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Smooth principal component analysis network image recognition

algorithm with fusion graph embedding
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2. Fundamental Experiment Teaching Department, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China)

Abstract; PCANet ( principal component analysis network ) is a simple deep learning algorithm with excellent performance in the field of

image recognition. Integrating the idea of graph embedding into PCANet, a new image recognition algorithm Smooth-PCANet was proposed. In order

to verify the effectiveness of the Smooth-PCANet algorithm, adequate experiments were performed on different data sets such as face, handwritten

characters, and images. Compared with several image recognition algorithms based on deep learning, the experiments demonstrated that the Smooth-

PCANet achieves higher recognition performance than the PCANet and avoids overfitting more effectively, with a significant advantage in small

samples training.
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Fig.2 Samples of one person from AR database
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Tab.1 Performance of each algorithm on AR dataset

%
B4R s, :Sunglass s, : Scarf s, :lllum & Exps s, :Sunglass s, :Scarf Sy
CNN -2 layer 22.33 9.33 81.43 10. 00 4.01 37.21
LeNet 17.67 14.01 73.86 12.67 6.33 35.21
AlexNet 6.34 4.33 57.01 5.33 3.33 24.06
VGG -19 4.01 5.33 71.57 4.67 3.67 29.16
PCANet 98.33 92.00 98. 86 77.00 72.00 90. 00
Smooth-PCANet (d) 99.67 94.33 97.86 81.33 73.67 91.16
Smooth-PCANet (m) 99.00 94.33 98.86 80.00 75.67 91.53
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Tab.2 Performance of each algorithm on MNIST datasets

with different training sample sizes

%
o A B 20 OOO‘ Ulléﬁ#ﬂi 2 OOO?IIZE#ZIR
I A 5 I A 5

CNN 93.91 85.80
LeNet 98.72 94.64
AlexNet 98.62 97.10
VGG - 19 98.72 93.20
PCANet 97.90 93.70
Smooth-PCANet(d) 98.55 97.65
Smooth-PCANet(m) 97.90 94.10
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Fig.5 Recognition accuracy of each algorithm on CIFAR 10

Yﬁfﬁ$/ %



« 22 .

e AN o 4

5544

F R R 2 B0 S 5~ A7 A3 W28 52 2k I v

FER RS ER T NGRS B A 1t
PG AFE R, A SCHE— R o] 5 B TR B 27 > M 4%
PCANet I, 38 2 il & e A G AR 48 T
Smooth-PCANet KGR 31 532 , I 53 3l 76 A [
PRt b5 A I AT X S e, S A AR
B , Smooth-PCANet SZ P T %} PCANet {197 3% 2X
R BRI 1 7 ) B A P T R
X FEH PRI PERE L B = ; [A] PCANet —#F,

Smooth-PCANet 7E/MEZRT)!

R4 ] LU A0 A

AU, SEGE 2 M AH LA L
2 % 3Lk ( References)

(1]

[10]

SHI Y C, YU X, SOHN K, et al. Towards universal
representation learning for deep face recognition [ C ]//
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, 2020 6817 —6826.

CHENG X L, XIONG H, FAN D P, et al. Implicit motion
handling for video camouflaged object detection [ C ]//
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, 2022.

JHA B K, SIVASABKARI G G, VENUGOPAL K R. E-
commerce product image classification using transfer
learning[ C]//Proceedings of the 5th International Conference
on Computing Methodologies and Communication, 2021
904 -912.

BONGRATZ F, RICKMANN A M, POLSTERL S, et al.
Vox2Cortex: fast explicit reconstruction of cortical surfaces
from 3D MRI scans with geometric deep neural networks[ C]//
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, 2022.

KIM E, KIM S, SEO M, et al. XProtoNet: diagnosis in chest
radiography with global and local explanations [ C ]//
Proceedings of IEEE/CVF Conference on Computer Vision
and Pattern Recognition, 2021 15719 — 15728.

