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Abstract

Conditional probability neural network (CPNN) has special advantage in pattern classification
problems. However, how to find the optimal parameters of the CPNN to achieve better perfor-
mance is an extraordinary challenge. Considering the structure feature of CPNN, we proposed a
new training method based on particle swarm optimization (PSO). This method utilizes PSO to op-
timize the structure of CPNN and label distributions by introducing Hellinger distance between
different label distributions. We applied the improved CPNN on facial age estimation. The experi-
mental results showed that this network could increase recognition accuracy significantly.

Keywords

Age Estimation, Label Distribution Learning, Conditional Probability Neural Network, Particle
Swarm Optimization

ETRFHEALHFAHTERMEME

JEITRFAREE MR R E LI E, HE E]
Email: xujunjie@stu.xmu.edu.cn, minjiang@xmu.edu.cn

Weks HiA: 2016435 12H; A HEM: 20164F3H25H; &4 HiH: 20164F3H30H

YESIH: RREE, TR B TR TR AR ME ML N TR e 5HL8 AWFA, 2016, 5(1): 13-22.
http://dx.doi.org/10.12677/airr.2016.51002



http://www.hanspub.org/journal/airr
http://dx.doi.org/10.12677/airr.2016.51002
http://dx.doi.org/10.12677/airr.2016.51002
http://www.hanspub.org
http://creativecommons.org/licenses/by/4.0/

TRIRTE, VLA

R

FA R PP L MR AEBATER  RIT B MRS, R0 T AT A ISR, ATTiREIRRS
FHR—ANEAER R, EBBEMEHENBNEWRRZE, AIRE T —Fh3E TR R LR
FRRIP LB FTTER . BATRIZIME TR TR KBRS M T N ER M, £
Bk R R IX P4 BL s B E MR J R B R

XA
FRMTE, BESMES, FFRBHEME, RTRNL

][/

1. 3]

R A T RIAE S E . AWLZ O MUSIRS 2R DA LA AL R AE B I AE L, DRI 5 32 5K
o FRATTAE Z RN AR, REARE: 1) BRI HCI: @i | 3R A P RS, RN
F P AL B 3@ HAE RS AN ML I P ST IR SS o 2) MG B ARG 2 PR SRV L, A P P A
RETEM NG BEUEB . 3) N {EERE: HANFERMG T RAEALGEREFMERIAOER.
4) ZATVEER . @ BRI, LI NEB RS

I 0 A TR I 110 2 B 0 2 W4 A T T A T 40 81 3% PR R A2k«

1) B REAT . SEREARSIRIEER )

2) MFFRIFRRIE R . D AIEER, RGO, AEVE T AR, G R R R A

3) AEHKE 5 LIS E) A R K. AN AR R 0 A R I T, S 00 6 35 bR A4 e 0 S 1 341 i T ) 4
W T AIRAS s (A BRI B ER 1 211

Ep5 I, Young Fl Niels [1]/2 i F-42 ARG TH N . A4 FAE 1994 £E 4 H @i A B kAT
SRR AR TR o (RAATT ) TAEA X BT B . TR RS A B N R AFIE A N =Fh. Hayashi
S N[218HF0 15T Hough 2845 1) 45 SC SR AT K BG40 AT R AR08 A 3 R0 7% . 2003 4F, Iga 55
NHSZRERENIFR T — A TR 1002888 . Lanitis 25 A [3142 H—Fh 2 T 16 58 /M A Ge it A5 7
AL AL AN E 32545, Bt KNNL MLP. SOM HtERE, I HAAJHLES JLFrl LAFI N —FEAloh N 4F
. Nakano %5 A [4]42 H R FH G F0 T _F 4 U8R M0 S A5 Bk AT ARl 1H . Zhou 25 A [5]42 H: A
Boosing 177 VEMCA NI VAT AR Al T, I SRR BT ik BT SVMs U7 EIE 24T . Geng
S5 N[614 H 32 2 2= (B ) 7y, a2 o) — SRR M 1 2 AR A 45K

