%26 % 0T W M=z =ik Vol. 26 No. 7
20114 7 A Journal of Aerospace Power Jul. 2011

XEHS:1000-8055(2011)07-1672-09

HEMZELAVNBERFZELZFHVIRE PN A

FEM, EEL, BRKE
(PP EAERH R H o0, BRPE 4EBH 714200)

1 B T T RN A I 2E R Sl B IR 56 A S LA BRI v A A 1 A S L R R Sh P e i A
IR I0 v E S 48 R ) (manifold air pressure, {8 B MAP) % @45 B 18 1 50 28 M4 6 7 16 S g o8 & Rk B 45
% BIHLAE LR PE A 1 BB L 5 1SR T BP (back propagation) Fft 25 0 5% A5 70 (14 fif e J7 28 Sy 3k f0 B 7 10 P i 22 1)
2575 T AR AE DR R 38 2o SR P R AR BOHE 43 201 T 1 AT TR 4 U1 R 15 2 1 S A AR R AT b A e T AR
2 W 45 U i AR S S BN R R B AR A LS RS IR X BP b 2R I 4 T 45 SR 48 T T VR AN 5T, DIl gk
o 2 R T 15 2 43 BT 45 AR W] T 0 VR I L AT P A B WA

* # W EiR; WA BTERRASE: TAN: BEEER L

FESES: V434.3 XEFRERG: A

Application of neural networks in the test for electronic-controlled
gasoline engine of unmanned aerial vehicle

GUO Rong-hua, WU Yu-sheng, CHEN Qingirong
(Huayin Ordnance-Test Center.of China,. Huayin Shaarxi 714200, China)

Abstract: The characters and difficulties in the-test for electronic-controlled gasoline en-
gine of unmanned aerial vehicle (UAV)~were analyzed in detail. For mending the traditional
liner interpolation methods,\ which arenot completely in conformity with nonlinear charac-
teristics of electronic-controlled gasoline’engine, a solution was applied in the predication for
the manifold air pressure (MAP) of high-altitude calibration of electronic-controlled gasoline
engine, by adopting back propagation (BP) neural networks. To avoid the limitation of
neural networks imapplication at present stage, a grouping method of raw-data was put for-
ward to control the feedback of the training error in real-time; this method provided a good
solution for the problem that the neural network training result easily leads to the situation
of “local optimum” and “over-fitting”. The prediction results based on BP neural networks
have been studied thoroughly; and the results of the training error and the prediction error

reveal that the method is feasible and the result is effective.
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Fig. 1 System of electronic-controlled gasoline

engine of unmanned aerial vehicle
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