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Estimation of contact force from grinding sound

based on frequency analysis and machine learning
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It is important to obtain the contact force during polishing or grinding processes using a robot to
achieve high quality processing. The frequency of the machining sound was correlated with the contact
force. In this paper, we propose a method for estimating the contact force based on the sound using
a convolutional neural network. Microphones are superior to force sensors in that they reduce the risk
of failure and are less expensive. Mel spectrogram was used for frequency analysis of the sound. The
results of the experiment showed that the contact force was estimated from the sound. When the contact
state was kept constant, the accuracy of the sound-based estimation was better than that of the force

sensor-based.
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Fig.1: Concept of this study
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Fig.2: Experimental setup
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Table 1: Parameters of Mel spectrogram

Sample rate 1000 [Hz]
Window length 256 [ms]
Window shift 32 [ms]
Number of channels in Mel filterbank 64

f@® Mel spectrogram
512 % 1 Mol |17 x 64
STFET " | filterbank

Fig.3: Process of calculating Mel spectrogram
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Fig.5: Sound information

M 4(b) O1EHRE M 5(b) OJEKBO ¥ — 7 {EOBFREZR 6
R

Force [N]

o | ".0

120 150 180 210 240 270
Frequency [Hz]

Fig.6: Force and peak frequency

PR OC— 25 6HEE T 2356, IBPKRELSEHLERIC
HofE L AERO ©— 7 ISP OBR e 2 D, #RIEILEITIE
FRAENRKEL 2D, %, ¥— I ENESRBUIRN D 5EIINIE
BREDET . AWMZETE, & ORBHEIER & 5l i HBEIR
BIH2 2 LIHE LT, FBEROREZIRAWERTRZ % 7
DITHEMRFENC X 2R E 21T o 72

2.4 15T CNN ([CEDJLKFHETIL

# 212 1 X9t CNN(1D-CNN) £ 51 %/8F. 1D-CNN I
243 2 KEREA NN (Time delay NN: TDNN) &, 585 QL8
R L THERASN AT ET L e LTRSIFRS T
W3 [17)18]. AFETHWAETFHETLVEZ 2 DOBEZRAAE
(Conv.1D) &7 —V ¥ 7@ (AvgPoollD), 3 DD&fEE
(Fc) THE N 2. EF MMM LR T A=K EFK 3 ITRT.
EfR S oz, LEENEE V58005 NERE Vv

No. 22-2 Proceedings of the 2022 JSME Conference on Robotics and Mechatronics, Sapporo, Japan, June 1-4, 2022
2A2-K06(2)



Table 2: 1D-CNN model architecture

Layer H Filter size ‘ Stride ‘ Output size

Input - - (17, 64)
Conv.1D 3 1 (15, 30)
AvgPoollD 2 2 (7, 30)
Conv.1D 2 1 (6, 10)
AvgPoollD 2 2 (3, 10)

Fe - 30

Fe - - 30

Fe - - 1

Table 3: Parameters of 1D-CNN

ReLU

Adam

0.001

Loss function Mean squared error
Epoch 500

Activation function

Optimizer

Learning rate

3 REBRAE
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Fig.7: Block diagram of control system

Table 4: Parameters of controller
diag(700, 700, 150, 1500,

P tional gai K
roportional gain > | 1500, 1500) [1/5?]
Derivative gain K4 | diag(70, 70, 120, 80, 80, 80) [1/s]
Force gain K; | diag(0, 0, 0.1, 0, 0, 0) [m/Ns?]
diag(1.58, 1.4, 0. 182
Moment of inertia I iag(1.58, 1.4, 0.8, 0.182,

0.16, 0.04) [kgm?]

Cutoff frcq}lcnc}y of g | 101
the derivative filter

Sample time of 7, | 0.001 3
the controller
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Table 5: Type of dataset for training and test
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atase —
(b) Dataset2
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Fig.8: Mel spectrogram calculated from force raw data
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Fig.9: Estimation of contact force
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4.2 MEREFT
BRBEERICBIT 3 (a), (b) OFFFEFRFRZE (Root mean
squared error: RMSE) O Z R 6 12RF.

Table 6: Comparison of RMSE [N]

sound force force

+ MS + MS raw
(a) 0.0395 0.0865 0.0982
(b) 0.198 0.188 0.196
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Fig.10: Force responses of verification (a) and (b)
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