S M 20 22 9 2% (Conditional Probability Neural Network, CPNN) [7], & —Fh = 2 (4 W 25 A5 7,
B E AR R AR RE R NN, NP E AR, T KL SUZSRIE MU AL, FiE
TR 22 I TR A A SR B 45 (A R . CPNING 1T LU F AR AR AR5 B W Bh 2% 20, A b A A o1 )
A, SR CPNN fEEM R I 1526, RIAMEREIEE DN R . R ARG H 2 — Um0
. BRI R ZEN TRUE RE — M S 8UE EoRREUT —P BUE R 7 ), DASRIA R 2 . 5
o ) 500 SR A 2 (AR A R R L T A 2 4k il T, APAEIR 2 R/ A, A7 B N = 3B/ R AT e P KK
e Hk, MELIREFREDMISE . B8 IR 53 A AT LA X 48 75 2% 2] — /N SR B AJE FBl 3RS
R PR TS Bh A 2], T Bl K AT B2 2 S I Pt H ik, A SCREH T R R S E T B
FHRF MRS 2% RS E, TR B AR N 08 Ak T i)



TRIRTE, VLA

VEAHHALRWT . BTN THRES MBS, RERK SRR, FEN4 T L Hellinger
distance 7E A KR CPNN RIS EE IR ik, BB =1 N4 712 H7E CPNN _E/) PSO Bkt
FRA553 A0 (240 CPNN IIAUE . S5 P52 SEga il 7, A4 1S ah AL, IR kAT 7. )5,
BATLEGE T SO S I 9E TAR,  FERE RS 34T B ST AT T R,

2. HREA
2.1. )R

T AETRA LS RS 730 B E o

5B L. (R )4 e — Al x, @ IR d) €[0,1], FoRy #ilk x IRESE.

XFF— A x, SEPRER N a, 4 a AUSTE N KRR FEXT a WA TTk. X TR a iAREE 4y
i, BOAZ RS 2 KR a BRIR PRSI AT h — cK 1, DL ORAE SRR vh SEFR A R 31 3= 3
AT F A A S R IR BB A 25 a B TR/, ORAE T AH AR 05 08 X0 2 b A7 108 1) DT R A5 b EE A ) B8 v —
g ARXS T IK M SR AR B, e 2 g0 A R = A S A R R K

L X=RUE q ERMATE, Y={y,y, v} NRAERKIFEL, REHEN ¢, INHE
S ={(%,D1),(X, Dy )+, (X,, Dy )} » K X € X AT A, Dy ={d,d¥,-,d) | ARF L] x, FTX R
FITR L, ARG I AR R P (y | x) o« BRFMMEP (Y| X) AESER P(y|x0), X
B O RN ZH, ARSI 5 2] BAR N M S 0 15455 € — > %, B AT BL A —AN S AT R
LT D, fikrZssr 4. H Hellinger distance [S815RHfiik, 52 T,

5E 3 2. (Hellinger BEEE) X TP P = (py, p,oeo-, P, ) M Q =(0,,0,,+++,0, ) » Hellinger FEE
H(P.Q)- X0 (/7 &)

R AR R A

g*zargminezizj(@— / (yj|xi;9))2 @
2.2. CPNN %A

FA M NS, — ERZMEHZ M. CPNN 51648 BP #1447 AEAH : A& T
AU 2] x, EETEHN— My, x 5y wTRRAARFEMSUL, 6 AR FENBEGEE. n7ES
REA TR, x ARRTHFRAFE, AN o R BUEE 3 FE[0,1] 2 18],y AR LA RE,  HUE 6 @
HE[0,100]2 18] CPNN % A AT P (y | X)

I 2 T D D) 288 BT R BT AR N

f(x0)= ZZfesmG (Zﬁﬂio@mkxk) @)

X E G Jysigmoid BREL, M, 2H I ZMT AN, 6, RS ZHH m M aEE -1 2 M58 k
AN R B FE R

g N RIS x Ay I, 2R g AR

p(xy)=exp(c(0)+ f(x,v:0)) (3)

XH

c(8)=-In (Zy(]exp(f (%, y,e))dx)) ()

)



TRIRSE, VL

i

PIAMEREAT TiHSA: 1) BEEFHMERRTS, 2) EFERD.

A S Y A i 2 T%LETIp x)dx=1.
DAL SR AR SR
o(ylxa)=PUYO) _ P(XY0) exp( £ (xy:0))

S op(60) X p(xyi0) X em(f(xy:0))
M4 Sarajedini 5 N[9119777%,  p(y|x0) 7T A GAEM T FR:
p(yIx0)=exp(b(x0)+ f(xy;0))
Et 5 Equation (6) 1 Equation (5), JH— K F Rl LLE S N:
b(x;H):—In(Zyexp(f (x, y;H)))
5] i Equation (1), #5754 )4 5% pR HUH -

9)=Zizj(\/¥—\/exp(b(xi;9)+ i (Xi,yj;a)))z

4 exp(b(x;0)+ f (X, v::0)) =k ;» Equation (8)5TF 0 HIBHIEN:

