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Abstract. The purpose of this research is to develop the control chart
robust for complex multidimensional data. In this study, we propose the
methodology of anomaly data visualization and detection using hybrid
model of Learning Vector Quantization (LVQ) and Peculiarity Factor
(PF). LVQ is neural network model which uses supervised learning algo-
rithm. It is useful to classification of multidimensional data with nonlin-
earity and multi-collinearity. PF is a criterion for evaluating peculiarity
and is widely used for outlier detection. In the proposing method, PF of
input data is calculated using the weight vector of LVQ. The anomaly
data assigned to the class of the normal data was able to be displayed
as an outlier on the control chart by calculation of PF on LVQ. The
proposed model realized the robust discernment and visualization of the
anomaly data that have complex distribution by small computational
complexity.
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1 Introduction

The purpose of this research is to develop the control chart robust for complex
multidimensional data. It is very important to distinguish anomaly data and
normal data in quality control and data analysis. In this task, statistical models
of anomaly data function effectively when user has enough anomaly data or
information of anomaly. On the other hand, statistical models of normal data
function effectively when user doesn’t have enough anomaly data. In general, it
is rare that information of anomaly states or these data are sufficiently given. For
this reason, outlier detection on statistical models of normal data is used widely.
However, since the accuracy of unusual detection of the statistics model about a
normal value is dependent on the data representation capability of a model, these
models have to improve the discernment accuracy of data. Furthermore, these
models don’t function effectively, when anomaly data are sampled abundantly
and are formed clusters in a certain region (see Fig.1).

In this study, we propose the methodology of anomaly data visualization and
detection using hybrid model of Learning Vector Quantization (LVQ)[1] and
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Peculiarity Factor (PF)[2]-[4]. LVQ is useful tool for discrimination of multidi-
mensional data with nonlinearity and multi-collinearity and is used for various
scenes, such as data mining. So, it is helpful in understanding of multidimen-
sional quality data and detection of anomaly data. Anomaly detection by LVQ
functions effectively in data regions where data of anomaly value was obtained
sufficiently, but these methods may discriminate data of anomaly data as normal
data frequently, when anomaly data isn’t obtained sufficiently. Then, detection
of the abnormal value data which is not discriminable only by LVQ is also en-
abled by calculating PF to the set of weight vectors by which the class division
was labeled as the normal value of LVQ.

2 Hybrid Model of LVQ and PF

2.1 Learning Vector Quantization (LVQ)

Learning Vector Quantization (LVQ) is a 2-layered feed-forward neural network
model that is closely related to the self-organizing map (SOM) algorithm. LVQ
which uses supervised learning algorithm is useful to classification of multidi-
mensional data with nonlinearity and multi-collinearity.Recently, such machine
learning models are used in the quality control field[5][6]. A set of nodes of LVQ is
constituted by weight vectors {w1,w2, ... ,wN−1,wN}and class information
{c1,c2, ... ,cN−1,cN}.Where, N is the number of nodes of LVQ.

2.2 Peculiarity Factor (PF)

Peculiarity Factor (PF) is a criterion for evaluating peculiarity and is widely
used for outlier detection. PF is calculated based on the distance between each
data of variables. It can visualize the size of gap from other data of each data
in relative positional relation with other data by using this.These criteria are
defined as follows. Let, X={x1, x2, ... , xn−1, xn} be n sampled dataset with xi

=(xi1,xi2, ... ,xim). For the dataset X , the attribute PF of xik is defined by

PF (xij) =
n∑

k=1

N(xij ,xkj)
α, (1)

where α is a parameter and N(xij ,xkj)=‖xij − xkj‖. And, for the dataset, the
record PF of the point xi is defined by

PF (xi) =

√√√√
n∑

j=1

β × (PF (xij)− PF (xij))2, (2)

where β is a weight parameter of attribute, and PF (xij) is given by Equation(1).
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2.3 Proposed

Hybrid model of LVQ and PF for discernment of anomaly data which cannot per-
form assignment of a class in LVQ has been proposed. In the proposing method,
PF of input data is calculated using the weight vector of LVQ. Let, Y = {y1,y2,
... ,yN−1,yN} be r sampled dataset that is classified into the normal class with
yi =(yi1,yi2, ... ,yir). For the dataset Y , the attribute PF of yik is defined by

PFlvq(yij) =

q∑

l=1

N(yij ,w
NML
ij ) =

q∑

l=1

‖yijw
NML
ij ‖, (3)

PF (yi) =

q∑

l=1

√√√√
m∑

j=1

β × (PF (xij)− PF (xij))2, (4)

where, wNML is weight vector of LVQ nodes that is labeled as normal data. The
control chart of multidimensional data with nonlinearity and multi-collinearity
can be created by carrying out the time series plot of the value of this PFlvq .

