most widely used is the mean control chart. In 1958,
Western Electric Company of the United States proposed
six basic control chart modes, namely normal (NOR),
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Figure 1. Common control chart patterns.

cyclic (CYC), upward trend (UT), upward shift (US),
downward trend (DT), and downward shift (DS) modes.
The NOR mode indicates that the production process is
under statistical control [21]. The data in the window often
obey normal distribution with the mean p and the standard
deviation o. The observed values of each sampling point
fall within the upper and lower control limits (UCL, LCL).
The other five control chart modes are abnormal modes.
Due to abnormal disturbance, the data after the abnormal
starting point to presents cycle changes (CYC mode),
continuous upwards or downwards changes (UT and DT
mode), and sudden upwards and downwards changes (US
and DS mode) [22]. It is found that the trend pattern
could be caused by wear and tear on key parts of the
machine tool. Changes in operators, raw materials, or
equipment may cause step patterns. Periodic patterns may
be related to voltage fluctuations in the power supply.
In production, accurate classification and recognition of
the collected samples of each control chart pattern is the
premise to determine whether the production process is
controlled or not and the key to ensure the production
quality of the product.

2.2 Construction of Machine-controlled Mapping
Recognition Model Based on Superposition
Method

Considering the abnormal starting point and standard
deviation change in real production, a support vector
machine control mapping pattern recognition model based
on superposition method is proposed. It uses Monte
Carlo method to generate simulation training and test
sample data that are closer to the actual production
process. The system structure is shown in Fig. 2. It mainly
includes the original data module based on simulation,



Figure 2. System flowchart.
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Figure 3. Comparison between the superposed value and original value:
(f) DS.

(a) NOR; (b) CYC; (c) UT; (d) US; (e) ET; and

superposition pretreatment module, feature extraction
module, double layer classifier module and optimisation
module. In the superposition pretreatment module, the

superposition method is used to preprocess the original
data of the control chart. The obtained results can highlight
the flatness, rising or falling direction of each model
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sample to the maximum extent. In the feature extraction
module, the calculation dimension is reduced and the
speed is improved by extracting statistical and shape
features of samples. In the double layer classifier module,
a double-layer decision classifier based on vector machine
is proposed. The features are divided into two groups for
different decision levels in the following two-layer classifier
module based on the characteristic of the features. The
classification performance of vector machine depends on
the penalty coefficient C' and the kernel parameter g. As
a result, the fruit fly optimisation algorithm is used to
optimise the two super parameters C' and g of SVM in the
optimisation module.

2.3 Superposition Pretreatment

As shown in Fig. 1, abnormal features in the original data
of each model sample are not obvious. The amplitude of
abnormal data is small, and the identification degree of the
sample features is low. The superposition method is used
to preprocess the original data, where the original value in
each sample is z and the result after superposition method
can be obtained as follows:

=Y @ (n-1,2,-N) 1)
i=1

where y,, represents the value of each sampling point in the
sample after superposition; x; represents the original value
of the current sampling point ¢ in a single sample, and N
represents the sampling times of a single sample.

The superposition method is to superpose the observed
value corresponding to the current sampling point ¢ and
the original value corresponding to the previous sampling
point i-1. For the samples with basically symmetrical
mean values, such as NOR and CYC mode, y, oscillates
along the mean after superposition, and the least squares
fitting line tends towards a straight line. For samples with
many sampling points whose original values are higher
than the mean line, such as UT and US mode, y, will
become larger and larger after the superposition method.
Similarly, for DT and DS mode samples, y,, will decrease
after superposition. As shown in Fig. 3, the blue and
red curves represent the original value and superposed
value, respectively. NOR and CYC mode tend to be
flat after the superposition method. Abnormal part in
the graph becomes steep and the amplitude of the UT,
US, DT, and DS modes increase. It can be seen that
the horizontal, upward, and downward direction features
of the data processed by the superposition method are
highlighted. The identification degree of samples can be
greatly increased by extracting appropriate statistical and
shape features.