T35, - 200, i)

®)

(6)

U]

(®)

©)

)5, /] RPROP Hyk[101/E NBUHE i 5 ¥ 5. RPROP Sy 48— Fb MBS0 38 2 1 3 FE (1) 7 1 6
RS0 e Tl A 47 P sk By, oA — MR SR AR IS 755 7 51 3D K AN & bR FE A - 4E RPROP Sk

~AY), it 20
60),IJ
Aol =3 +AY), if A g
a)lu
0, else
Ny a\J LY SN s VN > ) f—
EETiﬂéﬁuﬁo HOHHEA RN (L) PR
Iij
(t= ) (t)
n ALY, ir 2 LA
awlu awlij
t-1 t
A0 Ly eatd it a0 D a0
lij lij aa)"j aa)"j
ALY, else

KHO0<n <1<y’ HAREEH A XWKA)P7R.

a),(i;“) =l + Aa),(i})

lij

SOFHE KT 5 T H A0 B .

3. EF PSO B9 CPNN
3.1. PSO #Eik

(10)

11)

(12)

fEB T AW BB, Kennedy A Eberhart $2H 7 PSO HiE[11]. PSO Sy it /N4 a] ()t



TRIRTE, VLA

PES5e4, SKBIE R PR IURHIE R . PSO Je LAl daME, RIZE AT 2 [A] h B M LA 4R 10— HEHE
T BERLTHOAL R ) — AN AAT R, i AR eREON B E — A M AR (fitness value). 4:MHETff
R HIEE), JF i — AN B e HO7 P RIEE B 3 HORLTROE B A AT IR AU I ), IR B
RS R . AR AU, KRG RER IR, — R T A LSS R B MR AL pbest, 51—
RSB R AL A gbest.

BRI SRS IRLE KT R A IRZE RO S DARMESR ISR A A AT FY A il RS A W 51 70, (HS BP
SR R I R BT AH B, EEA SRR 3L 7] RO foe LA BT O 2 TR P 2t b A, R I R e T3
59, LHHEILE BP M AW DIE R EEN B AR ), RMBEEIERN SRS B
56, MRS 2 R R B TR B M MM B PTRBUE s U, S RBP4
PUE SR BP SE ISR MZs, B IR M4 1) e U . X PR & B0k £ 22 A
TR A R R KPR BP S5 5 B ZOd FE PRI ki, T D8 e T HEAG SR PR AR 1) 95 R
BP SVER 5 M SR AR R A

3.2. PSO-CPNN

fEii CPNN IS5 5 n NMRIZTT R, KL gestit & (0,0) BP0 %o CPNN 2% AL
B, o NBESMNSH.
PSO-CPNN %R B0~ AR .

#y%: 1 PSO-CPNN

N MAIGHES ={(x, v}, BTFBEKAD g RIERKHT.

#wh: p(ylxe)

LY T IR E P = {(6, 0,)) ) MIRIAHEE V', HHTEANE t=0
2. whlie t<T

3. fork=1toq

4. fors=1ton
5.2 E bR RS Al LS(O't):{D;}i ’
6. end

75 L(o,) F p(y | x:6,) i1 Hellinger £ .

8.5 17 [y s e kL 1 A4 JRy S ks 1

0.5 Hrhy I v

100 AL E P,

11. end

RFEt«t+1.

13. end

144 C A1) o, KA RS 7340

1545 1 Hellinger PEES{E 47k B0, FIVIZRAF I 6, 11 CPNN %% (19404611, $245 1 RPROP 51345k
% CPNN 130" .

)



TRIRTE, VLA

4. Kh
4.1 Wit 53R

A S FH 0 8E S5 FG-Net Aging Database [12]. UE#dE 4 &4 82 A AL 1002 5K 4 & A
Hrh g N 6~18 EFR A SERRARE 1 U, B4R i AR B0 VG I 7E 0~69 0 2 [A] B T AR RRFHAE Z 41,
P AR BRI TR 00 T A 5 3, RAB G RHE

FEAR S SR B, — Lo AT & T T T A A0 v o) 0 B0k F T S A SO R EAT LG, e
OHRank [13], AGES [14], WAS [15]F1 AAS [16]. FIFERT, &S00 5Bk T 7 HeEe, fm: kNN,
BP, C4.5, SVM, ANFIS [17].

