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Study on the Reliability of White LED Using RBF Neural Network
Optimization by FOA Algorithm
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Abstract: Fruit {ly Optimization Algorithm (FOA) and Radial-based Function (RBF) neural network
model was proposed for evaluating the reliability of white Light Emitting Diode(LED) chip. The failure
factors of white LED such as junction temperature, color coordinate shift were selected to the neural
network input. Using fruit fly algorithm to optimization RBF neural network in order to improve the
precision of the output. Studies have shown that RBF neural network is successfully predicted the LED
reliability decay trend, with high stability and robustness, using fruit fly algorithm to predict average

error successfully reduced to 3. 1% , benefit to set up reliability prediction model in the future.
Key words: Reliability analysis; White LED; RBF neural network; FOA algorithm

OCIS Codes: 230.3670;220.4840;280. 6780

0 3|35

K6 M % (Light Emitting Diode, LED) {E
FERIZFW T RE ARG IR BB R CECR & VIR 3 B
FEAR S A 35 AT LA i b figp e e ' L HCER R) . H R T
2y LED T HL A7 i 3 20 P 2202 AR K nl i 1 [n) . T
2% [ Hh ) v T AR PR B9 H O LED S R R FR B A vl ik 5
TNE AR RECFAL R 1 A7 RSB ARG, HFE B 10

T3 /N A B 75 i AR R D . 3 RS DU ALAG T e AR
LM-80 4 LED .5 i 7 fiy » #& I 1 LA #5411
LED A S04 i K5 00 9 28 5 5 42 7. LED af 584 5 #r
TR 73 3 2 A FH YT 5 A L Arrhenius #EY | Paris-
Erdogan % £ 56 45 R4 . 3T 47 5K . Rumyantsev % ff
STHRBOL T8 A5 LED Har 2z E e 2757, &8
R SE R 258 5 77 A DG S A R )R AR O R
SHEMmBI AR MHERERE T R TR

BEETIH . 4G MW E B 247l % 5 (Nos. 2011A081301017,2012A08034012,2012A080304001) ¥ B
F—1EE FHHEWHAQ90—) B WA . EEHFIE T 1E N2 RO AL #5414 . Email: hwmscut@163. com
EIFGERAESE) . U 1964 —) , 55 #04% T+, A8 07 10 2 SRS Y #E . Email: shshwen@ scut. edu. cn

Wi B H:2015-09-05; 3 FAH #9:2015-10- 26

http : // www . photon . ac. cn

0423006~ 1



T

¥R

Ffw i LED 0] 5 o Pt 3740 5 i % 7 LED W]
SEETEN IR,

A% ) B MR 2 W 4% B (Radial-based Function,
RBE) J& T £ B R T4 W 2%, HAR 3 F rl LUK
AR W] 3 19 22 2 ORI B 4 2 e A s TR) S O G O
L3z B B R B 0 T K B S A AT
St I T R B ) T L S R A 4 AN 6 48 Sk
AETRUN ) Al A BRI R ST A B I N . R
W% v (Fruit Fly Optimization Algorithm, FOA) J&
2011 4 {5 VB 24 I TR B 5 0 Ak T 4R B 1
BT R TR AT o EdE g AT e R A, e AL T
CHRAEDY W S5 e AL R N B ) 4 TR S T
G TA ATz WA . TR SR R e 4k
H SR R S e b T R G R R R R AL B AN A £ B L A
T J R 2R s 1 R ol A A A ) L2 Bk 2 AR
J& BVAT R 3] S R A AR SCR] A FOA {4k RBE, DL S g
A B R T ) SE bR BOR B E RBF #0245 I A Y
L oRRTE B L 78 4 R R w0 A SRk Wi SI0 RE PR R AR
[i] B A 28 1) 5% 9 R 2 500 9 00 R S AR DGR L 1 ar
AT 5E P T B B I 43 BT
1 Eig#4s
RBF # 22 ) 4% 25 44
1o 30T BRI BCEL A AR 1) R R TR 2R B HOG W M A A
=R (Y B T O SN W

ga;(x):exp(—M)

K, x b2 A 10 &, o 26 18 ) 5L R B0 0 AR
L UERE R | x| | WERJLE AR, FR x
S m I RE O S o ZBRIBEE L N4 ) 4
TCAN B o A% 38 R B R i oA 1.

RBF #4825 0 46 5 M RBE #1282 7~ L0l 1A
RBF # 28 M %% ( Generalized Regression
network ., GRNND FIHE 3 41 28 [0 265 . T 1 o] Bl 422 i) 2 Aot
W% NG HEE =2 AR RS )E M
fi 2, aniA 1.

Input layer

1.1

(i=1,2---L) (D)

Neural

Hidden layer Output layer

B 1 RBF # % W % % 4
Fig. 1 The structure of the RBF neural network
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Fig. 3 Diagram of the procedure structure of the FOA-RBF forecasting model
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Table. 1 The results of FOA-RBF model

Sample number  T70/h FOA-RBF/h  Error/%  Sample number T70/h FOA-RBF/h  Error/%
1 15 160 15 225 0.43 11 9126 8 969 —1.73
2 14 382 13 858 —3.65 12 8 846 9 007 1. 82
3 11 782 12 559 6.59 13 8 753 8 638 —1.32
4 11 331 11 250 —0.71 14 8 484 8 503 0.23
5 11 052 10 809 —2.19 15 8 355 8 320 —0.42
6 10 468 10 469 0. 01 16 7719 7 756 0.47
7 10 419 10 392 —0. 26 17 7 436 7 101 —4.51
8 10 086 10 045 —0.41 18 7 190 7 492 4. 20
9 9975 9 987 0.12 19 5 891 5993 1.72
10 9 354 9 466 1. 20 20 5 115 5 086 —0.56
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Table 2 The error of RBF,GRNN and FOA-RBF model
Number of Mean RMSE Max error
Model .
hidden layer error/h  /h  Value/h Percentage/%
RBF 16 824 974 1746 10. 11
GRNN 18 2951 4127 12010 79.22
FOA-RBF 20 247 371 777 6.59
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