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Face Recognition Algorithm Based on Combination of Convolutional Neural Networks

and Extreme Learning Machine

Yu Dan, Wu Xiaojun

(School of Internet of Things Engineering, Jiangnan University, Wuxi, 214122, China)

Abstract: Convolutional neural networks are good at learning features, but not always optimal for classifi-
cation, while extreme learning machines are good at producing decision surfaces from well-behaved fea-
ture vector, but cannot learn complicated invariances. Based on the advantages and disadvantages of con-
volutional neural networks and extreme learning machine, we present a hybrid system where a convolu-
tional neural network is trained to extract features and an extreme learning machine is trained from the
features learned by the convolutional neural networks to recognize faces. We also propose prefix part of
the filters in the convolutional layers to reduce parameters for improving the recognition accuracy. The
experimental results obtained on the ORL and XM2VTS databases show that the proposed method can
effectively improve the performance of face recognition, and the method of prefixing part of the filters is
better than the method of stochastic filters in small training data.
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Fig. 1 Schematic representation of the combination of convolutional neural network and extreme learning ma-
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3.1 ORL E®y ABEiRBILE

ORL AJi B4 2 Bt AT&.T Laboratories Cambridge £ i, & A K P31 b & I i 550006 22 408 e o
A 400 M EGR 40 A 10 IR BR D 112X92 R R B K B 188 . BEOR 48 85T AN [ 9 1 1]
A —E T AT AZ AL O B AL S5 L RE % 5 1 1l S i — S AN TR 1) 722 A R 22 S
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Iy AT AT i S5 . EAR SCHR A AEOEE R 112 X092 BA5 2 N R BRI L 55 1 AN HRAE 112 (C
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SRR A B R A AR . O T SRR AR SO R A RO 2 008 A B 2 T AL BRI 8 I 4% R AR Sy 1
HEAT T 92 5, Hoh AR BR 27 20 HL Y 3 28 Re AR Gl 5 5 ) B B2 B J7 18l (Histogram of oriented gradient,
HOG) ™" 1 25 18 5 46 FRUAL (0 52 W) 3 590 XoF B AL 7= A 45 B R [ 72 35 40 46 B 1 O a0 E AT 17 38 58 - (D)
BEML ™ 5B B AR Gl S REAR U R R S 80 (2O 58 1 28 BUZ R B @ 1946 U7 X (FFT, Wavelet,
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Tab.1 Performance comparison of different methods on ORL

