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Research on predicting the calibration status of infrared spectral
emissivity measurement equipment

GUO Juan,ZHANG Jin-ming,JI Xin-jie
(Aviation Maintenance NCO School of Air Force Engineering University , Xinyang 464000, China)

Abstract : Using spectral emissivity measurement equipment to detect the emissivity of infrared stealth coatings is an impor-
tant means of monitoring the status of aircraft infrared stealth coatings. During the calibration cycle of the measuring equip-
ment ,due to factors such as usage environment ,usage frequency,usage method and so on,the condition of the equipment
occasionally becomes worse ,and the measured values deviate from the reference value which poses a certain risk for timely
detection of infrared stealth coating defects and may affect the overall infrared stealth characteristics of the aircraft. To ad-
dress the issue of measurement deviation during the calibration cycle ,a Gramian Angular Field( GAF) and Parallel Convo-
lutional Neural Network (PCNN) calibration status prediction model is established. By collecting one-dimensional time-se-
ries data from the device and feeding it into the GAF-PCNN mode ,a prediction model for the calibration status of infrared
emissivity measurement equipment is trained through deep learning. The experiment shows that the average recognition ac-
curacy of the calibration state prediction model reaches 95% ,and the convergence speed is fast and stable,which can be
applied to equipment calibration state prediction, prompting early calibration or use beyond the calibration cycle. While en-
suring good equipment condition, it reduces equipment calibration activities and improves guarantee efficiency.
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Fig. 1 Calibration status identification process for equipment
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Tab. 1 Classification of equipment calibration status
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Fig. 2 Partial GAF images
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Fig. 3 Training set loss curve and accuracy curve
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Tab. 2 Device status prediction results for test set
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