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Abstract In the past several decades, Single Hidden Layer Feedforward Neural Network
(SLFN) has drawn a large amount of attention in the field of machine learning, data mining and
pattern recognition, due to its unique characteristics, i. e. , learning capability from the input
samples, and universal approximation capability for complex nonlinear mappings. Although
SLFEN has been investigated extensively from both theoretical and application aspects, it is still
quite challenging to automatically determine a suitable network architecture for solving a specific
task so that the resulting learner model can achieve sound performance for both learning and
generalization. Extreme Learning Machine (ELM) is a powerful learning scheme for generalized

SLFEN with fast learning speed and has been widely used for both regression and classification.
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The hidden node parameters of ELM need not be exhaustively tuned during training., but assigned
with random values simply. and the output weights are then analytically determined by solving a
linear equation system using the generalized inverse method. However, for ELM, the suitable
number of hidden nodes is usually pre-determined by trial and error, which may be tedious in
some applications and does not guarantee that the selected network size will be close to optimal or
will generalize well. Therefore, how to choose a parsimonious structure for ELM and to present a
good capacity of generalization is the main objective of this paper. By formulating the learning
problem as a subset model selection, we present an adaptive orthogonal search method to address
the architectural design of ELM (referred to as AOS-ELM) for regression problems. In AOS-
ELM, the hidden nodes can be deleted or recruited dynamically according to their significance to
network performance, so that the network architecture can be self-configurable. More precisely,
we first randomly generate a large number of hidden nodes using preliminary ELLM as the candidate
reservoir. Then, the hidden node output vector that has the highest correlation with the target
output is selected from the candidates and added to the existing network by orthogonal forward
selection in each step. Meanwhile, after a new hidden node is added to the set of selected
variables, orthogonal backward elimination is commenced to see if any of the previously selected
hidden nodes can be deleted without appreciably increasing the squared error. The procedure
stops when no further additions or deletions are possible which satisfy the criteria. Finally, an
enhanced backward refinement is implemented to correct mistakes made in earlier steps, so that
the redundant hidden nodes are able to be deleted from the model as much as possible, and then
the network complexity can be further reduced. To sum up, the proposed method can take into
account the intrinsic connections and interactions between the hidden nodes, therefore offers a
potential for finding the parsimonious network solutions that will fit the data. We demonstrate
effective performance and superiority of the proposed method with experiments on several
benchmark regression problems as well as two different color constancy tasks. Simulation results
show that our method not only obtains a similar or higher learning accuracy than the preliminary
ELM and other well-known constructive and pruning ELMs with a small number of hidden
nodes, but also achieves better or comparable illuminant estimates over most of the test error
metrics in comparison to several state-of-the-art color constancy algorithms.

Keywords subset model selection; parsimonious network structure; extreme learning machine;

orthogonal forward selection; orthogonal backward elimination; color constancy computation
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WAL - AL A B B2 47 52 S B (w00 i =1,

250+ Lo AR 3 (5) 11 550 Be i 2 i o 45 M Hr = [y s

hy e b WG ALSEBR S T = Hy (HLH) 'HL T,

WEBRAE DO = (1.2, L) 5 18 5 1 T A0 4 e g

i 4 by Ak d=1.2. L.

1. FOR k=0 TO k=L—1

th, =h;—H, .y, (H; -y, H, ) "Hiy hy
2. ho=h/| R}
3. 1% d. 1 =argmin ‘ h,T ‘

der®
4o HIRERE DTV =0\ de )
WEEbR G T =T — 17k,
IF [p* | <L

5 hy,
6.

7. BREAK

8

9

1

END IF
. END FOR

3.3 OFS#1 OBE ZEHMA R

OFS Hyk 1 2 BBl a2 B iy fl — B 5] A S
T, SR A B B S B A 2 R I A B B s 2
PEAM BT SR . W& 1 fros, TRl LA hy F0
ho ZRPEA AR 2R A0 by 5 T 199 fie /s R
OFS Bk & ek 8 hy . Z J5 BIE R B hy 1 By 1)
A Bl W ICERHIER hs. 55— 75 1 » OBE & 1% &
TR AR LA AR AT DA IE SRR A R R
h; % F SpanCh, ,h,) IEXCAL IG5 T IEAS, BT L)L by 7E