UE RIS

J5 i BRI TRAETT
3 4 5 6 7

ELM 0.753 6 0.833 3 0.860 0 0.912 5 0.933 3
SRC 0.793 6 0.8750 0.8850 0.937 5 0.941 7
FV 0.767 9 0.850 0 0.845 0 0.887 5 0.908 3
CNNs Max-pooling 0.692 9 0.787 5 0.840 0 0. 900 0 0.916 7
CNNs Average-pooling 0.757 1 0.829 2 0.865 0 0.931 3 0.933 3
CNNs Stochastic-pooling 0.753 6 0.833 3 0. 860 0 0.918 7 0.941 7
CNNs Lp-pooling 0.757 1 0.837 5 0.870 0 0.937 5 0.958 3
CNNs+ELM il Max-pooling 0.757 1 0.837 5 0.880 0 0.943 7 0.966 7
CNNs+ELM Average-pooling 0.775 0 0.841 7 0.920 0 0.962 5 0.975 0
CNNs+ELM Stochastic-pooling 0.757 1 0.837 5 0.895 0 0.950 0 0.966 7
CNNs+ELM Lp-pooling 0.789 3 0.845 8 0.9250 0.968 8 0.983 3
CNNs Max-pooling 0.700 0 0.795 8 0.845 0 0. 900 0 0.916 7
CNNs Average-pooling 0.760 7 0.837 5 0.880 0 0.9250 0.9250
CNNs Stochastic-pooling 0.753 6 0.833 3 0.870 0 0.918 7 0.933 3
CNNs - Lp-pooling 0.775 0 0.8417 0.885 0 0.937 5 0.958 3
CNNs—+ELM B Max-pooling 0.792 9 0.8417 0.890 0 0.943 7 0.966 7
CNNs+ELM Average-pooling 0.814 3 0.866 7 0.925 0 0.962 5 0.975 0
CNNs+ELM Stochastic-pooling 0.803 6 0.858 3 0.895 0 0.956 3 0.966 7
CNNs+ELM Lp-pooling 0.8179  0.8750 0.9300 0.9688  0.983 3
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x2 AEFEE XM2VTS AR FE E SR8 RYIRR) &
Tab.2 Performance comparison among different methods on XM2VTS
ik BEE TR NERHAR
3 4 5 6 7
ELM 0.745 8 0.830 5 0.894 9 0.889 8 0.935 6
SRC 0.753 2 0. 848 3 0.897 2 0.906 8 0.922 0
FV 0.7559 0.847 5 0.898 3 0.905 1 0.928 8
CNNs Max-pooling 0.678 0 0.834 7 0.888 1 0.906 9 0.925 4
CNNs Average-pooling 0.748 5 0.837 3 0.894 9 0.911 8 0.935 6
CNNs Stochastic-pooling 0.747 1 0.835 6 0.892 7 0.908 5 0.932 2
CNNs Lp-pooling 0.750 5 0.841 5 0.896 0 0.913 6 0.935 6
CNNs—+ELM b Bl Max-pooling 0.750 5 0.842 4 0.897 2 0.913 6 0.939 0
CNNs+ELM Average-pooling 0.7553  0.8475 0.9062 0.9169  0.949 2
CNNs+ELM Stochastic-pooling 0.753 2 0.844 9 0.904 0 0.915 3 0.939 0
CNNs+ELM Lp-pooling 0.7559  0.8517 0.9107  0.9222  0.959 3
CNNs Max-pooling 0.711 8 0.848 3 0.896 0 0.906 9 0.928 8
CNNs Average-pooling 0.750 5 0.856 8 0.904 0 0.911 8 0.939 0
CNNs Stochastic-pooling 0.754 8 0.856 8 0.902 8 0.910 2 0.932 2
CNNs Lp-pooling 0.7525 0.8585  0.9051 0.9136  0.909 0
CNNs—+ELM 2 Max-pooling 0.7525 0.858 5 0.905 1 0.916 9 0.935 6
CNNs+ELM Average-pooling 0.7675 0.8610 0.9096  0.9203  0.949 2
CNNs+ELM Stochastic-pooling 0.756 8 0.859 3 0.908 5 0.918 6 0.945 8
CNNs+ELM Lp-pooling 0.779 7 0.866 1 0.915 2 0.922 0 0.952 5
1.001 1.001 1.001
0.95F 0.95} 0.95}
0.90F
e 5 0.90F 5 0.90f
Eé 083 —ELM % 0.85f % 0.85F —— Max-pooling
0.80] e SNNE;ELM —— Bl - 1sxtverlallget-_pooli1}g
0.75 T SRC 0.80} — e 0.80} = Stochastic-pooling
0.70, 0.7
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Fig. 3 Performance comparison of different methods on XM2VTS

4 LERIE

AR SO A s AUl 2 ) 2% A B 2 >0 BILAR 485 2 B9 NIRRT 2k + 1% 07 36 38 20 M T 6 RO 42 T 2%
FA A Il B BBURE T3 R FR~ I BLR 20 R BE T - 25 1 PIE RO D3 O 4R 0 17 [ B 00 4 AR 1 T Ok 2 5
N GRAE A D I B RO 3R [RS8 T AN [ 7 SRR D7 36 6P R R B e . SE R A5 R T 45 5 7 ik AL
A DL S I G AR A i SR T 46 BB A 7 3L SR T B LS BURZ 1 7 0RO o LA L S350 K
BEAS[A] (9 7 R AE T 3545 2 45 R A ] ISR A4 7 SRR 5 3k A8 BURG A BE AT 21 B v 19 R0 R X A
] i T it — 2 F I



A E AR Z ML IR F T HARLE S ARIRR F 1003

S E 3k

[1] LeCun Y. Bottou L, Bengio Y, et al. Gradient-based learning applied to document recognition[]J]. Proceedings of the IEEE,
1998, 86(11) . 2278-2324.

[2] Ossama A H, Mohamed A R, Jiang H, et al. Applying convolutional neural networks concepts to hybrid NN-HMM model
for speech recognition[ C]// 2012 IEEE International Conference on Acoustics, Speech and Signal Processing. Kyoto, Japan:
IEEE Computer Society Press, 2012:4277-4280.

[3] Turaga S C, Murray J F, Jain V, et al. Convolutional networks can learn to generate affinity graphs for image segmentation
[J]. Neural Computation, 2010, 22(2): 511-538.

[4] Krizhevsky A, Sutskever I, Hinton G E. Image net classification with deep convolutional neural networks[ J]. Advances in
Neural Information Processing Systems, 2012,25(2): 1097-1105.

