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Fault diagnosis of aircraft bleed air systems based on data augmentation
and IEVO-GRNN
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Jiang Peiyao

Abstract: The bleed air system of aircraft engines is a critical system to ensure flight safety, and fault detection is
essential for maintaining it. This study addressed the fault detection problem of the bleed air system by first using the
modified density-adaptive synthetic oversampling algorithm (MDADASYN) to handle the imbalanced fault data. Then,
a multi-strategy improved energy valley optimization algorithm (IEVO), enhanced with good point set population
initialization, Gaussian-Cauchy mutation strategy, and dynamic parameter adjustment, was applied to optimize the
general regression neural network (GRNN) for fault diagnosis. Results from CEC2014 test functions demonstrated
that the proposed strategy effectively improved population diversity as well as global and local search capabilities.
Simulation experiments based on real fault data from the bleed air system verified that the MDADASYN-IEVO-GRNN
fault diagnosis model significantly enhanced diagnostic accuracy for bleed air system faults in aircraft engines.
contributing to improved operational safety and maintenance efficiency.
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R T IEVO 53k (9 M RE 32F 17 PFAG . A SCEF 3L Sl
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£ (particle swarm optimization, PSO) . fig 1 fit fk & 3%
(whale optimization algorithm, WOA) , JRAR AL B 1% (grey
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CEC2014 P4 sk B R BT 9 A~ L m og £ ik 47 7 03k 43
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B, AKX FREE A : Intel (R) Core(TM) i5-8265U CPU
@ 1.60 GHz, INTFH 8.00 GB #1E R K N 64
Windows11, i F 5 {7 Matlab2021b, LRI I & ¥ 3= n
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£ 1 CEC2014 Wik & &
Table 1 CEC 2014 benchmark functions
k€ R C R A B
F1 Hl% Rotated High Conditioned Elliptic Function
F2  Hk
F4 %W Shifted and Rotated Rosenbrock’s Function

Rotated Bent Cigar Function

F10 EAIS Shifted Schwefel's Function
F13  £1&  Shifted and Rotated HappyCat Function
F17 & Hybird Function 1(N=3)
F21 RE Hybird Function 5(N=5)
F25 B4 Composition Function 3(N=3)
F26 g4 Composition Function 4(N=5)
*2 WiKEHBSHIEE
Table 2 Test function parameter settings
SR SHRE
4t 30
Tl R AR 50
I KB 500
R m] b [—100,100]
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IEVO #&3¥:,CEVO #il BEVO Wil T H A 1£ 4 &%, Bk
#F IEVO, {H7E F26 %+, CEVO Ml BEVO B fig
MR T IEVO, 27 F25 EH+H,.BEVO fl CEVO
HrHRER MR IE T IEVO Bk,

IEVO 7 22 Rt 7] 251 b 22 20 550 e 0 38 R SR AR
TEMEHET EVO MM R R E % IEVO HA K i
) 4 Jm AR A R AE  , T B v T B A v A AR R AR
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Table 3 Mean and standard deviation of each algorithm