1894 it "

e i 2021 4

F— 2l 2 # OBE 5135 MIER. S8 1M1 OBE 57 i i AR
AR AE LN B OLT %07 B AN RE R 1R AL
A M EZ T, OFS Bk X fifE il F A2
Al 5 0, RDORZEoR L<TN. A, 14 24 30k 75 2 4
L84 AT DL WA B R0 AR e IR S B AN A2

4 AOS-ELM &%

4.1 HiEHEiR

AR SCFE S P BT BT S 2 R B PN T B R R
HZW L, BT — R R s B N IE s R
(AOS-ELM) , 76 f ¢ 152 B yZ 4k 6E 7 19 [ B ifF — 25
REAIR ELM X 2% 25 44 1) &2 2% . AOS-ELM H 3 11
K% 0 25 8 S B 43 JCHT IS 38 R 2 2 RIS 1) o L AR T
J5 B8 5 20 W B g R A T 1] 326 9% DA A 32 £ 5
A —AH B SIS AT S 10 B R X e A
M BT B AT I A R 2 R AR A RN T R S
BRI 5B O T B 1k EE B A BT s A A RN L %
B B 1 ) B3 7 B8 S BE K L 3X FE RTRE S AR — 2
JUAR B s TR 2 K ) B 10 B8 B i

A7 oo A AL L B TUA I BT A5 AT RE M B T
BB,

AOS-ELM B R IH 454 .

&i£3. AOS-ELM k.

BA IZREE((x,00)) Y CRY X R, MOE B3 g () o
PR BT B L /N B g L

Wt SCPRET I TORBRAE T

VUG Al < BE LA B I 2 5 22 ST B Cw, o b) i =1

2, Lo AR 20 (50 3 57 a2 4 1 S 5 H = [hy s

By ooy ) BB S A= (1.2, . L), 9] 1 52 BR

B TO =005 RE DT =F,0<0 0,1, k=5=0,

=10 =7q =0 KB T FRRAE WL & kO

t,l1=1,2,-,L.

/% Wi R AR 5] % /

Z;H:argmax‘h,TT‘
tea\r®
re=p®yes,)
Lo ﬁ’:ﬂ =hg /1 hy I.
TS S
k=k+1

2. WHILE A\I'"® #Z&& | ® | <N
/o R EHE = /

3. B 1MSE 2 AR

4. & 1y, =argmax \ r'T \

lear®

5. HHREE DTV =1 UL

6. =T TR Ry

7. e =TT i — | T—T*"" |)H/N
8. i p=pté&i.g =y t& 1 k=kF1

9 B counter=0

/xR mBER « /

10.  WHILE TRUE

11. 8L 2 1958 2 4T IR

12. P14 d =argmin | R} T |

der®
15, EH T=T“ +T"h,h,
14. e =dr-T1|:—|T-1" /N
15. g =y +&
16. IF gy >o g’

17. IF counter #0

18. By =9 —&
19. END IF

20. BREAK

21. END IF

22. JoH g=n—¢& s=st1.07 =d,
23, WP DUTV=DPN(L LT =T
24, FH k=k+1,counter=counter+1
25.  END WHILE

26. IF counter#0&.&.17 =17,

27. A=A\

28. EDN IF

29. END WHILE

/o JG T A/

30. WHILE |7 | >L

31, S8 2 M 2 4T AR A

32, 3144 d,=argmin| hiT |

derh
33, WHT=T" —T'h,h,
3. e = T-T|i—|T-T" /N
35. IF & >ny

36. BREAK
37. ENDIF
38, EH F(/:ﬂ):l—m;\{dk},i«(kﬂ):T

39. HHg=p—& k=kt1

40. END WHILE
4.2 HiESW

AOS-ELM 755 — By BL 38 8 047 1F 38 1k 1 if
T 35 1 1 1 A% % » B8 W08 OF'S 38 i — /397 114 &t
T BB OBE X #if 101 51 A B9 BT 85 72 A4 K
LI T oy RIS T B, X g
FORBIEPATE Y /i B — B SR
TR 221 BT . AR M, T ROR5IA — R R
TR IR 2 0 B w2 an S B A R
ST B 0 1R 2 B i R T R iR 22