ZHANG S F, CHI C, YAO Y Q, et al. Bridging the gap
between anchor-based and anchor-free detection via adaptive
training sample selection [ C ]//Proceedings of IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
2020 9759 -9768.

LOWE D G. Object recognition from local scale-invariant
features [ C |//Proceedings of the 7th IEEE International
Conference on Computer Vision, 1999.

DALAL N, TRIGGS B. Histograms of oriented gradients for
human detection[ C]//Proceedings of IEEE Computer Society
Conference on Computer Vision and Pattern Recognition,
2005.

MARTINEZ A M, KAK A C. PCA versus LDA[J].
Transactions on Pattern Analysis and Machine Intelligence,
2001, 23(2): 228 -233.

BELHUMEUR P N, HESPANHA J P, KRIEGMAN D J.

Eigenfaces vs. Fisherfaces: recognition using class specific

IEEE

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

linear projection[ J ]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 1997, 19(7) : 711 -720.

LECUN Y, BOTTOU L, BENGIO Y, et al. Gradient-based
learning applied to document recognition[ C]//Proceedings of
the IEEE, 1998, 86(11) : 2278 -2324.

KRIZHEVSKY A, SUTSKEVER I, HINTON G E. ImageNet
classification with deep convolutional neural networks [ J].
Communications of the ACM, 2017, 60(6) : 84 —90.
SIMONYAN K, ZISSERMAN A. Very deep convolutional
networks for large-scale image recognition [ C ]//Proceedings
of International Conference on Learning Representations,
2015.

CHANT H, JIA K, GAO S H, et al. PCANet: a simple
deep learning baseline for image classification? [ J]. TEEE
Transactions on Image Processing: a Publication of the IEEE
Signal Processing Society, 2015, 24(12) ; 5017 -5032.

NG C J, TEOH A B J. DCTNet: a simple learning-free
approach for face recognition [ C ]//Proceedings of Asia-
Pacific Signal and Information Processing Association Annual
Summit and Conference ( APSIPA), 2015 761 —768.

LOW CY, TEOH A B J, TOH K A. Stacking PCANet + ; an
overly simplified ConvNets baseline for face recognition[ J].
IEEE Signal Processing Letters, 2017, 24 (11). 1581 -
1585.

XI M, CHEN L, POLAJNAR D, et al. Local binary pattern
network ; a deep learning approach for face recognition[ C]//
Proceedings of IEEE International Conference on Image
Processing, 2016 3224 -3228.

HE X F, NIYOGI P. Locality preserving projections [ C]//
Proceedings of the 7th Annual Conference on Neural
Information Processing Systems, 2003.

ROWEIS ST, SAUL L K. Nonlinear dimensionality reduction
by locally linear embedding [ J]. Science, 2000, 290 (5500 ) :
2323 -2326.

CAI D, HEX F, HU Y X, et al. Learning a spatially smooth
subspace for face recognition [ C ]//Proceedings of TEEE
Conference on Computer Vision and Pattern Recognition,
2007.

ZUO W M, LIU L, WANG K Q, et al. Spatially smooth
subspace face recognition using LOG and DOG penalties[ C]//
Proceedings of the 6th International Symposium on Neural
Networks, 2009 ;: 439 —448.

ZHANG Q, LI B X. Discriminative K-SVD for dictionary
learning in face recognition [ C ]//Proceedings of IEEE
Computer Society Conference on Computer Vision and Pattern
Recognition, 2010: 2691 —2698.

LEE K C, HO J, KRIEGMAN D J. Acquiring linear
subspaces for face recognition under variable lighting [ J].
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2005, 27(5) : 684 —698.

LAROCHELLE H, ERHAN D, COURVILLE A, et al. An
empirical evaluation of deep architectures on problems with
many factors of variation [ C ]//Proceedings of the 24th
International Conference on Machine Learning, 2007 . 473 —
480.

HINTON G E, SALAKHUTDINOV R R. Reducing the
dimensionality of data with neural networks [ J].

2006, 313(5786) : 504 —507.

Science,



