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ABSTRACT

Pipe systems in industries function similar to blood vessels in the human body. Pipe vibration is

a natural phenomenon caused by external motors and fluid flow in the pipe. However, any un-

favorable factors, such as in-wall collision by loose parts or unusual fluid flow, can significantly af-

fect the vibration, which results in abnormal vibration patterns when compared to those during regu-

lar operation. For this reason, pipe vibration frequency is one of the important parameters to monitor

in structural health monitoring. Therefore, a monitoring system that measures the vibration frequency

of each pipe area helps to detect these anomalies early. In this study, a multi-kernel neural network

was applied to visualize the vibration frequency of pipe areas using a multi-kernel neural network,

by analyzing the characteristics of pixel-wise color variations in video data. The results showed that

the vibration areas can be visualized using the color that corresponds to the frequency. The proposed

model can be utilized for anomaly detection based on pipe vibration monitoring.
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Fig. 3 Process to get normalized relative color variation

Table 1 Data counts in train, validation, and test
datasets

Type Number of sequence for each frequency (Ratio)

Train 217 000 (70 %)
Validation 46 500 (15 %)
Test 46 500 (15 %)

Trans. Korean Soc. Noise Vib. Eng., 32(1) : 89~96, 2022 | 91



Hogeon Seo et al.;

Video-based Deep Learning for Pipe Vibration Frequency Visualization

dlolE AL Fhelet 921 23, 53} 7t HlolH
2t el BE Aleh 97 23 AEY
3}&1’ 61—’\ 742’ 7} Ho|g AL BF A=
Folek AN FHE oA AF B

7} dlole o] dtEo E%H A = she] A4
2 =

1 AsE7PE olHA

R

ol

:l o »x El>

Ao

A
o~
T

=

3. A5 Fos £y A8

3.1 CtE 74 Td& M

7 =49) Airskn ) B
= 60709 ghow OHW f\l%lé
5 Forol U FA%S £
FAw A7 ”J(multl-kernel convolutional neural net-
work)S Fig. 59} #Zo] 7438181t 60 Z# o] o™
BlolEl} 271 60x10]8, AZHgelol A AFoe) 2
F9 54 27 S94on nese A sl
£29 sierabr] Sl8l vl 74 E7e] 27Gx1, 5%,
7x1, 9x1)E 7H AYE 7} 647)n 43} mulo)
A dlolE= sdaAl 4 7S S, batch
normalization, global average poolings 7134 2zt
6ax19) 2715 A 54 wEw FEAT. BRFS
= 85 & £ back propagation®] 2|3t RelLU
£ 28390, o9 e 54 WSS 256¢1 ¥
B2 A 5, oA 70(1024, 512, 256, 128, 64)
o] & A4 AF(fully connected layer: FC)& 53}

A A U5 AL P 0 g
SE% gtk o mule] F o suIE o o
Wk 7o), TensorFlow 2.55 &-8-35)¢] ?@3}931—/]'-

3.2 otgy =2 o Am
(1) 285 94 2 wd 55 7Y
A% Fokpel oA dgeks BF A oa

(mean absolute error: MAE)E <232 glom,
25} 719 (optimizer) 0.2 B9 7153 74l A
(momentum) 2 Hyt AlF HIKroot mean square
propagation: RMSProp)E 1.2 ¢+ Adam (adaptive mo-
ment estimation)S A&t B4 w2hulE7} 744
= vekdS ot slEte] d5e 1&dtslal, 3k
i Alw A3k= A5 7k o]5 31 (exponential
weighted moving average) 2-8-3to] zHejn|g 734l
o] AriHow HAH HEY S Fxlste]
s A3 BEE FHATIE AL Rk

(2) Ulﬂ] 6]——}—\— UJ 742_31]_ 347]_
dlolelAle] wix] F7])= 642 BUeaL, Hx o
% E(learning rate)< 0.001= A3} o Fig. 63}
2ol W 3 (epoch)®l &5 L AT FHIA MAE
7} 33] o] 49| epoch7} AUE H4 MAEZ} 73415
7 o TAFES 50 %Y A ] al epoch”} 103]
A= oWl dEe X7 FE(early

