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[Abstract]

In this study, we present a comparative analysis of major autoencoder(AE)-based anomaly detection methods
for quality determination in the manufacturing process and a new anomaly discrimination criterion. Due to
the characteristics of manufacturing site, anomalous instances are few and their types greatly vary. These
properties degrade the performance of an Al-based anomaly detection model using the dataset for both normal
and anomalous cases, and incur a lot of time and costs in obtaining additional data for performance improvement.
To solve this problem, the studies on AE-based models such as AE and VAE are underway, which perform
anomaly detection using only normal data. In this work, based on Convolutional AE, VAE, and Dilated VAE
models, statistics on residual images, MSE, and information entropy were selected as outlier discriminant
criteria to compare and analyze the performance of each model. In particular, the range value applied to
the Convolutional AE model showed the best performance with AUC PRC 0.9570, F1 Score 0.8812 and
AUC ROC 0.9548, accuracy 87.60%. This shows a performance improvement of an accuracy about
20%P(Percentage Point) compared to MSE, which was frequently used as a standard for determining outliers,

and confirmed that model performance can be improved according to the criteria for determining outliers.
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I. Introduction
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II. Preliminaries

1. Related works

1.1 Anomaly Detection Using AE
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1.2 Convolutional AE
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Fig. 1. Convolutional Autoencoder architecture[10]

1.3 VAE
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Fig. 2. Variational Autoencoder architecture[12]

1.4 Dilated VAE
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Fig. 3. Dilated Box in VAE encoder structure

III. The Proposed Scheme
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Fig. 4. Casting Product Datasets

2. Anomaly Scores
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Table 1. Anomaly Discrimination Criteria

Value of
Discrimination
Criteria

Description

The mean here is the arithmetic mean,
and the sum of the data divided by the
sample size[16].

Rooted in variance, used as a
representation of the degree of
scattering of the data[16].

The mean of the squared deviations[15].
Kurtosis is a measure of the ‘tailedness’
of the probability distribution of a
real-valued random variable. Different
measures of kurtosis may have different
interpretations.

A zero kurtosis indicates a normal
distribution. The higher the kurtosis, the
longer the tail and the more outliers it
produces[17].

Skewness is a measure of the
asymmetry of the probability
distribution of a real-valued random
variable about its mean. A zero
skewness means normal distribution,
and the more positive the right side has
a long tail shape[16].

It is the maximum minus the minimum.
It is the smallest value of sample.

It is the largest value of sample.

It is the cumulative sum of data.
The mean of the square of the
residual(error) is taken. In this work, the
distance(difference) between each pixel
of the original and generated images
is averaged[18].

It is the degree of surprise(in disorder),
and the more random the value, the
higher the entropy. In information
theory, it is used as a measure to
determine whether the information
obtained (data) is meaningful(or volume
of information)[19].
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Table 2. Performance Assessment Indicator

Performance

Indicator Description

This is a correctly predicted raio of the
total data. However, for biased data, false
results can be occurred[21].

Accuracy

This indicates how much reproducibility
and precision are in harmony, and whether
they are not skewed to one side[21].

F1 Score

It is an indicator that evaluates
binary(positive/negative) classification
performance with changes in threshold.
The value of the area below the curve
drawn by setting the x-axis to False
Positive Rate(FPR, 1-specificity) and the
y-axis to True Positive Rate(TPR,
sensitivity). AUC values range from 0 to
1. The closer the value of AUC to 1, the
better the model performs[22].

AUC ROC

It is an indicator that evaluates the
performance of artificial intelligence
according to the confidence level of each
detection result of artificial intelligence
and changes in the threshold. It is a model
evaluation indicator that is the area value
under the curve drawn by setting the x-axis
to recall and the y-axis to precision. It is
a performance indicator used for

AUC PRC

unbalanced datasets[23].

3.1 Convolutional AE

Table 32 &k5% Convolutional AE 229 XA} 0]
olR]of tisiA SAIRIE oldAlz BARsE Wel Al
I ZAdtojct.
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Table 3. Statistics Performance Indicator Results
for Residual Images

Table 6. Results of Performance indicators of MSE
and Information entropy

o AUC F1 AUC AUC F1 AUC
otatistics PRC Score ROC ACC Velloe PRC Score ROC ACC
Mean 0.8098 | 07263 | 0.8046 | 71.95% MSE 07250 | 0.6420 | 0.6951 | 64.89%
Standard 07969 | 06856 | 0.7703 | 70.42% Information 0.6503 | 05877 | 0.6257 | 65.46%
deviation Entropy
Variance 07969 | 06856 | 0.7703 | 70.42%
Kurtosis 0.8986 0.7992 0.8854 | 80.34% .
Skewness 07025 | 05955 | 0.6705 | 66.03% 3.3 Dilated VAE
Range 09570 | 0.8812 | 0.9548 | 87.60% Table 72 si53% Dilated VAE 2H9] ZFA} o]o]x]oj|
Minimum Value | 0.8745 0.8025 0.8949 | 82.06% - = - 1o ]
Maximum Value | 0.9289 | 08459 | 09236 | 83.59% Hioll EAIRIS oVdAl= 2RE tiel AdeAlE 2ujeln:.
Cumulative Sum | 0.8098 | 07263 | 0.8046 | 71.95% Table 8& s:= Dilated VAE 2Hof HAE H|o]g

