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Abstract: Methods for estimating the rotational speed of equipment include a method using a rotation
meter, a method using a vibration signal, and a method using a current signal. The rotation system is
affected by the installation location and environment, and the method using the current signal presents
difficulties in sensor installation and maintenance. The method using the existing vibration signal
requires an expert to define the range of rotation speed, and it is difficult to apply it to industrial sites
due to the large amount of computation. In this paper, we train a CNN model that classifies the rotational
speed range using STFT images. After that, a rotational speed estimation system capable of detecting
periodic signals using an autocorrelation function and operating in an edge device is proposed. The data
used in the study was collected from air conditioning facilities, and the performance evaluation of the
model and the estimated rotation speed of the digital tachometer and the system were compared and
analyzed to evaluate the system performance. Through this study, it was confirmed that the proposed
system estimates the rotational speed with high accuracy and can be applied to industrial sites. As a
future study, it is necessary to improve the system function so that the rotational speed can be estimated
without a specific speed range.

Keywords: Rotational Machinery, Rotational Speed Estimation, Short-time Fourier Transform,
Convolutional Neural Network, Auto Correlation Function
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[Table 1] Learning Data by Rotation Speed

F(Hz) RPM(rpm) RPM label
45.0 1350
1320< a <1425
46.7 1400
50.0 1500
1425< a <1575
520 1560
527 1580
1575< a <1686
55.0 1650
56.7 1700
1686 < a <1800
60.0 1800

[Fig. 5] Laboratory Test Equipment
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[Table 2] Structure of Rotation Speed Range Classification CNN Model

Layer (type) Output Shape Parameter
conv2d (Conv2D) (None, 220, 338, 32) 896
max_pooling2d (MaxPooling2D) (None, 73, 112, 32)
dropout (Dropout) (None, 73, 112, 32)
conv2d (Conv2D) (None, 73, 112, 64) 18,496
max_pooling2d (MaxPooling2D) (None, 24, 37, 64)
dropout (Dropout) (None, 24, 37, 64)
conv2d (Conv2D) (None, 24, 37, 64) 36,928
max_pooling2d (MaxPooling2D) (None, 8, 12, 64)
dropout (Dropout) (None, 8, 12, 64)
conv2d (Conv2D) (None, 2, 4, 64) 36,928
max_pooling2d (MaxPooling2D) (None, 2, 4, 64)
dropout (Dropout) (None, 2, 4, 64) 0
flatten (Flatten) (None, 521) 0
dense (Dense) (None, 256) 131,328
dense (Dense) (None, 4) 1,028

Qe glolE i (220, 338, 32)¢] A =72 JFA = STFT o|v A2 A}8a}gla st
] ARE3F %7] I} E| = Batch size = 6, Epoch 31547 1003], Optimizer = Adam, loss
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[Fig. 6] Model Learning and Results
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[Table 3] CNN Classification Model Test Results

Label Precision Recall F1-score
1320< a <1425 091 0.93 0.92
1425< a <1575 0.96 0.92 0.94
1575< a <1686 0.94 0.95 0.94
1686 < a <1800 0.93 0.92 0.92
323 IHEE 4 U
CNN E&S F3lo] E7dE IdH5E 919 udA Agst IJAHEEE F4E&
Tt s A5 Fag sl FATIAY A Frld wE FIs 4Alss
FHe(Noise)o] ZA]= o] Q17 wjitedl 3d F7]d wmE T 2zR 5 Favt
A
[1¥ 7] Raw FFT %& 3 ACFE o|&3st & #AA 2 F7] 45 SAS
FE39S weo #w3S yehith ACFE o3 Aol AT A& o
FAEE=A grelst 4= Q7] wjito] FF AlZo] ACFE H&83slal JZo] H& Fu4
AES FEFoEHA FS5S AA A 3dE5E 9 3d F7)d mE Fa¢ ASvs
FET T UTH19]. ONN REE= 179 3dEE U9 ACFE 549 T3 A
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[Fig. 7] Noise Cancellation and Periodic Signal Detection

