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Fig. 1. Relative intensity of H.O at different temper-
atures (0.1 MPa)
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Fig. 2. Temperature dependence of the relative H.O

absorbance intensity at 1365 nm
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Fig. 3. Temperature estimation using the relative in-

tensity ratio
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Fig. 4. H,0O absorbance versus temperature
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Fig. 5. Temperature prediction using polynomial spec—
trum fitting
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Fig. 6. Confusion matrix of the deep learning model
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