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Development of Al oxygen temperature measurement technology using
hyperspectral optical visualization technology
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Abstract This research developed a measurement technique that can measure the oxygen temperature
inside a high temperature furnace. Instead of measuring only changes in frequency components within
a small range used in the existing variable laser absorption spectroscopy, laser spectroscopy
technology was used to spread out wavelength of the light source passing through the gas Based on
a total of 20,000 image data, research was conducted to predict the temperature of a high-temperature
furnace using CNN with black and white images in the form of spectral bands by temperature of 25
to 800 degrees. The optimal model was found through Hyper parameter optimization, R2 score is 0.89,
and the accuracy of the test data is 88.73%. Based on this research, it is expected that concentration
measurement and air-fuel ratio control technology can be applied.
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Fig. 1. Schematic of hyperspectral imaging system
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Fig. 3. Structure of experimental set-up
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Table 1. Specifications of experimental equipment

Equipment Specifications
company -
Data
recorder model -
computer detai CPU: Intel i7-6700
etail ; .
Programming language: visual ¢
company Eblana Photonics
model EP760-DM
DM laser Laser diode watt: 3mV
detail Operating temp: 0~50C
Wavelength: 760nm  2nm
company Newport Corporation

Calibration | model 6030
Device Clear aperture: > @1.80nm

detail Optical power: 300mW (max)
company Basler
NIR CMOS | model acA1300-60gmNIR
camera Resolution : 1.3 MP
detail Frame : 60fps
Bit data : 12 bits
company Samwon
Temperature model ST580E
controller Power : 100 ~ 240 V/AC,

detail 50 ~ 60 Hz, max 10 VA
Operating temp : max 50 C

Equipment Specifications
company Alicat Scientific
Mass flow model ST850E
controller Flow : 0.5 ~ 1,000 SLPM
detail Response : 30ms
Operating pressure : 11 bar
company -
model Custom order
Al computer CPU : Intel 9-10900x
detail GPU : RTX 3090Ti-4way
Programming language : python
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4.2 Hyper parameter optimization
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Table 2. Second layer optimization of train model

Model CNN
Parameter |59,828,522(119,639,370|239,261,065 | 478,504,458
Convolution 0 64 128 256
layer
Learning
average time 30 47 60 94
(min)
Train data
accuracy 90.35 90.39 90.03 89.46
(%)
Valid data | g9 o3 89.79 89.58 89.25
accuracy (%)
Test data | gg49 | 88.73 88.55 88.35
accuracy (%)
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Table 3. Dense layer optimization of train model
Model CNN
Convolution 64
layer
Dense layer | 64 128 256 512 1024
Learning
average time | 40 44 44 47 57
(min)
Train data | g3 77 | 8740 | 9039 | 89.21 | 86.29
accuracy (%)
Valid data | o) 50| g733 | 89.79 | 89.08 | 85.96
accuracy (%)
Test data | ¢) 35 | g6.40 | 88.73 | 88.20 | 85.03
accuracy (%)

4.2.3 Batch size HZ 0|= Za}
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Table 4. Batch size optimization of train model

Model CNN
Convolution layer 64
Dense layer 256
Batch size 16 32 o4 128
Lgammg aYerage 60 50 47 44
time (min)
Train data 8456 | 8777 | 9039 | 8747
accuracy (%)
Valid data | g395 | 8748 | 8979 | 87.60
accuracy (%)
Test date; 82.85 | 86.85 | 88.73 | 86.92
accuracy (%)
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Table 5. CNN model R2 score
Train data |Validation data
0.89 0.90

Test data
0.89

R2 Score
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Table 6. Final CNN model and accuracy

Model CNN

2nd Convolution layer 64
Dense layer 256

Batch size 64
Learning average time (min) 47
Prediction accuracy (%) 88.73
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