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Abstract
through transferring extreme learning machine (ELM) parameters is proposed in this paper. The core idea is projecting

In allusion to transfer learning problem with a small number of labeled samples, a domain adaption method

the target ELM parameters on to the source and making the parameters maximally aligned with the source. In addition,
considering the transformation may cause negative transfer, a regular term is added to the objective function. Unlike
the existing domain adaption method, the parameters of classifier and the transformation matrix can be calculated
simultaneously, and the objective function can be easily solved. Experiments demonstrate the proposed method has

potential advantages in terms of accuracy and efficiency compared to the state-of-the-art approaches.
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Table 1  The application comparison between DAPT

and previous methods
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Table 2 Accuracy for all the methods when using BOVW feature (%)

SVMs SVMt ELMs ELMt ARC-t GFK HFA MMDT DAPT.n DAPT

a—w 30.30 50.02 40.21 69.42 56.77 57.10 55.71 64.85 63.60 70.25
a—d 32.20 47.28 38.66 56.42 54.37 54.14 50.18 54.37 50.75 58.19
a—cC 39.55 26.50 42.23 35.99 31.66 37.95 37.03 39.73 31.96 44.29
w—a 28.42 39.28 38.42 52.73 43.28 41.25 43.44 50.47 48.79 54.82
w—d 63.74 45.63 70.16 55.28 55.91 75.51 71.29 62.72 52.76 71.93
wW—C 24.55 26.15 33.31 33.74 30.50 31.59 31.92 34.81 30.45 38.66
d—a 31.54 39.29 38.49 51.16 42.76 40.52 42.45 50.40 47.52 53.98
d—w 66.06 47.45 80.74 67.96 59.64 80.27 78.33 74.30 62.68 81.92
d—c 27.72 26.28 33.80 36.52 31.29 33.97 33.52 35.83 31.43 40.56
c—a 37.18 38.57 44.76 52.06 44.88 38.38 44.11 51.00 48.83 55.98
c—w 26.83 48.49 36.34 67.68 55.89 52.24 55.90 62.81 62.25 69.17
c—d 34.53 45.98 40.63 57.09 54.76 57.45 50.64 52.68 49.09 59.17
acc (%) 36.88 40.08 44.81 53.00 55.77 50.03 49.54 52.83 48.34 58.24
time (s) 0.059 0.009 0.17 0.15 4.0245 0.264 3.26 0.485 0.18 0.19
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Table 3  Accuracy for all the methods when using deep feature (%)

SVMs SVMt ELMs ELMt ARC-t GFK HFA MMDT DAPT.n DAPT

a—w 72.81 82.00 77.53 89.92 91.04 92.41 90.23 90.92 92.47 92.83
a—d 75.12 84.29 82.17 92.60 93.31 93.76 94.19 93.58 94.76 95.00
a—c 76.00 67.35 80.01 76.03 76.83 81.13 80.05 81.38 78.59 82.14
w—a 72.54 79.82 79.46 86.97 87.80 89.62 87.91 88.85 89.83 90.90
w—d 92.24 83.74 95.43 90.94 92.68 97.96 96.25 95.24 94.45 98.46
w—C 66.94 65.32 70.86 75.95 77.70 79.12 75.40 76.47 78.28 81.50
d—a 79.26 78.39 83.64 86.74 86.96 89.07 87.21 87.33 90.09 91.70
d—w 92.11 80.53 96.32 89.15 90.42 98.02 96.65 96.00 92.21 98.34
d—c 73.41 67.08 76.51 76.03 77.96 79.77 76.67 75.54 78.83 82.41
c—a 80.29 79.57 86.50 86.16 87.13 88.94 87.92 89.14 89.25 90.91
c—wW 70.66 82.66 74.17 89.38 90.36 90.71 89.33 89.64 91.79 92.34
c—d 76.93 84.33 81.50 90.51 91.77 90.80 90.78 91.02 93.11 93.82
acc (%) 77.36 77.92 82.01 85.87 87.00 89.27 87.72 87.93 88.64 90.86
time (s) 0.204 0.039 0.61 0.55 6.67 13.55 9.26 2.84 1.66 1.74

5, Caltech S B A 9 T % HLAHEAE I /N 4035 o
SERIH, Bt T A 1) EE H bR — [

KMFEARR ne = 10, FIRERBEARRR DS w0 /—/*/I?‘\\
Bt ngy = 5,10, 20, 50,100, 150. 2) [& 2 B bpi A — o - %
KEREARE n, = 50, JEIRAT HRE AR 49 B e .

