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Deep Clustering Method Based on Unsupervised Visual Features Learning
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Abstract: Despite recent progress in features extraction using deep conventional auto-encoders, which have
greatly benefited image clustering analysis with the satisfying clustering results on several simple image-
datasets. However, the representation ability of the conventional auto-encoders is quite limit when they
capture local features of complex and low-quality images. Therefore, a novel deep clustering method
combining with visual features learning is proposed,i.e., the convolutional auto-encoder with an asymmetric
structure (ASCAE) , in which an asymmetric convolutional auto-encoder is used to learn feature
representation, and then K-means algorithm performs clustering analysis for these learned features. To further
improve the representation suitability for downstream clustering tasks, ASCAE method adopts strided
convolution layers, and minimizes the reconstruction error of whole network regularized by L, error between
the left and right fully connected layers. Experimental results on seven public image-datasets illustrate that the
network of ASCAE method usually offers better feature representation and brings promising clustering
performance presented by K-means algorithm. Clustering accuracy of ASCAE method is 0.754 and 0.918 on
databases COIL-20 and MNIST, respectively, which is better than four depth clustering methods of the same
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Table 1 Information description of seven image datasets
Dataset Sample Dimension Label Note
COIL-20” 1440 128 X 128 20 Hw ARG A METIE A, KK
MNIST? 70 000 28 X 28 10 TEET AIEE, RER R
usps? 9 298 16 X 16 10 TEET AIEE, RER R
CAS-PEAL-R1Y 200 480 X 360 40 B A RS, a5 50, B SR KE R R
IMM-Face® 240 640 X 480 10 O Pl A7 000 T R A T, A R AR AL A0 R B 6 IR/
WK EE R
BiolD-Face® 156 384 X 286 26 IETAL A R e b A R AR, =N 5 KIE R R
UMISTS? 564 220 X 220 20 R LA 000 TR RIS TR, R s A, Al 15 K BT

Dhittp://www.cs.columbia.edu/CAVE/software/softlib/coil-20.php.

@http://yann.lecun.com/exdb/mnist/.

@https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multiclass.html.

@http://www.jdl.ac.cn/peal/index.html.
®http://www.imm.dtu.dk/~aam/aamexplorer/.
©https://www.bioid.com/About/BiolD-Face-Database.

Dhttps://blog.csdn.net/garfielder007/article/details/51480770.
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Fig.4 2-D visualization of F-layer features of SCAE net-
work on dataset COIL-20
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Fig.5 Clustering performance of ASCAE method with dif-
ferent A on dataset COIL-20
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Fig.6  2-D visualization of F-layer features of ASCAE net-
work on dataset COIL-20
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(a) Original images with similar shapes and chfferent categories

o 1 Y

(b) Reconstruction images generated by ASCAE network
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Fig.8 Images before and after reconstruction of objects

with similar shapes and different categories
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Table 2 Comparison of clustering performances of four 0.90 | "(\ e K :."\,\
A\ i *
algorithms on dataset COIL-20 085 A I &
0.80 x P
Method ACC NMI : b i ‘.\.
KMs'" 0.592 0.767 g 07y : x| Ll
- \ A i 3
DEN"™ 0.725 0.870 07 VoSN
AT 0.65F * R E
SCAE 0.749 0.788 v *
\!
ASCAE 0.754 0.811 0.60r %

ASCAE M % 76 2 B4 4 A AR 4F 19 RFAE 2R
fig 1.
3.2 FEHFHIESE

AZH S AR T 5 B S MNIST F1 USPS [
AT o TEX 2 B4R 4 I, SCAE 1 ASCAE J7 ik
F R O e Nk H AR BR BT (05 X5 A) TE BT I 4% AL
&, R )5 i i K-means B 3% AT R 28, H 5 ek
[10]H A Fp Bk i R PR B LR N 3 -