XGRS E0k B a1 T, 75 OHRank H, ffi ] T e xH{EH 2k 405 RBF #% R % £ AGES H, aging
pattern subspace {4k ¥ B 4 20. 7E AAS 1, 7£ appearance cluster training step #1115 % B % B 4 3.
7E KNN ", k % E A 30 3:1# H Euclidean distance k34840 . BP #1428 B2 2 15 S B0k B o 100, FF
{8 sigmoid R 1y is0% BR L. C4.5.7E SVM H i ] RBF #% B4 ANFIS SR J& R £ i v 2 1. Cpnn

R R0 AT . oA, ARHEZEWE N 1, 2, 3, 4. =>4, bottom length #E N 2, 4, 6, 8.
AT MERE FR B4 MAE (Mean Absolute Error), RIS HHEA f (y; | %) » AR SEEA Y, »

i MAE :%zi“:l By, %)= i| o A A A T AR A ) 5 2o 47 A0 000 42488 2 1) ) 22 B

SRR BUSE -4 22 IR, BRR B e -2y, R I 9 NI SR, 1 A
AR, BEAT IR BRI 23 AR MAE. 5554 10 (RIM4ES RIK MAE [F-F I EAE A0 5
BB T

42. GRS

SEGEE R W 1 R, PSO-CPNN R RIS, WLAVE tH, #2501 Ekr v ae i T Hmh
B JR R B R AR AR A0 5 ) R DL ST AR AR 15

W—E, MmN T =m0, FosEa AR A AR, =Mt KA T =M%
PIIAFEES . SRT, CPNN X S E R LR UK, AR SET g Remiok. K 1 BoR TIEEAR
[FI S MAE 7284k, o S8 E A SO 0 7592:, i T AR SE0 1S MAE B2 T —AMNMBARIE .

T EREE KL BB AT Hellinger BE 55 O PERE, #A4lif) CPNN SHyktBit 47 1, Wil 2 B, Hellinger #H
BIEERER /8L AL T KL B .

N T HGE CPNN & TN AR D (0 1E L, B > IR AR . 8 I D> — 21 I 25k
A, CPNN ) MAE #h£klnl4l 3 fiion, 3F5 OHRank A1 AGES J7iktb%:, BN/l Ziet A, CPNN 1)
MAE FHA IR T, AR, I ZRE s 4L 0800 IR {% CPNN 5 PSO-CPNN RIS 5B iz e . (H
2, B B 2 g, TR R 5 R, PSO-CNPP #PERES T CPNN. Jf H,
FESHAREE AT RAT AR, AR AR ¥ 51 o3 A b s BN SR WA AR 7 AR 28 20 AT A RE AL BE st
. 8 4 E7R T PSO-CPNN &% MAE 481k

B2, BRI N s B o AT T ZEAE W] 5 R

5. BREMRE

AR T R TR A T2 M 4% PSO-CPNN,  Hubs R R 1R T RE AL Sk -
WEAMEME N BN S N RS EdE, XA JE T 1k # 4 X 4% (evolutionary neural
network, ENN) [ —Fft, TFATTATHE H X Fh B 58 IR 1% Ge 2% AL 24 22 I 28 AN e A 28 b AR S HHiE S 1)




RIRHE, TLEK

40
35
30
25
20
15
10

Table 1. MAE in different age estimators

= 1. TERER MAE

Method MAE
Gaussian 4.39

My method
Triangle 4.88
Gaussian 4.76

CPNN

Triangle 5.07
OHRank 6.27
AGES 6.77
WAS 8.06
AAS 14.83
kNN 8.24
BP 11.85
C4.5 9.34
SVM 7.25
ANFIS 8.86

Hellinger vs KL

B Hellinger Distance

KL Distance

gilf

it

Figure 1. Flowchart of estimation of distribution algorithm

L SffEtEERER

5.3 \
5.1

<

m

/:
]
]
\

4.7 T T

4.9 \/

Standard Deviation

2

3

Figure 2. Compare Hellinger with KL

[ 2. Hellinger EEE 5 KL BEEAIMBELLER

02 4 6 8101214161820222426283032343638404244464850525458616369

Gaussian

= = = Triangle



TRIRTE, YL

Standard deviation

=4==CPNN
=== SVM

== AGES

====0HRank
=3=PSO-CPNN

1002 902 802 702

Remainder of the trainning data

Figure 3. The performance on different estimators
3. TEMRBIMERELEER

49 /
48 \ /
P RN /

E N\ /

. N /

44 \,/

43 .