9 fx A% ELM M4 454) B 18 N E 31 Rk 1895

FAtu b 0 o f5 s A A o B A T N BR. Ut
SR T IR - RSB R B K FE R RS 18 AT Af I
HEAT T8 M BB IE. 30 2% DAL 1 R i) o B35 i ok By
SR Shy kg hy ks Sk T R LLERIR R by Bl By 1
LAEA A BT A BOR T & (+3,+2, 45, +4,
+1,—4, =5, =3} FESL R, " BBUT AT M ik
B {42, 45, +4, + 1 gl R ¥ iRz i,
7 BRTEMBRL(—2,—5,—4,—4,—5,—3}
JrrE AR ¥ R ER . g = —4,—5,—3)
SUE M R IR 2 /N {+3,+2,+5,+4,
+ 1 5E ¥ IR 2> 8 A RE R M BR (k. ks
hy b, TEMIBR ks )5 Ja 00 B B 8 23 % hy #E4T K 2 1
TR By 230 35 07 158 2 A TR 38 K, S B0 Bk 2% 0, B
DA BERE M BR By 35 B B 07 i 22 it it A g 78
{(+3,+2,+5,+4,+1,—4,—5,— 3} ZJ5 , {7 1
PR S5l BB 55 ks - th T HAEBRT 2 by A by
O BEIEA s B 5 P RE BB ST PRSI BR.
H T EERIEAR N B R BRSO IE A A ThK A
T

TERT G 3 I BB B B I AL K — 2
AP REAFR s B A E B HZ S5 Ml T
BT S GI A T RS AR B, F AR
TGN . WAL, A T PRI B BT AL R
BEA L% Wy BRI BR 1 BEASRE R K, AT AT RE 2 T
ARIYBRTT AR TR, T2 AT 75 m AR K
I Xof T J B 428 B BE 5 1A BT A U S T R A L B
R AR S B AM 6 oy Rk XH,
& RIRMBR — By S5 51 & 4 J7 = 22 3 i
7 RN FEIAT B YA/ 07 iR 2 Rt b it
TSR R A B s S R P B IR R R R T2
R34 7 2 25 Bt i b = o £ A A
B AT MER. BAR GZMBR &AL ¢ =>o0p” BEHET
JE o PRI I g R R

5. AOS-ELM 78 L>N K45 B F # 58 w] LA
TR RAE SRS 2 ATRIIEIR S0 [ D | <N F A,
R B2 B i 25 A N— 1 ANy i B,
HHBR RBOR TN AR 2 R A A i
BT U ) R RS AR AR L AR
2 Ty a1l o 2 BOM B

5 KRR

5.1 LWHIEE
ARSCE e 12 A4S B o A R 4R X

AOS-ELM () ¥k GE #F 17 WAl IF 5 b5 ELM™ |
FELM® CI-ELM™ EM-ELM™" DAOI-ELM™*
i OP-ELM k45 T b, St B &£ 0517 50 1k
S A U S50 F I 25 A R i 4R 1 ) 43 S S e ST
NS AR 1 48 & 1 R/ D i Zaks 2 o
Wi Ll B0 S 56 250 B0 ) i A A 0 0 A — £k E)
[—1,1]#1[0,1].

F1 EADNPYPEEHRER

LGRS YNREA MR B4R
Abalone (AB) 2089 2088 8
Delta ailerons (DA) 3565 3564 5
Delta elevators (DE) 4759 4758 6
Laser (LA) 497 196 4
Electrical-maintenance (EM) 528 528 4
Daily electricity energy (DEE) 183 182 6
Forest fires (FF) 259 258 12
Treasury (TR) 525 524 15
Mortgage (MO) 525 524 15
Baseball salaries (BS) 169 168 16
Auto MPG (AM) 196 196 7
Weather Ankara (WA) 805 804 9

R T B U AR SO B A ROHE AT IR
LR FH 3 AR 2o B (a]  A AE AN TR
DGR T 2 5 30 A ] 1 0 6 4 P B
H r 5k 2 20 B 3 5t ol R 22 S5 o0 OS8R 1Y
SR VA ff b s I ) A R D S A € (R R R
PRI N 2 H AR UL BR R 251 2 1 AL
1155 W B 20 AR 0. A SC FE BT TR —OLIET
PG % D' B 1 T R, O 50 8 A 37 5t b i Ol BRI
WIS A . e oh o T AR B 0 R E 7 R
RGB i o, 23 [ )3 — 4L B rg @20 r=R/(R+
G+B),g=G/(R+G+B),b=1—r—g. Ff1®&H
PRS2 AT FH 0 s o 0 € 1 P Al B R AT SR 0
Bl AT