PF (xi) =

√√√√
n∑

j=1

β × (PF (xij)− PF (xij))
2
, (5)

The upper control limit (UCL) of the control chart based on PFlvq is defined by

UCLlvq =
1

n

n∑

i=1

PFlvq(yi) + γ

√√√√ 1

n

n∑

i=1

(
PFlvq(yi)− PFlvq(y)

)2

, (6)

where γ is a parameter, and PFlvq(y) is given by Equation (4).
Since the smallness of PF expresses the degree of standard and is non-negative

real number, a lower control limit does not exist. Since PF value of an anomaly
data shows a far bigger value than PF value of a normal data, it can be helpful
tool for visualization of an anomaly data by checking the series of PFlvq (Fig.2).

3 Experimental

3.1 Experimental Settings

We confirm the validity of the proposed method using artificial data. Fig.3 shows
the artificial data set used in the experiment. Generally, although the time series
of each variable are displayed in the control chart, the scatter diagram was
displayed in order to make it legible here. In fig.3, square point shapes (�) show
samples of normal data. Round point shapes (©) show samples of anomaly
data. Triangular point shapes (�) show samples of outlier data that are used
for confirmation of the effectiveness of the proposed method.
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Fig. 1. Schematic diagram of the relation between LVQ node and data set

Fig. 2. Schematic diagram of constructed control chart by proposed method

Here, we generated 1000 samples of normal data set based on true distribution

p(x) =
1

(2π)d/2 det(Σ)1/2
exp

(
−1

2
(x− μ)TΣ−1(x− μ)

)
, (7)

where, d is dimension of data set, Σ is covariance matrix and μ is mean vector.
And, we generated 300 samples of anomaly data set based on true distribution

p(x1) =
1√
2πσ2

exp

(
− 1

2σ2
(x1 − 2)2

)
, (8)



Visualization of Anomaly Data Using Peculiarity Detection on LVQ 185

p(x2|x1) =
1√
2πρ2

exp

(
− 1

2ρ2
∣∣x2 −

{−0.3(x1 − 2)2 − 5
}∣∣2

)
, (9)

where, ρ and σ are standard deviations. Table.1 shows parameter settings used
in data generation.

Coordinates of outlier data are shown as (x1, x2)= (-5,6), (0,7), (5,6), (6,-2),
(0,-3). Initial states of LVQ nodes are acquired by learning algorithm of k-nearest
neighbor. Arrangement of nodes is optimized using the learning algorithm of
LVQ3. Table.2 shows parameter settings used in experiment.

Table 1. Parameter settings used in data generation

Parameters

d 2

Σ

(
4 0
0 1

)

µ (2,2)
σ 1.4
ρ 0.5

Table 2. Parameter settings used in experiment

Parameters of LVQ

The number of nodes 30
The number of iterations 100000

Learning rate 0.1
Window size 0.3

Proportion of move for correct vectors 0.1

Parameters of PF

α 1
β 1
γ 3

3.2 Experimental Result

In this chapter, the validity of the proposed method is confirmed from an experi-
mental result. Fig.4 shows the learning result of LVQ3 for experimental artificial
data set. From this result, it was confirmed that discernment of a few unclus-
tered data labeled as outlier is not realized although discernment of clustered
data with nonlinearity labeled as anomaly was realized by only using LVQ. Fig.
5 shows the result of the outlier value detection using the proposing method to
classified data as normal data by only using of LVQ. Five data of the center of
the control chart showing in Fig. 5 are outliers which are not discriminable in
LVQ. Since these data had exceeded the control limit defined by equation (5), it
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Fig. 3. Artificial data sets

Fig. 4. Learning result of LVQ3 and acquired decision bounderly
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Fig. 5. Control Chart caluculated by proposed method. (a) shows control chart of all
data set. (b) shows control chart of outlier data.

has been detected as an outlier data by the proposed method. It was shown that
proposed method can detect outlier data which was not able to be classified by
only using LVQ as anomaly data.

3.3 Discussion

The problem of anomaly value detection unsolvable only by discernment of the
class of an abnormal value and the class of a normal value was solved by calcu-
lating PF on LVQ. Since the usual PF calculates based on the distance between
all the data, computational complexity increases rapidly with the increase in
data. The explosion in computational complexity of PF has been avoided by our
proposal of calculating PF on LVQ. In the experiment, the data with a big error
of the normal class might be judged to be an unusual class. Suitable parameter
setting for reducing such a type 1 error need to be examined in future studies.

4 Conclusion

In this study, we propose the methodology of anomaly data visualization and
detection using hybrid model of LVQ and PF. And, we experimented to confirm
its effectiveness. The anomaly data assigned to the class of the normal data
was able to be displayed as an outlier on the control chart by calculation of PF
on LVQ. The proposed model realized the robust discernment and visualization
of the anomaly data that have complex distribution by small computational
complexity.
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