AN A go
stopping)3te] #A3E WA|FSTE. MAE W3l

1

2

Original Video

Normalized Relative
Color Variation

— x: 509, y: 167
| — x:269,y:173
x: 270, y: 173
x: 275, y: 176
— X: 250, y: 186

I B

10 12 1416182022242623303234363&4042444648505254565860
Frame Index

Vibration Area Visualization

Magnitude
=]
-
o

[ ] — peak: 20 Hz
b — peak: 20 Hz
peak: 20 Hz
peak: 20 Hz

— peak: 20 Hz

Fig. 4 Vibration area visualization, the normalized

92 | Trans. Korean Soc. Noise Vib. Eng., 32(1) : 89~96, 2022

rrrrrrrrrrrrrrrrrrrrrrrrr

5 6 7 8 91011121314 1516 17 18 19 20 21 22 23 24 25 26 27 28 29 30
Frequency [Hz]

relative color variations, and their frequency spectra



Hogeon Seo et al.; Video-based Deep Learning for Pipe Vibration Frequency Visualization

Previous Target Frames

Relative Frame Index =-58

Relative Frame Index = -59

Relative Color Variation 0

Relative Frame Index = -57

Relative Frame Index = 0

-59

-58 e
Relative Frame Index

(channel=64, kernel=3x1, stride=1) > BN = ReLU = GAP  Output 1
m (channel=64, kernel=5x1, stride=1) & BN = ReLU = GAP  Output 2
S0 (channel=64, kernel=7x1, stride=1) > BN - ReLU - GAP  Output 3
(channel=64, kernel=9x1, stride=1) = BN - ReLU - GAP  Output 4

Output1l Output 2 Output3 Output 4
[ E—

Concatenated (256)

FC (1024)

: 1D Convolutional Neural Network
X BN :Batch Normalization

3 GAP : 1D Global Average Pooling

% RelU : Rectified Linear Unit

¥ FC :Fully Connected Layer

% CNN

Vibration Frequency HEVESKIINzV4

Fig. 5 Multi-kernel convolutional neural network architecture

0.0010 -
—— Learning Rate

0.0005 +

Learning Rate

0.0000 H

Fig. 6 Learning rate variation

3.0 — Train (MAE: 0.38 Hz) @ Epoch #33

—— Validation (MAE: 0.56 Hz) @ Epoch #33
@ Test

2.5 1 (MAE: 0.53 Hz) @ Epoch #33

Mean Absolute Errar (MAE) [Hz]

T
10 15 20

Epoch
Fig. 7 Mean absolute error for each dataset

si40] 2 o)

3 MAE F

Fig. 79 %] epochol we} Fol&M
ol IEon, A5 dleole Al

2%k21 0.56 Hz 7171 339 A epocholl A 7} tlolE]
A9] MAEE 0.53 Hz2 YERRtTh

4. DE Fu= It E 23 A
Me BA
oo = 71

4.1 st5E nUg g5 IS Fue JiAE

A% dloleAe] MAE7} HAgHe e 2ds
gg3lo], XE el A Ao tisir W F3
T5 FAT =Y S Fig. 8% 2o] F(overlay)
ato] 4 dlole W9 FE 99 2% AF FugE
7Bl 1 Bl A w60 ZElAN FE3}
of 7} oAl W2 w85 d sk dojg A
AeE A& § 2o fg=alal, RddA] F2H4
7} JAo] 2 Fob ghs fE Gl 712 A
Ak & ZE Tl upeh S Ao s 7k 2|5
ato] 2E T onAE AT APE FA
A s P e Gdo| ME Fupgol A
5o Ao g 7hAEtETh NVIDIA GeForce RTX
30909 sl A4S, 60 ZHS FRE: 640 T

Trans. Korean Soc. Noise Vib. Eng., 32(1) : 89~96, 2022 | 93



Hogeon Seo et al.; Video-based Deep Learning for Pipe Vibration Frequency Visualization

< Input: RGB Video (60 frames) > < Output Vibration Frequency (0~30 Hz) > < Vibration Frequency Visualization >
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