PSO Step

Figure 4. MAE variation of the PSO
4. BRI TEF MAE BLIER

LB e e s
0 2 4 6 8 1012 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64 66 68

age

Figure 5. Standard deviations to different ages

5. FRIFIREIFREE



BREE, L

BRom . SERR BT, ARSI T VE R M R R T TR A . R R
PSO-CPNN 5L AMUBEM H T IAL A ph 2 M 2 i ke, RIS T i O 0 A T X 2%, #R AT LA
AR S BT IR RAEAT 7 A0 -

AT, BATAT AR S5, CPNN 2] Dok TSR, i, BATMES S AR
(KR R NS, R BR L 28 IO S5 e, R HL S T BN [ R 4008, K2 AT TR SR K 7L 77 1
Bl thn T 2R EE W 2 B 3 2 [18], W3 & 475 -f 2o JivA[19]-[21], BLEATLENLAS A iz AR S
48 R [22]-[25]5

EHEWH

HEHE 5 T A 32 3 HE % 8 S8R #3475 H (No. 61003014, No. 61105026 F1 No. 61273338) % Bl .

SE#k (References)

[1] Kwon, Y.H. and da Vitoria Lobo, N. (1994) Age Classification from Facial Images. IEEE Computer Society Confe-
rence on Computer Vision and Pattern Recognition, Seattle, 21-23 Jun 1994, 762-767.

[2] Hayashi, J., Yasumoto, M., Ito, H. and Koshimizu, H. (2002) Age and Gender Estimation Based on Wrinkle Texture
and Color of Facial Images. 16th International Conference on Pattern Recognition, 1, 405-408.

[3] Lanitis, A., Draganova, C. and Christodoulou, C. (2004) Comparing Different Classifiers for Automatic Age Estima-
tion. IEEE Transactions on Systems, Man, and Cybernetics, Part B: Cybernetics, 34, 621-628.
http://dx.doi.org/10.1109/TSMCB.2003.817091

[4] Nakano, M., Yasukata, F. and Fukumi, M. (2004) Age Classification from Face Images Focusing on Edge Information.
Knowledge-Based Intelligent Information and Engineering Systems. Springer Berlin Heidelberg.

[51 Zhou, S.K., Georgescu, B., Zhou, X.S. and Comaniciu, D. (2005) Image Based Regression Using Boosting Method.
10th IEEE International Conference on Computer Vision, 1, 541-548.

[6] Geng, X., et al. (2006) Learning from Facial Aging Patterns for Automatic Age Estimation. Proceedings of the 14th
annual ACM International Conference on Multimedia, ACM. http://dx.doi.org/10.1145/1180639.1180711

[7]1 Yin, C. and Geng, X. (2012) Facial Age Estimation by Conditional Probability Neural Network. Pattern Recognition.
Springer Berlin Heidelberg, 243-250. http://dx.doi.org/10.1007/978-3-642-33506-8 31

[8] Hellinger, E. (1909) Neue Begriindung der Theorie quadratischer Formen von unendlichvielen Veranderlichen. Jour-
nal fur die reine und angewandte Mathematik, 136, 210-271.

[9] Sarajedini, A., Hecht-Nielsen, R. and Chau, P.M. (1999) Conditional Probability Density Function Estimation with
Sigmoidal Neural Networks. IEEE Transactions on Neural Networks, 10, 231-238.
http://dx.doi.org/10.1109/72.750544

[10] Riedmiller, M. and Braun, H. (1993) A Direct Adaptive Method for Faster Backpropagation Learning: The RPROP
Algorithm. IEEE International Conference on Neural Networks, 1, 586-591.
http://dx.doi.org/10.1109/icnn.1993.298623

[11] Eberhart, R.C. and Kennedy, J. (1995) A New Optimizer Using Particle Swarm Theory. Proceedings of the 6th Inter-
national Symposium on Micro Machine and Human Science, Nagoya, 4-6 October 1995, 39-43.
http://dx.doi.org/10.1109/MHS.1995.494215

[12] Lanitis, A., Taylor, C.J. and Cootes, T.F. (2002) Toward Automatic Simulation of Aging Effects on Face Images. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 24, 442-455. http://dx.doi.org/10.1109/34.993553

[13] Chang, K.-Y., Chen, C.-S. and Hung, Y.-P. (2011) Ordinal Hyperplanes Ranker with Cost Sensitivities for Age Esti-
mation. IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Providence, 20-25 June 2011, 585-
592.

