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methods have limitations in providing optimal performance. Therefore, securing
customized optimal gains that can induce the user's desired response is essential.
Keywords: In this study, Bayesian optimization techniques were applied to search for optimal
DC motor gains and observed changes in control performance resulting from the adjustment
PID Cont.ml of weight ratios within the objective function. The experimental results confirmed
Auto tuning that response characteristics can be effectively controlled by tuning these weights.
Bayesian optimization This study demonstrates the potential for designing customized control responses
Weighting factor that consider user requirements.
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Fig. 1 Experimental setup for DC motor control system
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Fig. 2 Overall architecture of the motor controller
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Table 1 Motion profile parameters used in the experiment

Table 2 Control gains of the Baseline

Control Profile .
Mode Parameter Unit Value
Target velocity rpm 4180
PVM Acceleration rpnv/s 170000
Deceleration pmy/s 170000
Target position rad 2n
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Deceleration pmy/s 170000
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Loop Gain Value
Kp (mA's / rad) 10.221

. Ki (mA / rad) 245.801

Velocity

FF,, (mA-s / rad) 0.127
FF, (mA-s* / rad) 0.106

Kp (mA / rad) 1377.531

Ki (mA / rad-s) 30138.232
Position Kp (mA-s / rad) 20.861
FF,, (mA's / rad) 0.127
FF, (mA-s* / rad) 0.107
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Table 3 Control gains obtained from the initial Bayesian optimization

Loop Gain Value
Kp (mA-s / rad) 20.442

. Ki (mA / rad) 122.900

Velocity

FF,, (mA's / rad) 0.063
FF, (mA's® / rad) 0.199

Kp (mA / rad) 2117.689

Ki (mA / rad-s) 15000.000
Position Kp (mA-s / rad) 36.985
FFy (mA-s / rad) 0.254
FF, (mA-s* / rad) 0.111

Table 4 Control performance of the position loop according to
weight combinations

2
Case | Wi W Mgai (iA))SD M;:n(I:It]S)SD
1 0.9 0.1 0.01 £ 0.022 42990 + 0.136
2 0.8 0.2 0.02 + 0.027 42.648 + 0.152
3 0.7 0.3 0.06 + 0.022 42.520 + 0.168
4 0.6 04 0.06 £ 0.042 42.370 + 0.181
5 0.5 0.5 0.07 £ 0.027 42342 + 0412
6 0.4 0.6 0.08 + 0.027 42.186 + 0.420
7 0.3 0.7 0.09 + 0.055 41.958 + 0.265
8 0.2 0.8 0.09 £ 0.065 41.934 + 0.128
9 0.1 0.9 0.11 £ 0.022 41914 + 0.221
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Fig. 5 Comparison of responses between the selected cases and
Baseline

Table 5 Selected position loop gains for specific control objectives

Case Gain Value
Kp (MA / rad) 2800.000
K; (mA / rad-s) 15000.000
1 Kp (mA-s / rad) 37.365
FF,, (mA-s / rad) 0.254
FF, (mA-s® / rad) 0.114
Kp (mA / rad) 1631.787
K; (mA / rad-s) 15000.000
9 Kp (mA-s / rad) 33.581
FF,, (mA-s / rad) 0.254
FF, (mA's® / rad) 0.099

Table 6 Quantitative comparison of control performance with

Baseline
oS Ts
Meth 9 T
cthod 08 (%) s (ms) change (%) | change (%)
Baseline 0.10 42.630 - -
Case 1 0.01 42.990 -90.00 +0.84
Case 9 0.11 41914 +10.00 -1.68
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