[5] Ciresan D, Meier U, Schmidhuber J. Multi-column deep neural networks for image classification[ C] /2012 IEEE Conference
on Computer Vision and Pattern Recognition. [S. 1. J: IEEE Computer Society Press, 2012 3642-3649.

[6] Arel I, Rose D C, Karnowski T P. Deep machine learning— A new frontier in artificial intelligence research[J]. Computa-
tional Intelligence Magazine, 2010, 5(4). 13-18.

[7] Burges CJ C. A tutorial on support vector machines for pattern recognition[ J]. Data Mining and Knowledge Discovery,
1998, 2(2): 121-167.

[8] ReT, /MR T 5. CRrm R ALNH A K8 PRI 0], RGE5 4R 2009, 21(12):3617-3620.

Song Xiaoning, Wu Xiaojun, Yang Jingyu., et al. Research on new classifier algorithms for support vector machine[ J]. Jour-
nal of System Simulation, 2009,21(12):3617-3620.

[9]  ARKAE . SEoRss. — B SORTT 3 iy SR my i ML R LT ], B R S AL B, 2015, 30(2) : 434-440.,

Zou Yongxiang, Wu Zongliang. Generalized C-support vector machine algorithm[J]. Journal of Data Acquisition and Pro-
cessing, 2015,30(2) :434-440.

[10] ZE3& 7. ZniE. BT uoH 28 2% 20 iE & R B L L), B R 5403, 2014,29(5) : 730-734,

Xi Ji, Zhao Li, Zuo Jiakuo. Speech emotion recognition based on modified multiple kernel learning algorithm[J]. Journal of
Data Acquisition and Processing,2014,29(5): 730-734.

[11] Huang F J, Yann L C. Large-scale learning with SVM and convolutional networks for generic object recognition[ C] // 2006
IEEE Computer Society Conference on Computer Vision and Pattern Recognition. [S. L. ]: IEEE Computer Society Press.
2006:284-291.

[12] Huang G B, Zhu Q Y, Siew C K. Extreme learning machine;: A new learning scheme of feedforward neural networks[ C]//
2004 TEEE International Joint Conference on Neural Networks. [S.1.]: IEEE Computer Society Press, 2004: 985-990.

[13] Huang G B, Zhu Q Y, Siew C K. Extreme learning machine: Theory and applications[J]. Neurocomputing, 2006, 70(1) ;
489-501.

[14] Huang G B, Ding X J, Zhou H M. Optimization method based extreme learning machine for classification[J]. Neurocomput-
ing, 2010, 74(1). 155-163.

[15] Wang Chao, Yang Jucheng, Chen Yarui, et al. Image latent semantic analysis based face recognition with ensemble extreme
learning machine[ C]// 2014 IEEE Computing, Communications and IT Applications Conference. Beijing, China: IEEE Com-
puter Society Press, 2014 300-304.

[16] Sermanet P, Chintala S, LeCun Y. Convolutional neural networks applied to house numbers digit classification[ C] //21st In-
ternational Conference on Pattern Recognition. Sukuba, Japan: IEEE Computer Society Press, 2012: 3288-3291.

[17] Huang G B, Chen L, Siew C K. Universal approximation using incremental constructive feedforward networks with random
hidden nodes[J]. TEEE Transactions on Neural Networks, 2006, 17(4); 879-892.

[18] Widrow B, Greenblatt A, Kim Y, et al. The no-prop algorithm: A new learning algorithm for multilayer neural networks
[J]. 1IEEE Transactions Neural Networks, 2013, 37 182-188.

[19] Dalal N, Triggs B. Histograms of oriented gradients for human detection[C] // 2005 IEEE Computer Society Conference on
Computer Vision and Pattern Recognition. San Diego, CA, USA: IEEE Computer Society Press, 2005.: 886-893.

[20] Wright J, Yang A Y. Ganesh A, et al. Robust face recognition via sparse representation[ J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence,2009,31(2):210-227.

[21] Csurka G, Perronnin F. Fisher vectors: Beyond bag-of-visual-words image representations M. Berlin: Springer Berlin Hei-
delberg, 2011 28-42.

EEE -

FF 990 . & A L BT SNE (1967, B, H#7.
ARG T N LR RS WE5ET7 |« i AL s B
BRG] E-mail: yudan - Bk e AU B N L
jlangsu@163. com, [




1004 HIEREEHLA®E Journal of Data Acquisition and Processing Vol. 31,No. 5, 2016