(1) Gehler-Shi %4 4. 2 %04 4 £ 9] i Gehler
g \PT R 40 2 568 5K iy Canon 1D #I Canon
SD a4 ny ok A = N = 57 = ER . JF L RAW
A APRAE. Shi S8 A 5 5 bh ot 2 617 T BT Ak
FHL LR B 2 2890 B Rk R e Ah, i & iR
14 7 Ll B 00 250 DA R P B4R o 25, %F T+ Canon
1D, B P2 05%F F Canon 5D, B HLF-Jy 129, 4 i
EIR 2 7 & #B & T — 7 Macbeth Color
Checker 4 % DL 3k Bt 37 5 19 5 5200 BUME B STk
[ 29 IXHZ 80 4 1 L5 3 5O BB B AT 1 J1R it
SR T B kR X S B 4 R R i 25 L K L AR 1Y
X IR i% B N RGB=(0,0.,0) #17 il

(2) Gray Ball 35 £, B E RV H 11346



1896 it <A

Hl

Y,
&

i 2021 4F

BRI 2 S /NI 15 AN [ AR A8 R B rp 42 B
240360 JE LML ER A AL, 45 & FOG BT I
FEWLCEIN RN s i e TR B R T -G
A B IR G NER DN A B AT BR K /N ER T
HRAG T 7 A 1 52 ) A S 50 2ok i vp A 28 3 1B R
H R B 35T J5 AR B R /N & Ry 240 X240, | T
lvi] — WA BE 1 [R5 22 [ /85 B2 A G Bianco %8 AP
MR TG HOHE A R R BT 1135 M A ¢ P B 1 B 1%
M 4. S L Gijsenij % AW SR AN
K IE (gamma = 2. 2) $f 3 26 |8 5 A NTSC-RGB i
23 [ AL B Pk RGB B 68,725 [R]  [m) i 87 11550 1
2k R Y LSO BRI

g TS A5 R AR B A S PR A
SC A SCGEAE LAAEWF I8 CAE B X b 3A BR Hdhs 5 1
SE B IR B EE . X T Gehler-Shi #l Gray Ball %k
PR 4y mil il 341 28 UG TE A 15-47 58 X 5 ik >k
TPAG AN [ 2t 18w 38k A PR RE.
5.2 iFMisHR

TE S ] 5 8504 4 B A SOfl T it 4 1 25 07
iR 2 (Root Mean Square Error, RMSE) Fl1 & 47 fi
BORVEAL AT (132 A6 PR R A1 A2 2% BE . SC 00 25 R A4S
DR 1Y) 18 07 MR 58 22 104 1 1A {0 RRR I 1) b oA 22 5 T
2 TP BT SRR ST E (BRI N P B o 25

TG F P S R i R 25 R Ty
TR R 2ED A R 2SI Y R B SOk
AR e, = (r,.g..0,) 5HER B AL TG
.= (rusgu b)) ZIBIFA, HITH AW T .

e, e,

le.] < e |

A SCAERE A MR G bl 5 A B R 25 1Y
H#1{H (mean) . F{H (median) . = ¥J{H (trimean) . I
25 %1% 22 ¥ {E (best 25%) i & 25% i 2 ) 1H
(worst 25 %) R 4 T PF A 25 A 2 €0 18 5 1 5 0% 1 1k
RS o, i R = X (E A R DR 25 R R K 24
SCHR T EPPH 98 b o JHC R 158 B 1 52 O BRI A
Tt B 2 T] 1) 22 S B/ B8 100 A P 0 30

AN Ry T R [ 06 M TR T Y R
P HA W2 S A SO I ER A B A
JEE 1R 22 53 A 64T Wilcoxon £ 5 B 5677 . 78 90 50
2 PR KCE S BN AE R R 0. 05.
5.3 EA&EDPHEENR
5.3.1 R HCE NS A

R T AL ) BV 45 S B R L, A
SCAEE P A% 8 2% R A8 S0 IR 7 S P A A TR S 50

)><180° (16)

T

O. (e, e,)=cos ' (

ELM®?, I-ELM? | CI-ELM?® | EM-ELM® | DAOI-
ELM Fl AOS-ELM X £ fit 35 5 2% Jf] Sigmoid bR
B.Gw,b,x)=1/(1+exp(—(w «x+b)))F RBF
PREC:G(w.b.x) =exp(—b|x—wl||?) . 3% 5-17
A S UE R AR R A T 500 PR 19 S S8 w F b Sy
I E =1, 1JRIL0, LI BEHLEE . OP-ELM® |
FH 22 e )37 A 5 151 05 0 BE — 28 U3 UE i o ) 4% 2 A
R T A5 B AT Az AR RE L e BESCERL 13 TR gL
JH Linear, Sigmoid f1 Gaussian = 1 1% iR %% 1 40 &
VE Ry Vi eR AL

