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Fig. 1: Absorbance Spectrum and Channel Selection

Its higher viscosity ( 0.1 Pa·s) stems from large
nonpolar molecules and van der Waals interac-
tions, with minimal hydrogen bonding.

Honey’s spectrum combines water, sugars,
and organic acids. Broad bands arise from over-
lapping water and carbohydrate C-H stretching
vibrations. Its high viscosity is due to strong
hydrogen bonding between sugars and water,
forming a dense molecular network.

Based on spectral analysis, channels 4–7,
7–10, 13-18 and 21–24 were selected as regions
of interest, capturing O-H and C-H absorption
bands sensitive to hydrogen bonding. Key peak
properties intensity, area, and Full Width at Half
Maximum (FWHM) were extracted to quantify in-
termolecular forces related to viscosity. dataset
(192660, 20), created with three container vol-
umes and balanced pixels per class, trained a
K-Nearest Neighbors regressor, n neighbors=3,
weights=’distance’, algorithm=’auto’, and
leaf size=20. An 80/20 data split yielded an
R²(Regression metric) of 0.95, Mean Absolute
Error (MAE) of 0.141 Pa.s, and Mean Squared
Error (MSE) of 0.927 (Pa.s)², supporting effective
viscosity prediction based on selected channels.

Figure 2 shows the model’s accuracy in pre-
dicting viscosities for water ( 0.001 Pa·s), milk
( 0.002 Pa·s), oil ( 0.1 Pa·s), and honey (around
10 Pa·s). Minimal variance within each category
demonstrates its robustness. Testing with var-
ied container volumes and repeated measure-
ments addressed uncertainties and enhanced
real-world generalizability.

Conclusion
This study establishes a foundation for a
portable, embedded device using the AMS
AS7265x chipset, demonstrating the potential of
NIR spectroscopy in the third overtone range for
non-contact viscosity estimation in liquid foods.
Initial experiments with a hyperspectral cam-
era (675–965 nm) identified specific absorption
peaks linked to viscosity-related molecular inter-
actions. The AS7265x chipset, with its 18 chan-
nels spanning 410–940 nm, aligns closely with
these peaks, making it well-suited for capturing
critical molecular details. Future work will focus

Fig. 2: Distribution of Predicted Pixels Across
Viscosity Categories

on validating the chipset’s performance across
diverse samples, improving unknown sample de-
tection, incorporating contactless temperature
measurements with corrective adjustments, and
expanding the dataset by including more sam-
ples, along with rotated measurements and ad-
ditional containers, to enhance statistical robust-
ness and invariance.
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Summary:

This paper introduces a self-calibration methodology inspired by biological systems, focusing on its ap-
plication in xMR angular decoders. Designed to address the limitations of static calibration, the approach 
effectively corrects mechanical misalignments and operational deviations. By leveraging simulated and 
empirical data to train machine learning (ML) models such as support vector regression (SVR), convo-
lutional neural networks (CNN), and resource-allocating networks (RAN) with radial basis function (RBF)
components, it enables real-time error compensation. Experimental results demonstrate a reduction in 
mean absolute error (MAE) from 2.06° to 0.08° and confirm a significant improvement in recovery effi-
ciency, robustness, and reliability.
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Introduction
The ongoing advancement of sensor technology 
has led to an increase in the number and variety 
of low-cost, compact, and portable sensors on 
the market [1], establishing them as the founda-
tion for real-time measurement, monitoring, and 
data analysis in key areas of Industry 4.0. How-
ever, the accuracy and reliability of data gener-
ated by these sensors can raise concerns, par-
ticularly in the absence of proper calibration [2]. 
Static calibration approaches, while initially ef-
fective, often fail to account for factors such as 
sensor degradation, environmental variability, 
and mechanical impacts, necessitating the de-
velopment of more advanced methods [3]. In-
spired by self-maintenance in living organisms, 
this research proposes a self-calibration ap-
proach as part of a broader self-X system, en-
hancing reliability and autonomy [4]. Although 
the self-calibration itself is static, the approach 
facilitates real-time error compensation by apply-
ing pre-trained models to dynamic data. This ar-
ticle compares supervised self-calibration meth-
ods, emphasizing ML-based models such as ar-
tificial neural networks, and their comparison
with traditional methods like linear regression.
Their effectiveness is evaluated in terms of en-
hancing fault tolerance and reliability under di-
verse dynamic perturbations [5].

