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Abstract Thermal imaging cameras are used in many places. Therefore, it is highly likely to be mounted
on an autonomous vehicle. It can also improve the weakness of autonomous vehicles using LiDAR and
RADAR. On the other hand, the thermal imaging circuit board may fail during autonomous driving,
which will cause an accident and inconvenience the driver. In this study, the failure type and impact
of the circuit board were identified, and the failure was diagnosed. According to the FMEA, the primary
failure mode of a thermal imaging circuit board is overvoltage. Accordingly, through the experiment, this
study applied low voltage, rated voltage, and overvoltage to the thermal imaging circuit board and
collected output voltage data. The data went through a data reduction process prior to machine
learning. A comparison of the four techniques revealed the TSNE technique to be the most appropriate
for the data obtained. The decision tree algorithm obtained 97% accuracy and was the most appropriate

for the machine learning algorithm comparing the four machine learning algorithms.
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Mode and Effect Analysis
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Table 2. Specifications of MCU in Circuit Board
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Table 1. FMEA Results of Circuit Board
Type Failure Cause Severity Occurrence Detection RPN
Fuse Over voltage, high temperature 2 3 2 12
Electrolytic capacitor High current, high temperature 4 2 4 32
MOSFET Over voltage, high current, high temperature 4 3 4 48
Transformer High temperature 3 3 3 27
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Fig. 3. Output voltage of MCU in circuit board
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Fig. 5. Confusion Matrix of SVC
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Fig. 6. Confusion Matrix of Logistic Regression
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Fig. 8. Confusion Matrix of Gaussian NB
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Table 3. Machine Learning Algorithm Classification Report

Precision Recall Fl-score
Algorithm Accuracy
Mean| H | F3 | F6 | F7 |Mean| H | F3 | FG6 |F7 [Mean| H | F3 | FO6 | F.7
SvVC 0.89 | 0.72 1 0.95 | 0.99 | 0.88 | 0.87 | 0.99 | 0.76 | 0.94 | 0.76 | 0.87 | 0.83 | 0.85 | 0.97 | 0.82 0.87
Logistic Regression | 0.72 | 0.71 | 0.87 | 0.80 | 0.49 | 0.72 | 0.76 | 0.92 | 0.78 | 0.43 | 0.72 | 0.74 | 0.89 | 0.79 | 0.46 0.72
Decision Tree 0.97 | 0.94 | 0.99 | 0.95 | 1.00 | 0.97 | 1.00 | 0.96 | 0.93 | 1.00 | 0.97 | 0.97 | 0.98 | 0.94 | 1.00 0.97
Gaussian NB 0.88 | 0.91 | 0.86 | 0.85 | 0.89 | 0.88 | 0.91 | 0.91 | 0.88 | 0.80 | 0.88 | 0.91 | 0.89 | 0.87 | 0.84 0.88
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