BT T
3074%‘/_4\‘

ny = 5,10,15,20,25,30 . XFF LA LB L, H

TAAEEAS A EE 5 b H AR R4, R D S 2 g | TSV
EH 25 ANIAREA. SEERHOR A T 256 2EH I 20 —+ ELMs
20 AT, T ARC-t 5 HFA “RigE AL - Dar
SRR, AIRIAN KM, S o ——NbT
RETH 2. I —e DAPT_
M 2 FTUAF th: 1) DAPT B9 n, 53 n, o5 m 2 50 100 150

e/, AR T HA S, L E 2T DAIKEI B i g
JE: 2) RIMAIENE) DAPT n 7p JOR B/ N T
DAPT, I HE M E UL, 20 2KK /N T SVME 5 60

%
ELMt, 3 7 FUEAS I il: 3) Ax3C DAPT J5ik ‘%
TEREARRASARIN, 15 31 9 53 S KL T HoAb T7 »
1, ARSI RAEA R EOIREORFFIE 2 ’
W

40
23 BHILE N S
—e— SVMt
DAPT vk i S5 B 1Y 5 J0A B2 45 108 Wl T EoM
L VARTESI RS C1, Cy , A77PA office-caltech256 | :S/[I;\?DT
BRI SHX G, B EABHR . ¥, B ol oA
£ Ch, Co, BRTE L B 5 KE5 RN H R ! T
Ci = 2000, Cy = 2000, L 43518 17 AN, HEUHE n
Y 20 1 1000, § 1 T i UL SEF 9560, X ®
12 S REAT T 400, K 5 4145 Rl 12 bing-caltech HHRH<5 SHETE

L {221 1| 3. MR 3 ] PAE i, fRd o3 Fig.2 The accuracy on bing-caltech dataset



316 H | 4 ¥ i 44 %
90 (% Pem TRAR A G RS Y. YA H AR
80 TR P E AR B T AR S EN RS A M, I H L
70 SRR R A T B, S 20 B L 30 TR SR VA A I [ e
@ /Vm— B LR R 3. BAZA SO PR B Bk R0 2] ),

0 /»/:::N T MERE R R RIS, ST H R
Saof .. FRAEREAS B 27 2] ) T T Bt — DR 5T
w0l S
I e d—a References
20 —+—c—d
10 B v a—w 1 Zhuang Fu-Zhen, Luo Ping, He Qing, Shi Zhong-Zhi. Sur-
L ——dow vey on transfer learning research. Journal of Software, 2015,
00700 200 300 400 500 600 700 00 900 26(1): 2639
900 1000 = ) N . o
L (FEA& IR, B, (i, SBA. iR ok, SRikaEdl, 2015,
‘ ‘ 26(1): 26—39)
B3 ks ielt L 28 2
Fig.3 The accuracy curves varying with L 2 Pan S J, Yang Q. A survey on transfer learning. IEEE Trans-
actions on Knowledge and Data Engineering, 2010, 22(10):
% 1345—1359

75

acc

C,= 10000

35

1000

30—
1 10 10

C

K4 C1 15 Cx AFBUE TR 2

Fig.4 The accuracy curves varying with C; and Cs2

FRIRE BERAME AN L 2l 200 72 45 b sl BE 1 3] d5e 4 O H
JE, Wl ARSEIE N, HOREBEAREAS K, T Bl ) 245 2%
SR Z, NGRr T E. RUL, FEH 2 E X
FRAE T, K BROHUZ 45 B0 200 £247 A H.

B L = 200, 158 Cy, Cy 43 HIHL 1, 10, 100,
1000, 2000, 10000 A 550 ZEE 01 K 5. SRS
1 [F RS2 BOVW [ 800 ZE454iF. #E1T 36 £H 52
B, KR TR 4, YARFR A NG, M Ha]
PAVRZER], 24 C) BUE/NT 2000 I}, 4245 4 i
Cy BRI Co BUE AR X 43 2K B 1 52
BRI/, %4 C BUA KT 2000, Cy BUEFE 1000
52000 Z[ajaf, sr2esh i nT AR E R B RS

3 i

B D BAREAE AR IR 22 ) I, A
H R R R T AR R ) LS BT R 1A Bl B 5
5. FFHARER ELM 73 2885 250 2 S 2
ZE[a) r ERANEY 2 2RER S RO RE A, [
IS a7 NS s A Y = R AN ) NSURIEL

10 000

3 Weiss K, Khoshgoftaar T M, Wang D D. A survey of transfer
learning. Journal of Big Data, 2016, 3(1): Article No.9

4 Wang C, Mahadevan S. Heterogeneous domain adaptation
using manifold alignment. In: Proceedings of the 22nd
International Joint Conference on Artificial Intelligence.
Barcelona, Spain: AAAI, 2011, 2: 1541—1546

5 Domeniconi G, Moro G, Pagliarani A, Pasolini R. Markov
chain based method for in-domain and cross-domain senti-
ment classification. In: Proceedings of the 7th International
Joint Conference on Knowledge Discovery, Knowledge Engi-
neering and Knowledge Management (IC3K). Lisbon, Por-
tugal: IEEE, 2015. 127—-137

6 Kulis B, Saenko K, Darrell T. What you saw is not what
you get: domain adaptation using asymmetric kernel trans-
forms. In: Proceedings of the 2011 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Provi-
dence, RI, USA: IEEE, 2011. 1785—1792

