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Fig.1 Epistemic uncertainty capture method based on

model ensemble method
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Fig.2 Confidence evaluation framework based on CNN
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Fig.3 Multi-source uncertainty model structure
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Fig.4 Comprehensive feature extraction network structure
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Table 1 Comparison of prediction indicators of different
neural networks
W2 454 MSE R2
CNN 0.0002033 0.8102
LSTM 0.0002498 0.7115
FCNN 0.0002184 0.7953

HRAEXS HEIR A 45 2R, ARSI e U CNN 7E RS 1
1E55 IR BCR e b, H MSE J2& =N R 25 Hhodse /N T
ROE=AMZ R i fE AT L, 56T CNN R RS Tt
PR AR IR S P 400 2 JBE N T R ) A2 e i 1Y, X IR
B AR SRS R i 1 1 265 R 0 B FNAT R

3.3 IRFEAN

U6 UEAR SC T A BE VA O I A ROk TEIE R K
SR PR A S DL S PR T AT BE S B AN Pk
M R A 2R

X =X+5,, (8)
S XN SRR A K 58, A 5 X R SH R T 4 M 7 e e
X' RS 5 BB . 6, IR A

P
snr = 1()1()5510?5
ET: )
P.=>x* (1)
(9)
’
P, = znz(t)
t=1
o, =06% /P,

A, x AR IR (R s n RS P RN P 4351 R SR AR AL
I RN AT RN 2R 56 RAE FARHEIE &30
3.4 ERMiL
AR SCREMAEE A AAS [R5 1 LU A WS X i 45 7Y

TRIRE(FEEMR . LA S R £ R 191, ZE BRI 71 1
B RATSEOPAR A A R T 238 MRS (o 75500008 F 175 Mg
FEHE YR S 50dB . 20dB F1 10dB , 4R JE K AR A5 (1 B i A
YIERAT AR | LER I 1 SR AT A7 T 5 L SAE =2 [] 1

ZE(H DL B BEHE AR AN ] M 75 A B T 1 R B, 45 R an 8]
T~ 9 FiR

— T
!

MWMM—M

AR FR/C)

100
80

60

= 40
20

0

5000 10000 15000 20000 25000 30000 35000 40000
Hif ) /s

0 5000 10000 15000 20000 25000 30000 35000 40000
7 50dBfE M bR A7 Tt 45 2R

Fig.7 Prediction results of pitch angle under 50dB SNR
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Research on Confidence Evaluation Method of Flight Parameter Prediction in
Aircraft Navigation System

Huang Mengchan, Zhong Jie, Miao Qiang
Sichuan University, Chengdu 610065, China

Abstract: To enhance the safety performance of aircraft, a confidence assessment process based on predictive
modeling is proposed to quantify the uncertainty in flight parameter prediction. A convolutional neural network was
employed to develop a prediction algorithm for flight parameter data in aircraft navigation systems. The selected flight
parameter data was preprocessed and trained to achieve high-precision target parameter prediction. The modeling
process incorporated both epistemic uncertainty in model construction and aleatoric uncertainty in the data by using
ensemble methods to capture epistemic uncertainty and employing a dual-head network to capture aleatoric
uncertainty. Based on this, a multi-source uncertainty model was constructed to evaluate the confidence of the flight
parameter prediction model. Experimental testing, including the introduction of noise into normal flight parameter data
to simulate real-world conditions, demonstrates that the proposed confidence assessment method effectively
represents the accuracy of the flight parameter prediction results, and improves the safety and reliability of aircraft
flight decision-making process.
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