ELM Fa)z: 19 s 00 UG Bl R {5510, -+,
495,500}, % F I-ELM,CI-ELM 1 EM-ELM, £ kX
B 37 SN BRE D 200, 11 B8 2 SRS B A B0 Y T K
4{0.01,0.02,++,0.19,0.2}. 7 FF $u¥a4E . N
T 7k A o) RS R T W0 IR Bk 2%, TFELM
CI-ELM 1% 1) B 2% o R B 0 B 0 Bl N 3% i R
{0.001,0.002,++,0.009,0.01}. i T EM-ELM f
V2 BB SRS 0 B A IR B TR DG 25 Y TR
W RANBCR R 5 BR ST LRI G B & A IS R Y
oy i, 5 3CHR[14 J4H [A] . DAOT-ELM () f¢ K Fa iy
RO 300, B A= S A BETE TR A1 AM i
£ b BUE TE Bl 4 (0. 01,0. 02,+++,0.19,0. 2} , 1
A% 10 A 8] [a) 51 r 19 B8 2% 5O B i) HO(E Y 16 33
{0.001,0.002,+++,0.019,0. 02}. X} i TR F1 MO ixX
P54 5 19 OP-ELM W 28 14 ) 45 B39 5 A B0
150, Higy 10 A58 45 b, 90 46 9 45 1 e i 4
WH 100. 7 AOS-ELM 1, 25 o) B AR #5301
BRINEUH 0. 5. 78 BS.AM . FF.DEE X 4 /% %
b P EUCE JE Bl & S {0.01,0.02,++,0.39,0.4},
HoA 8 A%t % L oo 9 BUM Y B o4 (0. 001,
0.002,++,0.019,0.02}. ¥ F FF.DEE X "1~ 5 ¥
/NI SR L B 2, HiA 10 M ERSE B L
Wh 5.4 F DEE.FF.AM X 3 A $ 4 48 . fo8 1 B
T SECL Bk 50. % M TRATMO S 4 16 L 43 51 15
100 1120, 72 HA 7 A EE S L L EUE N 80.
5.3.2  FEEEMERE LB A>T

22 R 3 4 LU T AS 7] X 2% 25 iy 2 2] S5
TE 12 A B m A H5 40 4R 1 0% DU 3RS B2 0 55 22 1Y &
A EL T TR AR A [ 28 B B oR ORT S I 4
AT VHE T3

https: //www. ntu. edu. sg/home/egbhuang/elm_codes. html
https://github. com/labcisne/ELMToolbox/tree/master/
Incremental % 20ELMs

@  https://research. cs. aalto. fi/aml/software. shtml



9 M &% ELM M4 B S N ESM REE 1897
F2 RAFALXERTANEZNMNKNREZNHEMREZILR
OP-ELM
LM -ELM "I-ELM <M-ELM -ELM S-ELM
. N . EL I-EL CI-EL EM-EL DAOI-EL AOS-EI (1L4S+G)
LSEE S SR Testing RMSE ~ Testing RMSE ~ Testing RMSE ~ Testing RMSE ~ Testing RMSE ~ Testing RMSE ~ Testing RMSE
Mean=+ Dev Mean=+ Dev Mean=+ Dev Mean=+ Dev Mean=+ Dev Mean=+ Dev Mean=+ Dev