2.4 Feature Extraction

Control chart pattern sample has its own statistical
characteristics and shape characteristics, which are divided
into global shape characteristics and segmented shape
characteristics. Suitable features can improve the accuracy
and greatly reduce the complexity of the classifier, making
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Figure 4. Cognition model.

the classification problem more effective and efficient.
Three statistical features: skew, mean variation of late
change (Vm), standard deviation variation of late change
(VS), six shape features: slope of the line fitted by the
least square method (), proportion of the number of the
crossovers to mean line (PMLC), proportion of the number
of the crossovers to least square line (PLSC), area between
the overall pattern and mean line (ACL), the average
slope of the straight lines passing through six pairwise
combinations of midpoints of four equal segments (ASL),
the ratio of mean sum of squares of errors (MSE) of the
least square line fitted to excess data, and average mean
sum of squares of errors of the least square line fitted to
six subsets of N /2 data points (REAE), are extracted. The
specific calculation formulas are shown in Table 1.

2.5 Recognition Model of Machine-controlled
Mapping-based on Superposition Method

As shown in Fig. 4, the features are divided into two groups
according to their distribution characteristics. The first set
of features is used to determine the direction of change of
the control chart, such as flat mode, ascending mode and
descending mode. The second group is used to determine
the type of change in the control chart, such as NOR, CYC,
US, UT, DT, and DS models. Then, a two-layer classifier
model with two main decision levels is designed for two
different groups of features.

Decision Level 1 is a multi-classification support vector
machine (MSVM) based on superposition method. First,
the superposition method is used to process the original
observation data. Second, the first set of features, such
as Skew, Vm, S, ASL, PMLC and PLSC, are extracted



Three Statistical Features and Six Shape Features

Features Names Formulas
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from the data processed by the superposition method. As
shown in Fig. 5, the sample data is divided into flat mode,
ascending mode, and descending mode, suggesting that the
first group of features has a good discrimination of flat
mode, ascending mode, and descending mode. Then, the
first set of extracted features is normalised to generate the
feature vector.

Decision level 2 consists of three SVM binary classifiers.
First, the second set of features is extracted from
the sample data of the flat, ascending and descending
modes obtained from decision level 1. The second set of
characteristics, such as Vs, PMLC, PLSC, ASL, ACL,

and REAE, can well distinguish the types of NOR,
CYC, US, UT, DT and DS. For example, as shown
in Fig. 6, Vs and REAE can effectively distinguish
between trend and step patterns. Then, the second set
of extracted features is normalised to form the feature
vector. Finally, the second group of three mode feature
vectors is sent into their respective SVM models for
classification and determination. The flat mode samples
are divided into normal and periodic modes by SVMI.
The ascending mode and descending mode are divided into
ascending trend, ascending step, descending trend, and
descending step mode by SVM2 and SVM3, respectively.
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In this way, the intelligent recognition of the control chart
pattern is completed.

The value of SVM super parameter in two-layer
classifier will affect the accuracy of recognition. FOA is
used to optimise the two super parameters C and g of
SVM to improve the performance of the classifier. The
concrete steps of pattern recognition model based on
Sup-FOA-MSVM control chart are shown in Algorithm 2
in Table 2.

3. Results

Six common control chart modes are studied. According to
the mathematical equations and parameter ranges shown
in Table 3, 400 sets of data samples are generated for
each control chart mode using the Monte Carlo simulation
method. Among them, 200 groups are used for training,
and 200 groups are used for testing. There are total 2,400
groups of simulation data samples, and the length of the
control chart window is set to 60.

In Table 3, y(t) represents the observed value at the
sampling time point ¢; p is the sample mean, and z(t)
is the objective random disturbance in the manufacturing
process, which obeys normal distribution. d is the slope of
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the upward trend and downward trend, and b is the step
position in the step pattern. b = 0 before the step, and
b = 1 after the step. s is the step amplitude; a is the change
amplitude of the period in the periodic mode, and T is the
change period of the periodic mode. The mean p is set to
0. To better simulate the contingency and uncertainty of
the random disturbance of different batches of products or
process parameters in actual manufacturing, the standard
deviation o is set to be uniformly distributed in the range.
The abnormal starting points of the periodic pattern follow
a uniform distribution in the range. The starting points
of trend pattern and step pattern are evenly distributed
in the range. The slope d in the trend pattern is in the
set {0.050, 0.1, 0.150, 0.20, 0.250}. In the step mode,
the step amplitude s is in the range {0, 1.50, 20, 2.50}.
In the periodic pattern, the amplitude a is in the set
{o, 1.50, 20, 2.50}, and the period T is in the range
{12, 14, 16}. To better simulate the complexity of real
sample data changes, all these parameters follow uniform
distribution in their ranges.

The parameters of four SVM classifiers in the two-
layer classifier are optimised by using FOA. The number
of parameters N for FOA optimisation is set as 2, that
of iterations as 100, and the population size P as 30.