Proposed Methodology
The proposed methodology employs a mathe-
matical model to simulate sensor output signals 

under varying operational conditions, including 
both ideal scenarios and that representative of 
real-world distortions. By incorporating both sim-
ulated and real data, the methodology ensures 
comprehensive coverage of potential sensor be-
havior. ML models were trained using these da-
tasets, with reference values serving as targets 
to guide the calibration process. The effective-
ness of training was evaluated using key metrics: 
mean squared error (MSE) to measure predic-
tion accuracy and the coefficient of determina-
tion (R²) to assess the model's ability to describe 
data variability [5]. To implement the self-calibra-
tion process, algorithms such as SVR, CNN, and 
RAN were selected. The raw data was pro-
cessed directly, without pre-extracted features. 
Additionally, trained CNN layers were used to 
generate high-level features. These frozen fea-
ture layers (FL) produced characteristics of the 
data, which were then fed into the RAN and SVR 
algorithms, replacing the standard fully con-
nected layer typically used at the top of the CNN 
architecture. This approach allowed for a com-
parison of the effectiveness of using raw data 
versus high-level features generated by CNN.

Results
The study utilized both simulated and real-world 
data. Simulated data consisted of synthetically 
generated tunnel magnetoresistive (TMR) sen-
sor outputs with injected errors, including phase 
shifts, amplitude imbalance, noise, and offset,
allowing for an in-depth examination of self-
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calibration responses to various types of 
distortions and their combinations (Fig. 1).  

Fig. 1. Simulated ideal and corrupted TMR sensor 
outputs (10% amplitude imbalance, 1° phase shift, 
±0.1 V offset, and 0.005 V noise).  

Empirical data were collected using the experi-
mental setup shown in Fig. 2, designed to simu-
late and introduce a variety of mechanical errors. 

Fig. 2. Lab setup with fault injection capability. 

Figure 3 shows TMR sensor outputs after dis-
placements along the X, Y, and Z axes (10 mm, 
15 mm, and 10 mm), simulating operational fail-
ures. The subplots illustrate sensor outputs, cal-
culated versus reference angles, angle errors 
before and after calibration (with reduced resid-
uals), and the error distribution shifting toward 
zero post-calibration. The dataset comprised 
208,629 samples, randomly split into 80% for 
training (166,903 samples) and 20% for testing 
(41,726 samples). The results in Tab. 1 are av-
eraged over 10 independent runs to ensure reli-
ability and robustness, with standard deviations 
included for clarity. MAE represents the angular 
error after self-calibration. The hierarchical 
method, which integrates frozen CNN feature 
layers with RAN and SVR, significantly outper-
formed the direct application of these models, re-
ducing the initial angle error from 2.06° to 0.08°. 
In RAN, 10 centres were used, while SVR uti-
lized 6,407 support vectors. These results con-
firm the effectiveness of self-calibration in im-
proving accuracy and reliability under dynamic 
perturbations. Future work will aim to develop 

adaptive and dynamic calibration methods for 
real-time error correction and improved sensor 
accuracy across varying operational scenarios. 

Figure 3. TMR outputs before/after calibration. 

Tab. 1: Model evaluation results 

Method MSE [°2] R² MAE [°] 

CNN 0.02 
(0.005) 

0.99 
(0.002) 

0.11 
(0.013) 

SVR 0.05 
(0.0002) 

0.98 
(0.0001) 

0.18 
(0.0008) 

RAN 0.16 
(0.053) 

0.93 
(0.022) 

0.31 
(0.061) 

SVR (FL) 0.01 
(0.0003) 

0.99 
(0.0001) 

0.10 
(0.0007) 

RAN (FL) 0.01 
(0.0011) 

0.99 
(0.0024) 

0.08 
(0.004) 
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