F3 6T E X TEHIE & MNIST & USPS LB % 488
te %
Table 3 Comparison of clustering performances of six

algorithms on datasets MNIST and USPS

Method MNIST USPS

ACC NMI ACC NMI
KMSH 0.535 0.531 0.535 0.531
AEC! 0.760 0.669 0.715 0.651
IEC™ 0.609 0.542 0.767 0.641
DEC™ 0.843 0.743 0.724
SCAE 0.766 0.731 0.663 0.673
ASCAE 0.918 0.837 0.729 0.663

m % 3 AT %0, fF MNIST $ds 4 |, Bk
ASCAE Lt SCAE % 2] 8| T 8 | F 2 2 i R fiE %
N LA K-means #2477 0918 My fx E B2 K )&
£ USPS 3t % |, ASCAE #% SCAE H A 18 KAk
P B R R R A TEC #1 DEC, ASCAE
)5 1.4%~3.8% BRI E .

76 USPS ¥4 £ I, ASCAE W 2% 1) F J2 45 1iF
18 2R 25 RG B2 R B AN B 1 SR RS BT 9 TR .
BT O R 6 19 K e L 38 31 0.907 F110.915 1
B 2,3, 59 1Y AN /N T 2 MECF R
FKGE 0.729,

Wik — R 58 ASCAE 77 #: 78 USPS ¥4 45
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2,59 B . MEE 10 AT LLE B, — 2L
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e FERF 9RO 7 M AHRLEEAR &5 o 53 A5 5
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Fig.9 Comparison of clustering accuracy of all digits and in-

dividual digit on dataset USPS
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Fig.10 Some images of handwritten digits 2, 5 and 9 from
dataset USPS

(a) Digit 2 (b) Digit 5
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Pk .

Kl 11, 12 45 1 7 ASCAE M 2% 78 ¢ % 4
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JE7R
Fig.11 2-D visualization of F-layer features of ASCAE net-
work on dataset MNIST
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Fig.12  2-D visualization of F-layer features of ASCAE net-
work on dataset USPS
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Fig.13 Some images of four human face datasets

#4 ASCAEFMISCAEFEZHEANMNABRHEBE LHWESR
4 B
Table 4 Clustering performance of ASCAE #1 SCAE

methods on four human face datasets

RETEALH
Table 5 Computational cost of ASCAE and SCAE net-
works iterating 200 times on dataset MNIST

SCAE ASCAE

Dataset
ACC NMI ACC NMI

CAS-PEAL-R1 0.740  0.895  0.880  0.947

BIO-ID 0.901 0.954 0.864 0.922
IMM 0.542  0.754  0.621  0.804
UMISTS 0.485 0.668  0.485  0.668

26 4 0] 0, 7E B % CAS-PEAL-R1 1 IMM
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PR AR R AT ASCAE. & B ] fig J2&
KIG A B E 2= N 5, ASCAE 41 344
B R A RERE S, (A RRE 2 m 1 B T R
mrET .
3.4 RireHr

ASCAE W% Z — A2 512 W 4% 2504
i 50 X 50 + 50 =300 4>, R} 5 [a] 17 fiff & 34 Jn A
Koo LABCHE 45 MNIST A 6, Ul 45 vk $0i% A 200,
P AN T 28 27 2 R AE 1) B bR 51 2% Rz A7 B[] 4n 36 5
s, 7 LLE H ASCAE (328 47 i ) &2 K, (5 H br
P R M S AL AN o

Network Cost Running time
SCAE 838.1 26 min 50 s
ASCAE 809.0 28 min 31 s
4 &F it

2 B B8 0 R AE R e A FR A5
LT A A g 09 TR B R T 1A B 4 MR B 4
FRIRITEREAE . I AR SCHR T — B A TR
JE R 1L ASCAE, A ST E R 2 07 vk 38 i
W ) 4 25 K R H AR K R A, BRI B HER )
SR SRR AE SR 4R i RSk R . LR gs R KW 7E T
A EMGEE B Tt O 'R 8 5 ) X 4 2800 1 4L
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