Table 2
Sup-FOA-MSVM Control Chart

Algorithm 1. Based on Sup-FOA-MSVM recognition model

Input: the original data, the number of parameters NN, the number of iterations I, the population
size P, the random initial position of the drosophila swarm (X, Y'), and the random flight
8{1%%% ntﬁreldredsltslf%ngf (?ofnl%lr%]lv(lzﬂg?‘g Sg%glpr}l%lgéognition and the classification accuracy of
cognition model.

Stepl: preprocess the original data using the (1) and then save the processed results in the data
set (DS).

Step2: extraction features of skew, Vm, S, ASL, PMLC and PLSC from DS, then generate the
first feature set (F'S1).

Step3: optimise the two super parameters C'0 and g0 in decision layer 1 by the Fruit fly
optimisation algorithm and obtain the optimum parameter of C'0 and g0.

Step4: put the optimum parameter of C0O and g0 into the MSVM, train and test based on the
FS1 to obtain the classification result and classification accuracy.

Stepb: extraction features of Vs, PMLC, PLSC, ASL, ACL and REAE from the classification
result to generate the second feature set (FS2).

Step6: divide F'Ss into flat mode data set FS21, ascending mode data set FS22 and descending
mode data set FS23 based on the prediction tag of classification result.

Step7: optimise the parameters of the classifier SVM1, SVM2 and SVM3 in decision level 2 by
the fruit fly optimisation algorithm, and obtain the best parameters C1, g1, C2, g2 and C3, ¢3.
Step8: put the FSo1, FSoo, F'So3 obtained from the

Step6 and the optimum parameter of C'1, g1, C2, g2, C'3, g3 obtained from the
Step7 into the SVM1, SVM2 and SVM3, train and test to obtain the classification result.

Step9: calculate the classification accuracy of Sup-FOA-MSVM recognition model.

Table 3
Numerical Equations and Parameter Ranges
of Six Control Chart Modes

Models Mathematical Equations Parameters and Ranges
NOR y()=p+z(t) p=0,0<0<05
CYC |y(t)=p+a(t)+axsin2nrt/T)|ace{o,1.50,20,2.50},T €{12,14,16}
UT yt)=p+z@)+dxt d €{0.050,0.10,0.150,0.20,0.250 }
US y)=p+z(t)—dxt
DT y)=p+z{t)+bxs s e€{o,1.50,20,2.50},b€e{0,1}
DS y)=p+z({t)—bxs
Table 4
Optimisation Results of FOA-SVM
Classifiers Optimisation Parameters Classification
c . Accuracy (%)
MSVM 0.405 0.433 99.8
SVM1 7.694 7.080 94.7
SVM2 3.605 0.334 98.0
SVM3 0.989 0.816 97.7
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The random initial position range of drosophila swarm is
between (0, 1). The super parameters C' and ¢ are in the
range of (0,100). Figure 7 shows the optimisation curve of
50 fold cross verification of four SVM classifiers in the two-
layer classifier. After optimisation, the best parameters C
and ¢ and the highest classification accuracy of the four
SVM classifiers are shown in Table 4.

To verify the effectiveness of the preprocessing feature
extraction based on superposition method, the recognition
accuracy of classifier is improved. The original data (60-
dimension, SVM1) is used to extract the first set of features
(60-dimension, SVM2) and the superposition method is
used to preproccess the data from the original data
(60-dimension, SVM3), so as to analyse and compare
the classification accuracy is shown in Table 5. Multi-
classification support vector machine MSVM is used in all
methods. Gaussian kernel function is selected for MSVM,
and the super parameters C' and ¢ are the optimal
parameters obtained after fruit fly algorithm optimisation.

The confusion matrix of the FOA-MSVM model (as
shown in Fig. 8) has remarkable classification. For the
“Flat” category, all 400 samples are correctly predicted,
demonstrating the capability of the model in identifying
“Flat” mode. In the “Ascending” category, 399 samples
are accurately classified, with only 1 misjudged as
“Descending”; symmetrically, the “Descending” category
generates 399 correct predictions and 1 misclassification

Predicted lable

S
s&o
<

True lable

Figure 8. Confusion matrix of FOA-MSVM model for
classification of flat, ascending, and descending patterns.

as “Ascending.” The minimal error between “Ascending”
and “Descending” may stem from subtle feature simi-
larities in specific dynamic scenarios. Overall, the model
demonstrates high accuracy and can effectively distinguish
diverse pattern categories. Negligible misclassifications also
provide insights for future research-further refining feature
extraction to address subtle inter-category ambiguities
could enhance the robustness of the model.