[14] Geng, X., Zhou, Z.H. and Smith-Miles, K. (2007) Automatic Age Estimation Based on Facial Aging Patterns. IEEE

Transactions on Pattern Analysis and Machine Intelligence, 29, 2234-2240.
http://dx.doi.org/10.1109/TPAMI.2007.70733

[15] Lanitis, A., Taylor, C.J. and Cootes, T.F. (2002) Toward Automatic Simulation of Aging Effects on Face Images. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 24, 442-455. http://dx.doi.org/10.1109/34.993553

[16] Lanitis, A., Draganova, C. and Christodoulou, C. (2004) Comparing Different Classifiers for Automatic Age Estima-
tion. IEEE Transactions on Systems, Man, and Cybernetics, Part B: Cybernetics, 34, 621-628.

O,



http://dx.doi.org/10.1109/TSMCB.2003.817091
http://dx.doi.org/10.1145/1180639.1180711
http://dx.doi.org/10.1007/978-3-642-33506-8_31
http://dx.doi.org/10.1109/72.750544
http://dx.doi.org/10.1109/icnn.1993.298623
http://dx.doi.org/10.1109/MHS.1995.494215
http://dx.doi.org/10.1109/34.993553
http://dx.doi.org/10.1109/TPAMI.2007.70733
http://dx.doi.org/10.1109/34.993553

[19]
[20]
[21]
[22]
[23]
[24]

[25]

http://dx.doi.org/10.1109/TSMCB.2003.817091
Jang, J.-S.R. (1993) ANFIS: Adaptive-Network-Based Fuzzy Inference System. IEEE Transactions on Systems, Man,
and Cybernetics, 23, 665-685. http://dx.doi.org/10.1109/21.256541

Jiang, M., Ding, Y., Goertzel, B., et al. (2014) Improving Machine Vision via Incorporating Expectation-Maximization
into Deep Spatio-Temporal Learning. International Joint Conference on Neural Networks (IJCNN), Beijing, 6-11 July
2014, 1804-1811.

Jiang, M., Zhou, C. and Chen, S. (2010) Embodied Concept Formation and Reasoning via Neural-Symbolic Integration.
Neurocomputing, 74, 113-120. http://dx.doi.org/10.1016/j.neucom.2009.11.052

Wu, Y., Jiang, M., Huang, Z., et al. (2015) An NP-Complete Fragment of Fibring Logic. Annals of Mathematics and
Artificial Intelligence, 75, 391-417. http://dx.doi.org/10.1007/s10472-015-9468-4

Jiang, M., Yu, Y., Chao, F., et al. (2013) A Connectionist Model for 2-Dimensional Modal Logic. IEEE Symposium on
Computational Intelligence for Human-Like Intelligence (CIHLI), Singapore, 16-19 April 2013, 54-59.

Jiang, M., Yu, Y., Liu, X,, et al. (2012) Fuzzy Neural Network Based Dynamic Path Planning. International Confe-
rence on Machine Learning and Cybernetics (ICMLC), Xi’an, 15-17 July 2012, 326-330.

Chao, F., Lee, M.H., Jiang, M., et al. (2014) An Infant Development-Inspired Approach to Robot Hand-Eye Coordina-
tion. International Journal of Advanced Robotic Systems, 11. http://dx.doi.org/10.5772/57555

Chao, F., Chen, F., Shen, Y., et al. (2014) Robotic Free Writing of Chinese Characters via Human-Robot Interactions.
International Journal of Humanoid Robotics, 11, 1450007. http://dx.doi.org/10.1142/S0219843614500078

Jiang, M., Huang, W., Huang, Z. and Yen, G.G. (2015) Integration of Global and Local Metrics for Domain Adapta-
tion Learning via Dimensionality Reduction. IEEE Transactions on Cybernetics, PP, 1-14.



http://dx.doi.org/10.1109/TSMCB.2003.817091
http://dx.doi.org/10.1109/21.256541
http://dx.doi.org/10.1016/j.neucom.2009.11.052
http://dx.doi.org/10.1007/s10472-015-9468-4
http://dx.doi.org/10.5772/57555
http://dx.doi.org/10.1142/S0219843614500078

	Particle Swarm Optimization Based Algorithm for Conditional Probability Neural Network Learning
	Abstract
	Keywords
	基于粒子群优化的条件概率神经网络
	摘  要
	关键词
	1. 引言
	2. 背景知识
	2.1. 问题描述
	2.2. CPNN算法描述

	3. 基于PSO的CPNN
	3.1. PSO概述
	3.2. PSO-CPNN

	4. 实验
	4.1. 设计与说明
	4.2. 结果与分析

	5. 总结和展望
	基金项目
	参考文献 (References)