PREL TEM R bR PSO GWO WOA EVO BEVO CEVO IEVO

1 Avg 1.193X10° 8. 26610 4.510X 10’ 5.581X10° 4.312X10’ 3. 484 X 10" 1.192X107
Std 1.014X10° 5.170X 10’ 2.538X 10" 2.118X10° 1.371X107 8.233X10° 3.073X10°
- Avg 1.385X10"  1.751X10° 1.571X10° 1.430X 107 1.852X X107 1.930X10’ 3.007X10°
Std 7.069 X 10’ 1.470X10° 1. 785X10° 8.216X10° 8. 789X 10° 1. 002X 107 9.330X10°
F4 Avg 1. 287X 10° 6. 76910 8.411X10? 6. 044 X 10 6. 13910 6. 143X 10 5. 58310
Std 8. 458X 10° 1. 286X 10° 2.180Xx10? 5.421X10' 5.508X10' 4.152X 10" 3. 711X 10"
F10 Avg 4. 478X 10° 3. 778 X10° 5. 568X 10° 2.878X10° 4.085%10° 2.637X10° 1.576X10°
Std 7.358X10° 9.593X10* 9.737X10° 5.717X10° 6. 68010 5.130X 10 2.090 X 10
Fl3 Avg 1. 302X 10° 1. 300X 10° 1.301X10° 1. 301X 10° 1.301X10° 1.301X10° 1. 300X 10°
Std 1. 276 1. 104 0.142 0.122 0.124 0.105 0.093
F17 Avg 4.874X10° 2.834X10° 2.548X10° 3.828x10° 2.027X10° 2.712X10° 9.336x10°
Std 4.846X10° 2.315X10° 1.773X10° 3.273x10° 1.139Xx10° 1. 174X 10° 8.975X10°
Fo1 Avg 6. 266X 10° 9.631Xx10° 1.264X10° 8.51610° 9. 448X 10° 6. 587X 10° 4. 484 X10°
Std 5.815X10° 1. 804X 10° 1.208X10° 5.167X10° 5.704X10° 4.315X10° 3.595X10°
F25 Avg 2.714X10° 2.712X10° 2.700X10° 2.705X10° 2.700X10° 2700 2.717X10°
Std 7.997 4. 139 0 1. 024X 10" 1.629 0 4. 109
26 Avg 2.743X10° 2.748X10° 2.707X10° 2. 737X 10° 2.790X10° 2800 2.783X10°
Std 7.390X10' 6.017X10' 2.524 10" 4.879X 10" 3.037X 10" 0 3.787X10"
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Fig.1 Flowchart of enhancing GRNN with the IEVO algorithm
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Fig.4 Data distribution of the dynthetic data from the
original ADASYN algorithm
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Fig. 6 Data distribution of the synthetic data from the
MDADASYN algorithm
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Fig. 7 Iteration curve of the EVO-GRNN aeration

system fault diagnosis model
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Fig. 8 Tterative curve of the IEVO-GRNN aeration system

fault diagnosis model

MDADASYN-GRNN, IEVO-GRNN I MDADASYN-IEVO-
GRNN B8 IR MR R E 9~12 Fios .

F 4 RBHBLXTEE
Table 4 Comparison of MSE among the three models

Y MSE W/ %
GRNN 0.719 13 76. 34
MDADASYN-GRNN 0.456 48 82. 99
IEVO-GRNN 0.588 24 79. 25
MDADASYN-IEVO-GRNN 0. 029 41 97.10

1 2 3 4 5 6
K9 EVO-GRNN 5 R 5 2 W il 0 42 18 VA 4 19 1
Fig. 9 EVO-GRNN model fault diagnosis test set

]
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confusion matrix diagram

1 2 3 4 5 6 7 8
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Fig. 10 MDADASYN-GRNN model fault diagnosis test set

confusion matrix diagram
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7 Table 5 Comparison of fault diagnosis results from
6 different optimization algorithms
3 H Y ¥R 2 iR YA
¢ PSO-GRNN 0.352 94 81. 23
3
X WOA-GRNN 0. 336 90 85. 41
! GWO-GRNN 0. 382 35 82.98
1 2 3 4 5 6 7 8 EVO-GRNN 0.301 26 88. 38
11 IEVO-GRNN #5 #1 i 12 W7 il 2 4 45 51 1 BEVO-GRNN 0.248 87 90. 04
Fig. 11 TEVO-GRNN model fault diagnosis test set CEVO-GRNN 0. 205 88 91.18
confusion matrix diagram IEVO-GRNN 0.029 41 97.10
4 % e

—_ N W R W N

1 2 3 4 5 6 7 8
B 12 MDADASYN-IEVO-GRNN £ %1 5 |% 2 W
MR 4 45 R &
MDADASYN-IEVO-GRNN model fault diagnosis test set

Fig. 12

confusion matrix diagram
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