Considering the uncertainty of the position of the
standard deviation o of the sample data and the abnormal
starting point ¢y, the proposed model and other control
models are compared, as shown in Table 6. Model 1 is
based on the original data support vector machine; model
2 is based on the original data to extract statistical features
and shape features support vector machine. As shown in
Table 6, when the standard deviation ¢ and the abnormal
starting position ¢y of the sample data are unchanged,
the recognition accuracy of the three models is high.
When the standard deviation o and the abnormal starting
position ¢y of the sample data change, the recognition
accuracy of the first two models decreases significantly.
However, the proposed model still has a high recognition
accuracy of 96.5%. The model has advantages to address
pattern recognition in control charts, where the position
of standard deviation o and the starting point ¢o of the
abnormal pattern constantly changes, which is conducive
to the subsequent anomaly analysis and troubleshooting.



Table 5

Methods Comparison of Recognition Performance of Different MSVM

Models Correct Classify Number Based on Different Model | Classification
Flat Mode | Ascending Mode| Descending Mode Accuracy (%)
FOA-SVM1 397 357 351 92.1
FOA-SVM2 390 384 382 96.3
FOA-SVM3 381 380 381 95.2
FOA-MSVM 400 399 399 99.8
Table 6
Recognition Comparison of Different Models
Models Correct Classify Number Based on Different Models Classification
NOR | CYC | UT US DT pg | Accuracy (%)
Fixed Modell 196 195 179 191 187 193 94.8
parameters o
and o Model2 195 196 191 194 191 199 97.2
Model of our work 200 197 197 199 196 196 98.7
Changed Modell 190 109 185 170 188 178 83.3
parameters o
and to Model2 175 170 193 172 190 176 89.7
Model of our work 188 190 195 196 196 193 96.5

Predicted lable

True lable
(a)

Predicted lable

Figure 9. Confusion matrices of pattern classification model.

Compared with single-tier SVM, the two-tier architecture
can reduce computational complexity. For example, the
proposed model needs 128 s for the training on 2,400
samples, whereas a single-tier SVM requires 182 s. A 30%
reduction in computational time indicates that the selected
model has high computational efficiency.

The confusion matrices are shown in Fig. 9(a) and
9(b). In the ideal parameter scenario of Fig.9(a), the
model can achieve 100% correct classification for the NOR
pattern (200/200), and show dominant in other patterns

Q& & 9“

C
3

True lable
(b)

(e.g., 197 correct classifications for CYC). Only a few
samples are misjudged, reflecting the precise identification
capability of the model under standard parameter settings.
Figure 9(b) shows the classification under dynamic param-
eter variations. Although certain misclassifications occur
in NOR and CYC, the model still maintains a high correct
classification rate, such as 196 correct classifications for
the U.S. pattern. Combining the advantages of the model,
its hierarchical classifier architecture and optimisation
strategy (e.g., FOA-based parameter optimisation) play a



key role: First, the hierarchical design achieve progressive
feature discrimination, improving the ability to distinguish
complex patterns. Second, the optimisation mechanism can
improve the adaptability to parameter fluctuations. Com-
pared with other comparative models, this model can bet-
ter maintain classification stability in dynamic industrial
scenarios and effectively address recognition challenges
caused by parameter variations in statistical process con-
trol. This highlights its advantages in handling complex and
dynamic patterns for practical engineering applications.

4. Conclusion

A Sup-FOA-MSVM control chart pattern recognition
model is proposed. The data preprocessing method based
on sample information superposition is used to highlight
the significance features of the original data and effectively
reduce the dimensions of original data. Then a two-layer
support vector machine classifier is designed based on
feature analysis. The fruit fly optimisation algorithm is
used to optimise the hyperparameter of the classifier model,
which can improve the recognition accuracy of the model.
Through simulation comparison, the proposed model can
effectively solve the problem of pattern recognition of
control chart. Especially in solving the problem of standard
deviation of sample data and uncertainty of abnormal
starting point position, the proposed model shows high
recognition accuracy and practical application value.
Future research would explore deep learning integration for
hierarchical feature extraction and real-world validation on
unbalanced industrial datasets to address domain-specific
challenges.
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