AB Sigmoid 0.0903+0.0179 0.100640.0086 0.0922-+0.0070 0.0880+0.0108 0.158040.0243 0.0882+0.0153 0.0943-L0.0366
RBF  0.0903£0.0073 0.0991+0.0093 0.087840.0055 0.0855+0.0061 0.151840.0220 0.0831+0.0058
DA Sigmoid 0.0445240.0050 0.06064-0.0080 0.045920.0049 0.0456+0.0061 0.238940.0358 0.0435+0.0052 0.0447-L0.0048
RBF  0.0467-+0.0051 0.0703+0.0138 0.047740.0051 0.0463+0.0061 0.210840.0473 0.0449+0.0055
DE Sigmoid 0.05810.0055 0.07324-0.0089 0.0596=0.0045 0.06054+0.0061 0.250640.0279 0.0576+0.0043 0.0585-50.0055
RBF  0.0606+0.0049 0.0849+0.0142 0.060540.0049 0.0592+0.0050 0.221840.0320 0.0576+0.0035
LA Sigmoid  0.0405+0.0146 0.102040.0078 0.0977+0.0095 0.040440.0099 0.1989+0.0390 0.036940.0148 0.0323-£0.0122
RBF  0.0736=0.0124 0.083940.0108 0.078240.0105 0.0464+0.0156 0.181140.0415 0.0329+0.0086 —
EM Sigmoid 0.0142+0.0013 0.045440.0068 0.0393+0.0038 0.019240.0012 0.1852+0.0559 0.014240.0021 0.0143-50.0040
RBF  0.049470.0204 0.048340.0085 0.031440.0041 0.0204=0.0037 0.15344-0.0366 0.0143+£0.0028 ———————
Sigmoid 0.1002240.0091 0.103940.0076 0.10080.0062 0.101140.0065 0.292240.0286 0.1003+0.0079
DEE P E—— I —————————  0.1010+0.0082
RBF  0.122440.0122 0.1323+£0.0154 0.105440.0064 0.113140.0120 0.2775+0.0311 0.105740.0088
FF Sigmoid 0.1428+0.1448 0.120440.1598 0.124020.1502 0.152340.1612 0.147340.1188 0.1025+0.1354 0.1270-L0.1248
RBF  0.109540.1087 0.132140.1346 0.1301£0.1285 0.125340.1327 0.1379240.1063 0.1092+0.1154 B
TR Sigmoid 0.01302£0.0013 0.04244-0.0077 0.03160.0042 0.01294+0.0013 0.168540.0417 0.0123+0.0010 0.0130-20.0012
RBF  0.023040.0026 0.0517+0.0077 0.035340.0055 0.014640.0022 0.1756+0.0334 0.01444-0.0019
MO Sigmoid 0.0066+8.2e-04 0.036240.0072 0.024740.0038 0.0105+9.4e-04 0.207840.0489 0.0061+7.2e-04 0.0062-L7. 3e-04
RBF  0.021140.0022 0.0588+0.0117 0.03284-0.0046 0.0128+0.0017 0.221640.0394 0.0090+0.0011 —
BS Sigmoid 0.1384£0.0181 0.138740.0229 0.1335-20.0204 0.1405+0.0230 0.221840.0518 0.1426+0.0197 0.1409-50.0214
RBF  0.1638+0.0245 0.177540.0263 0.151840.0213 0.172240.0313 0.200840.0398 0.166640.0256
AM Sigmoid 0.0838+0.0078 0.104540.0097 0.09810.0083 0.0872+0.0099 0.2276=40.0354 0.0831+0.0066 0.0834-L0.0078
RBF  0.114040.0117 0.119640.0154 0.096240.0085 0.095140.0103 0.240640.0317 0.0897+0.0091 ——————
Sigmoid 0.0211240.0051 0.051640.0137 0.0295-0.0032 0.0216+0.0023 0.320540.0390 0.0203+0.0067 0.0268-L0.0241
RBF  0.035940.0048 0.097740.0227 0.04202£0.0066 0.027540.0058 0.3284740.0609 0.0253+0.0038 o
3 RAFEAXEBRTRNEZNET RN NHNEMRESEER
. OP-ELM
ELM I'ELM CI-ELM EM-ELM DAOI-ELM AOS-ELM (LSLG)
HARdR WO T Z R T F R Z R R R
Mean= Dev Mean= Dev Mean= Dev Mean= Dev Mean= Dev Mean= Dev Mean= Dev
AB Sigmoid 44,4413.50 2000 2000 32.9427.68 13.32+5.03 25.8444.07 3965 15.20
RBF 146.4+35.89 20040 198.5447.65 41,7422.87 49.524-20.46 25.744.63
DA Sigmoid ~ 49.30+14.74 20040 20040 15.78+14.69 7.74%+2.69 35.8647.40 53.6414.74
RBF 169.3+36.60 199.64+6.48 2000 82.78475.93 23.82416.73 35.7844.65 o
Sigmoid 60.9+20.04 197.68+16.40 2000  153.12476.54 10.08+5.78 35.847.29
DE 52.6+21.68
RBF 203.34+47.81 198.42+11.17 2000  174.36454.55 49.02449.64 28+5.42
LA Sigmoid 45.4412.32 2000 2000 25.24+5.00 26.6842.13 59.2849.53 48.2-411.80
RBF 149.8441.17 2000  197.78410.99 43.564+15.91 71.7644.04 40.0446.85 o
EM Sigmoid 40.3+8.17 2000 199.8+1.41 10.14+2.63 8.44+2.32 47.54412.96 55 411,78
RBF  299.4+141.05 194.74+22.53  196.98+14.68 30.92+20.47 24.8046.72 42.1846.45
Sigmoid 17.94£7.63  197.96414.43  192.38428.29 12.94+8.15 13.08£7.32 12.64+3.06
DEE 19.36+11.65
RBF  164.84204.02 2000  195.72421.49 30.54+15.13 47.20426.14 11.8+3.33
Sigmoid 5.942.19 2000 2000 540 24.56419.37 4.9441.94
FF 2.32+3.29
RBF 7.244.76 20040 2000 540 106.36+47.02 3.540.68
