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ANT COLONY CLUSTERING RADIAL BASIS FUNCTION NETWORK
MODEL FOR INVERSE ANALYSIS OF ROCKFILL DAM

KANG Fei, LI Junjie, XU Qing
(School of Civil and Hydraulic Engineering, Dalian University of Technology, Dalian, Liaoning 116024, China)

Abstract: An ant colony clustering radial basis function neural network model for parameter inverse analysis is
proposed by combining the ant colony clustering algorithm with radial basis function(RBF) networks. In the new
model, the radial basis function centers are searched by the ant colony clustering algorithm which utilizes the
probability transfer characteristic of ant foraging clustering behavior. The sum of scatter degree obtained by the
ant colony clustering algorithm is smaller than that obtained by the traditional K means clustering algorithm, thus
more reasonable radial basis function centers can be searched so as to obtain the nonlinear mapping relationship
between the parameters to be inversed and the displacements measured at certain points in the dam. Inverse
analysis is performed to a concrete faced rockfill dam; the results show that the new neural network model can
solve the inverse analysis problem of rockfill dams efficiently, which outperforms BP neural network model and K
means RBF neural network model.
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Fig.2 Result of parameter sensitivity analysis
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Table 1 Ranges of parameters to be inversed

p s K Cq Ng Rq
THEA 800~1200 0.002~0.006 1.0~14 0.6~0.8
IRHEAT 600~1000 0.002~0.006 1.0~14 0.6~0.8

H T RRUENZRFEA AT R AR, 135
IV AR 55 AUFEA, IEACIER W rh A 50 4
FEAS,  [RINFZSI—2EREA IR A, 3L 400 A UIZRAEAR,
IEEA K BEHLAE S 100 ZHREAS, YIZRREAS 5 A
FEAKLY) 80%, MRAFEA L 20%. A T 4 UF ACCRBF
W2 Sk AR, FIRER A K 341H RBF W45
5 BP W8 AT 24 i . ACCRBF 4% 2>
HIEN o= =80, LRKEY], Mr fly K+—
SE A IS ) 19 28 Pk g s i AN K, B r =20d,, /K,
e AR REE R, =200,

h T LR R SRR, XA A AT
RIS, RIS 150 I, R A SR R
Lo n il 4 s, W LAEH ACC Hikaeg bk =)
s, AR AL SR Ly, R B AN
BN o BT B  25 TIPE AR 0 B, By
RUBU BP (4% . ACCRBF ¥4 2% T 5 2 (1) 5% Wi 43
A 5, 6 Fras, B LUE H R i HOA B L



H28 M2 BEK S HEAISEOE UK RBF 45 B 3643 -

36
35 T K ik
™+ ACC 5 HIN, PEERZAGRE AT S, Ik PR
£ l L4 KT S 5023 018 60 il 150,
=9 3 Tl IR N GRFEAS B T e 22 WAk 2, Hory,
Z nf BP ML iIZRiS ]2l 17 s, 1l ACCRBF %%
gl 7.550 3 Bl A R AR AS R T R 22 L 3, AT LA
F A RBF 9 25 (1) 90000 1% 2 25528 /v T BP 4%,
0 20 30 40 50 60 ACCRBF [ 4% [ Fiiil i 2= BRI A MRE #1055
IEAIRB R /Ny AR KA R 22 BEIC /N T 53 A I R 9%
Bla  PRR RIS IR g
Fig.4 Comparison of clustering processes of two methods K2 PNLREATRIR L
033 o Y% Table 2 Comparison of predicted error of training samples
030 2 iR — I 5 4 0 U1 5 AT 52 2
m T BP [i%s K J{H RBF %%  ACCRBF %
gE; 0.25 RMSE 0.1513 0.046 2 0.044 8
14; MAE 0.1134 0.030 9 0.029 6
2 020 MRE 0.078 4 0.0229 0.0223
=y MAXRE 0.803 5 0.361 4 0.296 6
0.15
0.10 ' - s ; 23 PSFEA TR 2 HL AL
0 50 100 N 150 200 Table 3 Comparison of predicted error of testing samples
BT 28/
— AN [ 0 46 ) I ks 12 22
B 5 BT s ot BP Y4 N R 22 i 52 AR BP 4% K #11 RBF W% ACCRBF %%
Fig.5 Effect of hidden node number to predicted error in RMSE 01838 0.0685 0.0655
BP network MAE 0.140 8 0.045 2 0.0449
010 s MRE 0.097 8 00329 0.0331
0.14 - IR MAXRE 0.788 2 0.491 2 0.324 8
' A P22
o012
E o0 2 4 4T AR I R RE A 1 0 35
B . . . -
8 oo SRR, R T UEATHY cq IR
= ool EMKL, Tl SR BRI BB,
Tl URHEAT C NIRRT (1
o S T Bk, ARMLIAF] 200%, TiHALZHE /T 50%.
' 01001502000 250 e RAHR R ZEFEA A R 2k 9 A7 RURH S 2
T /A yr s s . - .
6 il ACoRAE R L O SR UATURE (5 I (I LB ) 7 s,
6 [T s HN ACCRBF 19 4 T 5 22 (1 5 Wi g L v
M N y N o EI DY
Fig.6 Effect of hidden node number to predicted error in T ﬁﬁiﬁ%ﬁ mﬁ&dt IR WIERA
ACCRBF network ACCRBF M &% BEAT 7 J 73 #r o 5 45 R R AT

KA BT R ZE MREAS i 45 R 5 BB A LR AR

Table 4 Comparison of back analysis results and theoretical values of test samples with the maximum relative error

S¥iLIE A S YR RTE AR BRZE %
K 1138.280 000 1137.430 000 —0.850 000 —0.075 000
L Cq 0.004 420 0.004 140 —0.000 280 —6.335 000
Ng 1.200 500 1.251 500 0.051 000 4.248 000
Ry 0.619 600 0.592 200 —0.027 400 —4.422 000
K 989.880 000 990.150 000 0.270 000 0.027 000
WHER Cq 0.002 690 0.003 560 0.000 870 32.342 000
Ng 1.154 400 1.156 300 0.001 900 0.165 000

Rq 0.688 300 0.730 200 0.041 900 6.087 000
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