Table 4. Results of Performance indicators of MSE
and Information entropy

AUC F1 AUC
Helue PRC Score ROC ALl
MSE 0.7818 | 0.6747 | 0.7568 | 68.89%
Information | 42503 | 07114 | 07661 | 69.66%
Entropy
3.2 VAE

Table 5+ 35 VAE 2H0] IR} o]ojx|of tisfiA]
SARIE oYRIZ BAE o g sAlR Zatolr)

Table 62 sF3% VAE 20| E|AE To|ElS &85t
21}, MSEet FE QIE2mE o dx|2 AA3ls mo] 4
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Aol ot FAR] 5 Bk FA g oA |l VI
o2 AM5IYS m, AUC PRC 0.8923, F1 Score
0.8390, AUC ROC 0.8965, A&tz 82.25%0] 71 &2
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O 7)€ W V]800 2 ARRE]= MSEO| Bsl oF 18%P2]
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Table 5. Statistics Performance Indicator Results
for Residual Images

.. AUC F1 AUC
Statistics PRC Score ROC ACC
Mean 0.8923 0.83%90 0.8965 | 82.25%
Standard 06529 | 05989 | 0.6168 | 60.31%
deviation
Variance 0.6529 0.5989 0.6168 60.31%
Kurtosis 0.6685 0.6429 0.6758 | 67.56%
Skewness 0.8061 0.7419 0.7734 72.90%
Range 0.6501 0.6678 0.6671 63.74%
Minimum Value | 0.6924 0.5783 0.7156 67.37%
Maximum Value | 0.5614 0.5800 0.5799 | 60.11%
Cumulative Sum | 0.8923 0.8390 0.8965 82.25%

S X835t A}, MSE} JE JIER2IE oA = A3
< o] “JsAlE ZAxto|ct.

A5AE At o 2RoA] TRHYER - A44d) o]
Aol Tigt FAR] & Btk FA g oAl wE 7%
o2 AM2519S mf, AUC PRC 0.8892, F1 Score
0.8354, AUC ROC 0.8901, A=t 82.06%2] 71 &2
Ass =530k ol THAoRE =2 £A[E ofYA]
of 71& T V)50 2 ARl MSEO] Hlsf oF 17%P]
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Table 7. Statistics Performance Indicator Results
for Residual Images

. AUC F1 AUC
Statistics PRC Score ROC ACC
Mean 0.8892 0.8354 0.8901 | 82.06%
Standard 06154 | 06432 | 0.6229 | 60.50%
deviation
Variance 0.6154 0.6432 0.6229 | 60.50%
Kurtosis 0.6492 0.4063 0.6107 | 58.59%
Skewness 0.8018 0.6939 0.7751 70.04%
Range 0.6392 0.6162 0.6519 | 61.83%
Minimum Value | 0.6842 0.5708 0.6885 | 64.50%
Maximum Value | 0.5602 0.5887 0.5902 | 58.97%
Cumulative Sum | 0.8892 0.8354 0.8901 82.06%

Table 8. Results of Performance indicators of MSE
and Information entropy

AUC F1 AUC
vl PRC Score ROC ALl
MSE 0.6679 | 0.6351 | 0.6775 | 65.46%
Information 05566 | 04936 | 0.5477 | 54.77%
Entropy

4, Performance Assessments of The Models

AL ool cel ol4AlE BAR st P
1} A8/d oJu]xof] thsl] o] JAIE MSE, & dlERmz
AR5t Aete, x3bdH, AUC ROC, AUC PRCaH= A
SARE B3 7 no] Aug WIlsigirt
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Table 9. Performance assessments result for each
model

- AUC F1

Model Criteria PRC Score AUC ROC | ACC
Convolut | o se | 09570 | 0.8812 | 0.9548 | 87.60%
ional AE

VAE Mean | 08923 | 08390 | 0.8965 |82.25%
VAE C“rgl‘j';t've 0.8923 | 0.8390 | 0.8965 |82.25%
Dilated o
VAE Mean |0.8892 | 0.8354 | 0.8901 |82.06%
Dilated | Cumulative o
VAE cum 0889208354 | 0.8901 |8206%

IV. Conclusions
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