TR Sigmoid 83.44-26.58  192.28+31.44 199.08+£4.62 63.34416.38 5.28+3.09 37.6845.27 74,44 26.49
RBF 166.3+23.16  198.34411.74 196.08+£16.57 92.184+12.56 17411.27 43.6844.49
MO Sigmoid  101.4421.76  197.92+12.05 20040 23.7443.43 13.92+6.32 43.0245.89 8282597
RBF 175.3427.56 199.36+2.81 194420.06 65.7847.54 47.40431.94 48.98+5.35
BS Sigmoid 25.4+7.41 196.74+16.25 197.9+14.85 20.46410.39 39.36+24.24 12.36+3.60 22,78 412.08
RBF 442.7475.99  182.34443.32 178.4+45.78 32.14413.97 102.70£32.97 9.58+2.26
AM Sigmoid 25.346.73 2000 197.4412.91 29.384+12.96 5.04%+3.50 13.28+3.41 26.8-10.35
RBF  401.24+161.61 198.08+11.38 199.8+1.41 41.784+15.31 22.284+16.58 18.78+3.34 o
WA Sigmoid 68.2£17.08 196.12+16.08 2000 23.644.53 12.48+5.12 27.7644.29 63.5-L 20,44
RBF 237.9438.31 197.16+15.64 199.34+3.89  119.56+61.37 63.38+42.57 38.0844.44 o
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28 1 Sigmoid 1E 2y STE R B AFR 2 BT LA
A LB LA R BS 3045 4L 46, AOS-ELM 1 K& 4
g FBUS T R 6 B SR Al R e
BRI RMSE, $6 81 H B A R 47192 L P RE. Ar
#E ELM 76 K 2 5096 48 il RMSE . OP-ELM
Nk #H 5 H 2 E. 5 FELM, CLELM, EM-ELM,
DAOI-ELM #f [, OP-ELM i 7 A& fi% 1% 5] 55 /)N i )
iR 25, AR Hb, N 3 AT LU th» AOS-ELM i /7
BB AN RO G i /N T FELM Al CI-ELM.,
UL B W B 1 W 45 45 4. B9k 7 DA LA EM,
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GW 4.77° 3.63° 3.94° 0.98° 10. 49° GW 12.98° 10.76° 11.33° 3.27° 26.20°
SoG 6.42° 4. 48° 5. 20° 0.79° 14.98° SoG 11.61°  10.39°  10.60° 3.55° 22.16°
WP 10. 26° 9.15° 9.48° 1. 56° 20. 48° WP 12.74°  10.34° 11.29° 2.30° 26.41°
esGW 6.35° 3.90° 4.76° 0.78° 15.79° esGW 12.12° 10.58° 10.94° 3.63° 23.15°
GE1 4.19° 3.28° 3.54° 1.11° 8.73° GE1 11.13° 9.15° 9.70° 3.09° 22.12°
GE2 4.23° 3.35° 3.62° 1.21° 8.59° GE2 11.07° 9.55° 9. 89 2.91° 22.02°
ASM 3. 84° 2.42° 2.70° 0.56° 9. 64° ASM 11. 35° 9.41° 9. 94° 3.20° 22.59°
MSGP 3.45° 2.00° 2.36° 0.43° 8.47° MSGP 10. 27° 7.76° 8.58 2.08° 22.19°
BCC 6.74° 5.14° 5.55° 1.31° 15. 00° BCC 11.98° 10.14° 10.56° 2.36° 24.57°
NN 5.16° 3.77° 4.06° 1. 25° 11.49° NN 11.81° 9.75° 10.25° 3.23° 23.85°
SVR(2D) 6.15° 5.15° 5.39° 1. 64° 12.34° SVR(2D) 13.58° 11.80° 12.67° 3.92° 25.67°
SVR(3D) 4.14° 3.23° 3.53° 0. 95° 9.03° SVR(3D) 9.99° 8.39 8. 74° 2.76° 20.02°
SSS 3.99° 3.24° 3. 46° 1. 64° 7.61 SSS 10. 43° 8.74° 9.20° 3.06° 20. 62°
GMP 6.00° 3.98° 4.53° 1.00° 14.27° GMP 14.19° 11.98° 12.72° 3.18 28. 64°
GMDy 5.99° 4.03° 4.52° 1. 08° 14. 36 GMDy 12.54° 10.36° 11.01° 2.90° 25.65°
GMDyvy 6. 25° 4. 25° 4. 85° 1. 25° 14.74° GMDyvy 13.21° 10.96° 11.62° 2.89° 27.22°
Exemplar 4.94° 4. 36° 4.56° 2.41° 8. 28° Exemplar 8.00° 6. 44° 6.76° 1.94° 16.73°
MC 3.25° 2.20° 2.55° 0.30° 8.13 MC 8.81° 5.61° 6.78° 1.50° 19.1°
SA 6.44° 6.09° 6.10° 2.97° 10. 63° SA 10.12° 8.95° 9. 20° 2.94° 19. 40°
Nearest2 4.29° 3.00° 3.22° 0.78° 10. 13 Nearest2 11.42° 9. 25° 9.83° 2.63° 23.63°
Nearest-10% 4. 29° 2.98° 3.21° 0.75° 10.12 Nearest-10%  11. 34° 9.14° 9.76° 2.62° 23.50°
Nearest-30%  4.26°  2.95°  3.20° 0.75° 10. 03° Nearest-30% 11.32°  9.27°  9.83° 2.66° 23.30°
No-1-Max 4.46°  3.51°  3.87° 1.22° 9.05 No-1-Max 10.43°  9.07°  9.40° 2.97° 20. 14°
No-3-Max 4.18° 3.26° 3.54° 1.14° 8. 54 No-3-Max 10. 46° 8.95° 9.33° 3.06° 20.27°
MD 5.46° 4. 86° 5.02° 1.85° 10. 11 MD 10. 14° 8. 80° 9.17° 2.89° 19.56°
LMS 3.16° 2.51° 2.67° 0.87° 6.54° LMS 8.98° 7.41° 7.74° 2.44° 18.27°
ELM 3.74° 2.49° 2.82° 0.76° 8.69° ELM 8. 94° 7.09° 7.62° 2.20° 18.58°
SVRC 3.26° 2.08° 2.39° 0.68° 7.78° SVRC 9.02° 6.75° 7.43° 2,10° 19.93°
AOS-ELM 3.13° 2.06° 2.35° 0.73° 7.13° AOS-ELM 7.31° 5.39° 5.87° 1. 83° 15.93°
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since the selection of hidden neurons has a profound impact

