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Data-Driven Batch Processing for Parameter Calibration of a Sensor System

Kyuman Lee""

Abstract

When modeling a sensor system mathematically, we assume that the sensor noise is Gaussian and white to simplify the model. If

this assumption fails, the performance of the sensor model-based controller or estimator degrades due to incorrect modeling. In practice,

non-Gaussian or non-white noise sources often arise in many digital sensor systems. Additionally, the noise parameters of the sensor
model are not known in advance without additional noise statistical information. Moreover, disturbances or high nonlinearities often
cause unknown sensor modeling errors. To estimate the uncertain noise and model parameters of a sensor system, this paper proposes

an iterative batch calibration method using data-driven machine learning. Our simulation results validate the calibration performance of

the proposed approach.
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Table 1. Comparison of True and Calibrated Values

Parameter True Calibration Abs.Error
H [1 0] [1.0206 —0.0412] 0.0207
R 1 0.8133 0.1867
A 0.1 0.1166 0.0166
B [10 10'5] [-0.0029 0.0215] 0.0186
C [0.1 0.1] [0.1608 —0.0550] 0.0942
0 x10° . | |
’E\ 5H S > ]
= . . . o
- = ~without calibration S~ -~
—calibrated . . .
-100 500 1000 1500 2000 2500 3000 3500 4000
time(s)
x10*
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