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Fault propagation path identification method for flight
control systems based on causal diagrams
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Abstract : Civil aircraft flight control systems adopt a multi-redundancy architecture to ensure safety. However, this design, while
enhancing reliability, introduces coupling and nonlinear causal dependencies among components, leading to the propagation of single
faults across components. Accurately identifying the causal relationships among components is crucial for analyzing the root causes of
faults and identifying their propagation paths. Therefore, a method for identifying fault propagation paths in flight control systems based
on causal graphs is proposed. Firstly, a dual attention-based multi-channel depthwise separable temporal convolutional network ( Da-
MDSTCN) is constructed. Through the attention fusion mechanism, the causal association features among components are analyzed, and
a system structure causal graph is built in combination with graph theory. Secondly, a multi-channel weighted temporal convolutional
network (MC-WTCN) is designed for feature fusion. Through a feature modulation strategy, the collaborative prediction of multi-
dimensional state feature parameters is achieved, and a diagnostic framework based on prediction residuals and relative deviation analysis
is established to realize the diagnosis of fault origins and the identification of propagation paths. Finally, experiments are conducted
based on the A320 flight control system. The fault diagnosis accuracy reaches 94. 8%, and the identification of fault propagation paths is
more accurate, verifying the accuracy and effectiveness of this method in fault diagnosis and propagation path identification.
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Table 2 Side weight value
Ci Pi Cij Pij
(3, 1) 0.280 5 (13, 7) 0.416 3
(3, 2) 0.304 6 (13, 10) 0. 496 8
(3, 23) 0.368 4 (15, 14) 0.675 1
(4, 1) 0.231 4 (16, 11) 0.2552
(4, 2) 0.244 1 (16, 12) 0.242 3
(4, 23) 0.463 2 (16, 13) 0.217 2
(5, 3) 0.540 5 (16, 15) 0.257 5
(6, 3) 0.548 0 (17, 16) 0.510 6
(7, 3) 0.547 4 (18, 16) 0.583 4
(8, 4) 0.540 1 (19, 16) 0.5355
(9, 4) 0.535 1 (20, 17) 0.288 1
(10, 4) 0.5427 (20, 18) 0.3650
(11, 5) 0.403 4 (20, 19) 0.342 3
(11, 8) 0.402 7 (21, 20) 0.647 2
(12, 6) 0.460 5 (22, 21) 0. 688 8
(12, 9) 0.420 5 (23, 12) 0.3334
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Fig.4 The prediction error of MC-WTCN
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Fig.5 Fault diagnosis result
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Table 3 Fault diagnosis performance of different methods

(%)
il ACC FAR F1 4345
RVM 91.0 14.0 90.5
SVR 87.2 20. 4 86. 1
LSTM 92.7 12.6 92.3
TCN 92.8 11.6 92.5

A 94.8 8.4 94.6
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Table 4 Identification of fault propagation path
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Fig. 6  Fault propagation path
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Table 5 Comparison of different methods
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Fig. 7 Fault propagation paths obtained
by different methods
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