4. 49 R 5387

41 A3 373 2 dog

S [ 813 o] JAWE ] HddFIp(Fy) # Ao AFEE Addde

2% e
zapae] A%7)% A4l A% dolHE FhAT

oH

—_

7]

[(1¥ 8] Al

[Fig. 8] Facility Environment for System Experiments

s,

Lo
ol
ol
k]
=
-
v
il

23 dolE = [ 49k 2ol 147H4] ] I HEE=E A

70 Copyright © 2023 KCTRS



Deep Learning-Based Rotary Machine Speed Estimation System

[ 4] 23 dlelE e

[Table 4] Define Experimental Data

# F;(Hz) RPM(rpm) # F;(Hz) RPM(rpm)
1 44.0 1320 8 525 1575
2 45.0 1350 9 53.7 1611
3 46.2 1386 10 55.0 1650
4 47.5 1425 11 56.2 1686
5 48.7 1461 12 57.5 1725
6 50.0 1500 13 58.7 1761
7 51.2 1536 14 60.0 1800

42 A28 4597t A%

A2E dsE7bE 9% E7o AFEE dolE e #pEe [ 4] AH 147FA 9]
3|d& ol HolHe F T 3,967 AFESETE AE5E 9] - Case 19]
1,320rpm ] 1,425rpm H| R, Case 27} 1,425rpm ©]% 1,575rpm B[ %, Case 3°] 1,575rpm
o] 4 1,686rpm V| TE Case 47} 1,686rpm ©]7 1,800rpm ©|8}= A 2o]s}3ith. E3H ZF Case?
B ML= AFSIZES Case 19] A% [F 412 #15-E #3744, Case 29 A5 [E 4]9] #44H
#7771 4], Case 32 7% [ 419 #85-E #107}A4], Case 49 A% [F 419 #115-H #147MA =2
o)ttt el &l A Case 12} Case 42 dHlo]H 7N+ 7927l, Case 29} Case 39
tlolE Mg 1,05670% zFz A A dolE Q] 21.43%, 28.57%5 =}A| gkt

[3 5] CNN EHoA9 3d&Ex Hele &7 4d3E Yepdo. &/ 234E
AP HH Case 23 Case 45 90% ©]749] fl-socreS H. o531 Case 13} Case 32 82%%}
78%= Case 29} Case 4°l H|3| 7 5ol =X oyt AA| Accuracy 88%2] 5=
Holm=a 7]FEo| 47FA9] 3|H&EER SFE5AIZl CNN Edlo] 71 3|d&Ee] ARSIZE
Al I HEE HAZ E77F 7hed AS gRlssith

A}

[3£ 5]CNN Rde] 25 A}

[Table 5] Classification Results of CNN Models

Case Label Precision Recall F1-score
1 1320< a <1425 0.74 0.93 0.82
2 1425< a <1575 0.99 0.85 0.91
3 1575< a <1686 0.81 0.75 0.78
4 1686 < a <1800 0.98 1.00 0.99

[C28 9] CNN 27 ZAH}E ACFE o] &35l AEHEES ot 3
£ R2 Score 1|2 YERTh xFS FAE & gAS Yl yF
s|AEE F4 A 2dlo] 4% AvE vERT
CNN RHox AFHoz 3Id&x: He7E /¥ dolge A
98.45%°1t}. &= W uo] AujHQl &Hwrt 27 o] EAsHA
53 doleE AA dolH 9 1.55%2 A3t webd JHEEES F
R2 score™ 94%9%] A& 13T
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[Fig. 9] Performance Evaluation Results of Rotation Speed Estimation System
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[Table 6] Comparison of Tachometer and System Estimated Rotational Speed

Tachometer System estimated rotation speed Comparative error
PullySpeed
6.4rpm
22.2514.273585] (0.106Hz)
1335rpm
PullySpeed
4.9rpm
[26.551327|19.15095° (0.082Hz)
1593rpm
PullySpeed
0.2rpm
[29.666666(31.83333¢ (0.003Hz)
1779rpm

o ABRE HPom AME AxBe K FPgAFAA 2gHE 23799
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