7 Duan L X, Xu D, Tsang I W. Learning with Augmented
Features for Heterogeneous Domain Adaptation. In: Pro-
ceedings of the 29th International Conference on Machine
Learning. Edinburgh, UK: ARXIV, 2012. 711-718

8 Zhu Y, Chen Y, Lu Z, Pan S J, Xue G R, Yu Y, Yang Q.
Heterogeneous Transfer Learning for Image Classification.
In: Proceedings of the 25th AAAI Conference on Artificial
Intelligence. San Francisco, USA: AAAI, 2014. 1717—1724

9 Oquab M, Bottou L, Laptev I, Sivic J. Learning and trans-
ferring mid-level image representations using convolutional
neural networks. In: Proceedings of the 2004 IEEE Confer-
ence on Computer Vision and Pattern Recognition (CVPR).
Columbus, OH, USA: IEEE, 2014. 1717—1724

10 van Opbroek A, Ikram M A, Vernooij M W, de Bruijne
M. Transfer learning improves supervised image segmenta-
tion across imaging protocols. IEEE Transactions on Medi-
cal Imaging, 2015, 34(5): 1018—1030



24 VRBUMES: ST R S LS B R i e B 53k 317

11

12

13

14

15

16

17

18

19

Shu Xing, Yu Hui-Min, Zheng Wei-Wei, Xie Yi, Hu Hao-Ji,
Tang Hui-Ming. Classifier-designing algorithm on a small
dataset based on margin Fisher criterion and transfer learn-
ing. Acta Automatica Sinica, 2016, 42(9): 1313—1321
(FPIRE, TR0 A6, 9928, WIR 5, 9. BT 4P Fisher
HENFE RS 2] W /MEA SR 43 Je 28 BT BV, B3l Mk2EdR, 2016,
42(9): 1313—1321)

Nam J, Kim S. Heterogeneous defect prediction. In: Pro-
ceedings of the 10th joint Meeting on Foundations of Soft-
ware Engineering. Bergamo, Italy: ACM, 2015. 508—519

Saenko K, Kulis B, Fritz M, Darrell T. Adapting visual cat-
egory models to new domains. In: Proceedings of the 11th
European Conference on Computer Vision: Part IV. Herak-
lion, Greece: Springer, 2010. 213—226

Gong B Q, Shi Y, Sha F, Grauman K. Geodesic flow ker-
nel for unsupervised domain adaptation. In: Proceedings of
the 2012 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). Providence, RI, USA: IEEE, 2012.
2066—2073

Hoffman J, Rodner E, Donahue J, Darrell T, Saenko K. Effi-
cient learning of domain-invariant image representations. In:
Proceedings of the 2013 International Conference on Learn-
ing Representations. Arizona, USA, 2013.

Huang G B, Zhu Q Y, Siew C K. Extreme learning machine:
a new learning scheme of feedforward neural networks. In:
Proceedings of the 2004 IEEE International Joint Confer-
ence on Neural Networks. Budapest, Hungary: IEEE, 2004,
2: 985—990

Horata P, Chiewchanwattana S, Sunat K. Robust extreme
learning machine. Neurocomputing, 2013, 102: 31—44

Huang G, Song S J, Gupta J N D, Wu C. Semi-supervised
and unsupervised extreme learning machines. IEEE Trans-
actions on Cybernetics, 2014, 44(12): 2405—2417

Bergamo A, Torresani L. Exploiting weakly-labeled Web im-
ages to improve object classification: a domain adaptation
approach. In: Proceedings of the 23rd International Confer-
ence on Neural Information Processing Systems. Vancouver,
British Columbia, Canada: Curran Associates Inc., 2010.
181—189

VFBUEE  AHiE LA E S LRAE
WA BT O R A R AL
HEAR. ARICEFEE

E-mail: xu_suhui@163.com

(XU Su-Hui Ph.D. candidate in the
Department of Information Engineer-
ing, Rocket Force University of Engi-
neering. Her main research interest is

remote sensing image processing. Corresponding author of

this paper.)

Y 7,

A

RERE AHELBERFEE LA
. EEHETE T A R e R R P S T
AR,

E-mail: muxiaodong402@163.com
(MU Xijao-Dong  Professor in the
Department of Information Engineer-
ing, Rocket Force University of Engi-
neering. His research interest covers in-

telligent information processing and computer simulation.)

& doatins TREARTR .0
PRI, b, TR oA R e S BAL
#. E-mail: chaibaodong@126.com

(CHAI Dong Ph.D, Engineer at
Beijing Aeronautical Technology Re-
search Institute. His main research
interest covers intelligent information

processing.)

T SETERRFP 25 b
g A W5 A AR B AL
. E-mail: luochang1988@126.com
(LUO Chang Ph.D. candidate at
the Air and Missile Defense College, Air
Force Engineering University. His main
research interest is intelligent informa-
tion processing.)



