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Abstract In order to predict the 28 day compressive strength of coal gangues as clay for cement, a prediction method of grey model
and radial basis function (GM—RBF) neural network combination model is presented according to the data of cement physics test
analysis. The method makes used of the advantage of both GM and RBF neural network. Firstly, the combination model built up GM(1,
N) network based on its test analysis data, and the data were preprocessed. One accumulated generation operation (1-AGO) and
normalization were carried out. Predicted precision and scatter constant were set up to the combination model. Then, these processed
samples served as the input vectors for RBF neural network, the measurement data of 28 day compressive strength served as output
expectation value for model. Comparisons were carried out between prediction data and measurement data, then the data were adjusted
logically. Finally, the GM~RBF neural network combination model is fit for precision requirement. AGO and pretreatment were used
for data processing which can reduce randomness of training samples. It also shows that the method is self-adaptive, self-organized
and fast. The model can not only avoid the theoretical error of GM(1,N), but also predict the further period compressive strength. The

results show that it is better than GM(1,N) model or RBF neural network model. The combination model owns a fine agreement and
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adapts to predict cement strength. It can provide efficient reference of quality analysis for coal gangues as clay for cement.

Keywords GM-RBF neural network; accumulated generating operation; compressive strength; prediction model

FLGEKPEHE T IR T s AE A LR FEREAT Il , Bl o B
PR BEIR AN IR 1Y H 4% T, K U A 7 TR I R S
AT, BATRERR TR — S PAGR O IERT A RE TR AUR R A
FEKIE S K F SRR — R 28 d LR R
IR F E G AR e, ORI 28 A ISR S B, B AT
RIS o ety & Y E i S RAT S i bl R 2
FOUIN 28 d 01 5 BE SR HTZ M [l A 325, K 25 460 U A 5 /K g ik
JE Z TR AR LM 5 R T AL M 2 M s BOC 2R L HSEBR oK e
JE BRI ARZME IR, X — Ty sy R RR Y, K
{0, Z G AR AL (grey model, GM) FIF s FEAS B HE 1220 T30
T, X R GEA AR T U B2 4 5 £ 50, (H k=
L A7 HIENRE T, R R ) S0 A B AT
1% ) J PR ZX (radial basis function, RBF) fifl 28 [ 25 455 #8 HLA7
RAF R AR LA EAL BRAE ) , T LA I AR A] 52 2 AR 2tk R
B BT B AR Y BERLPE R

ARSI 2 T RS 76 R RBF 1 28 00 28 A58 (1 ) ot
& 1K €8, GM—-RBF #1258 [ 28 20 45 FOASE A - 1] FH IR €8 ]
5570 6T iy A BCHE 1) RN A= 2 57 (accumulated generating
operation, AGO) , W/ Do A BRI BERL: , 2455 RBF #2427
25 B RAFRY A A5 BE ) I st i Sl 2, 4
e TINRE R o S B BT A A G A 7 /K e 1Y 28 d BT
5ER TINS5 AT

1 FRimEE
1.1 IREHNEE GM(1,N)
JR AT R AL I8 FH 9 55 0 TE A B RE A K 22
A AR S, AAT B IR BRI | R B , P
Xof Ao 3] (R B RIS AT L, R G TN 5 R T AGO , I T
T3 D7 A S SR A T LA B SR 24 51
GM(1, N R AR AS AR, W] N—-1 A8 Xt B — A~
REEAR B — RO VE R . LS R A R A B A T —
W AGO(1-AGO), SR 5 SR IE B P F1 A T— U K AR IA (E A
%, 38 3 T BB R X R SR T RO,
21 (1) - xy()
5'(2) x)'2) - x(2)

X((J) — ( 1 )

x'(n) x'(n) -+ 2\ ()
NERFES , Horb 2 (R) S A B kAT, —
B0 B GRS 7 9, oA R R RIS, 2 R
! [ 1-AGO J¥51 , B

k
2'B)=Yx"(j), k=12.n; i=1.2,..N (2)
j=1

2 xR B AR A A, B

2 (k)= %[x‘,"(k) +x"(k=1)], k=2,3,..n 3)

HNL G(1LN) KBTI T Rk
€8+ azl (9= 3 b, (k) @
K, g WRGRIBZE, b (k) IR, b, IR ZRL,

a=[a,by,by,.sby 1" FRHSHG], 4
-2/(2) 47(2) -+ 2,(2)

p=[7® =0 20 (5)
) < - 20)
%'(2)
r=40 (©)
(o)
S5 (4) iR N~ TR RS 2001
a=(B"B)'B'Y (7)

~(0)

B[R] 45 2 REAE B0 e 51 O R HUUE ~, (B) , I 5 S PR HEA T L
5, AT THR 2 e(k) MXHRZE A, SEYAHXHR2E MRE Fil
J7HRAH XTI 2% MSRE , AH 1828 20

%, (k)= —az) (k) + gbixf”(k) (8)
e(k)=x"(k) - %, (k) 9)
N \(k)— %) o)

x, (k)
MRE= %ZAk (11)

ISR SRS
MSRE = ;Z{(Ak) (12)

12 RBF#14 W&Hsa

RBF 28 [ 44 M0 S 1 bR 400 312 1 S SR — i1
AL, S H I 1 I AR B R
RN, X= (%0000 00%,) S 0 GER AT 8 5 R() R 2 BR R w0 2
GBI s Y= (7o 0,) o RS o B AR S B 2
AR L P T B2 Sk R 2T W T

SO R L AT 22 T B2 0 X BRI WP 75 0 1 4 3
R 7 B
Rl(x)=exp{—”x_?” } i=1.2,...m (13)
25,

A, e M A FERE L 8 O EE BB AR A
[l =c|| F1fE (x—c,) (%L, Fm 2 5 ¢ MIAIEER .
yk:ﬁw,kR,.(x), k=12,.p (14)

2, p i 1 SR

57



www.kjdb.org

—t

RS 2014,32(3)

El1 RBF#&E ML
Fig. 1 Structural diagram of RBF neural networks
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Table 1 Prediction comparison between GM(1,9), RBF neural networks and GM—RBF neural networks combination model
% MR GM(1,9)  GM(LOHITIN RBF #iZe 46t RBFMIZMZKEA]  GM-RBF MIZMZ%  GM-RBF #2245 2H
SO BEIIE 2R 2E HITHO T 2 %) 1 22 HABRITNE AR 26 X 152 22
1 0.8160 0.7735 0.0425 0.8155 0.0005 0.8150 0.0010
2 0.7730 0.7849 -0.0119 0.7825 -0.0095 0.7751 -0.0021
3 0.7800 0.7903 -0.0103 0.7761 0.0039 0.7788 0.0012
30 0.8100 0.8352 -0.0252 0.8103 -0.0003 0.8091 0.0009
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