on generalization capability and complexity of the network.
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Too large a network will lead to overfitting and poor generali-
zation performance, but too small a size cannot learn the
problem well. A simple and common method to find an
appropriate network size is by trial and error. This approach,
although straightforward, is not likely to yield optimal or
nearly optimal structures especially when adopted by inexpe-
rienced users. Research on constructive and destructive
algorithms is an effort made towards the automatic design of
architectures. Roughly speaking, a constructive algorithm
starts with a small network and gradually add new hidden
neurons until a satisfactory result is obtained while a destructive
algorithm starts with a large network and then deletes redundant
hidden neurons until there is only one hidden neuron left, or
until some stopping criterion is satisfied. For both constructive
and destructive approaches, one of the major issues which
has not been addressed much is that every step of the structure
adjusting strategy is only capable of adding or pruning neurons
from the network, while some of the hidden neurons may
play a very minor role in the network output. Therefore,
none of these methods can guarantee that the selected network
architecture will be close to optimal or will generalize well.
The objective of this work is to produce a parsimonious
network structure with a good capacity of generalization for

solving a specific task. To this end, by formulating the

whole problem as a subset model selection, an adaptive
orthogonal search algorithm for network structure learning of
ELM is presented. The proposed method can be summarized
as the synergy of orthogonal forward selection and backward
elimination that searches for topologies, based on the influence
of adding or removing each hidden neuron on the error, aiming
to concurrently optimize performance while minimizing
network complexity. Simulation results concerning both data
regression and color constancy indicate that the proposed
AOS-ELM can strike an excellent balance between the
accuracy and compactness, and thereby contributing to
remarkable generalization.
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