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Abstract: Image clustering is an important task in the field of computer vision. Although many methods have been proposed to solve
the image clustering task, current deep clustering methods based on representation mainly rely on the discriminative representation ca-
pability of samples. However, in addition to discriminative representation, the consistency of sample distribution probabilities with
their nearest neighbor samples should also be considered so that the learned sample representation space possesses discriminative, sta-
ble, and consistent properties. Based on this, this paper conducts research on image deep clustering algorithms using the strategy of
nearest neighbor consistency. The method consists of two stages: the representation learning stage, where a convolutional autoencoder
is trained to construct the initial feature space, and the clustering stage, where nearest neighbor consistency is used as a constraint and
sample stability is incorporated as an enhancement to fine-tune the network based on the first stage, obtaining the final clustering distri-
bution. This method primarily considers the consistency of probability assignment between each sample and its nearest neighbors dur-

ing clustering, fully exploring the similarity relationships among samples of the same class to achieve a compact sample distribution.
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Experimental results demonstrate that the proposed method outperforms typical clustering algorithms on five image datasets.

Key words: deep clustering; image; autoencoder
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Fig. 2 Intra-class sample distribution probability
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Table 1 Information of datasets

Dateset Samples Classes Dimensions
MNIST 70 000 10 1X28%28
MNIST-test 10 000 10 1X28X28
USPS 9298 10 1X16X16
Fashion 70 000 10 1X28X28
YTF 12183 41 3X55X55
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Table 2 Accuracy of different clustering methods

methods  MNIST MNIST-Test USPS Fashion YTF
k-means  0.532 0.542 0.668  0.474  0.601
GMM 0.433 0.540 0.551  0.556  0.348
SC-Ncut  0.656 0.660 0.649  0.508  0.510
SC-LS 0.714 0.740 0.746  0.496  0.544
DEC 0.863 0.856 0.762  0.518  0.371
IDEC 0.881 0.846" 0.761  0.529"  0.400
VaDE 0.944 0.944" 0.566"  0.629  0.601"
JULE 0.964 0.961 0.950  0.563"  0.684
DEPICT  0.965" 0.963" 0.899  0.392  0.621
IDCEC 0.948 0.923 0.812 — 0.632
TELL 0.952 0.776" 0.865"  0.584" —
MI-ADM  0.969 0.871 0.979 — 0.606
DSCDA  0.978 0.980 0.869  0.662  0.691
DynAE 0.987 0.987 0.981  0.591 —
DeepDPM  0.980 — 0.940  0.610  0.821
TDEC 0.985 0.975 0.976  0.645  0.950
Ours 0.991 0.990 0993 0.646  0.883

T+ RR AR SO I SCHR Pl S EGE 1 TS, — Fos Y
B A AR B LIatT MR R B AR LRIy
HIZER
RT3 RRREF FZOFELLRE
Table 3 NMI of different clustering methods

methods ~ MNIST MNIST-Test USPS Fashion YTF
k-means 0.499 0.500 0.626 0.512  0.776
GMM 0.366 0.593 0.530 0.557  0.411
SC-Neut  0.731 0.704 0.794 0.575  0.701
SC-LS 0.706 0.756 0.755 0.497  0.759
DEC 0.834 0.830 0.767 0.546  0.446
IDEC 0.867 0.802° 0.785 0.557"  0.483"
VaDE 0.891 0.885" 0.512° 0.611  0.753"
JULE 0.913 0.915 0.913 0.608"  0.848
DEPICT  0.917° 0.915° 0.906 0.392  0.802
IDCEC 0.906 0.853 0.858 - 0.793
TELL 0.888 0.751" 0.786"  0.658" —
MI-ADM  0.922 0.885 0.948 - 0.801
DSCDA 0.941 0.946 0.857 0.645  0.857
DynAE 0.964 0.963 0.948 0.642 —
DeepDPM  0.950 - 0.900 0.500  0.930
TDEC 0.957 0.935 0.935 0.693  0.980
Ours 0.974 0.973 0.978 0.707  0.913

T R A S SOSCH P S E0s 70, — R R A
B AT H TCIEAEZEREE [IsAT MR FOR B RIS
Iz AR

MR 2 MR 3T LUE W, AR SCE I 7 A
EB B AAR AE AL BLAS BN e bn LRI T
U PR 7E X H Y 5 A B s A g 4 Ak
PrdE L ERIOAS T i dr ARG R, LHE
USPS %4ls 48 b, A SCHE 09 O 1% 78 1 B B2 A
PR AL BAF DA T8 40l eV RE 2SS —4r
DynAE &5 1.2% #13% , JF H.7E MNIST #1 USPS
PB4 LR R MERR B T 99% . ik
Hh 15 25 T TR B A2 W 4% KL AT Y R AF R AE
T ARSI IRt T 4 ME R R LRI

TR A SO A RIS S5 B
A RME A SCAE USPS B8 4 1 « 7 A6 - Bl
HL 4B 3T #% A (t-Distributed Stochastic Neighbor
Embedding , t-SNE ) 5 1k X R 2R o Bt 17 17 1]
ALY BT, 25 & 4 FroR . Hod K 4(a) —
K4 (c)Rom2E B BebE A 0 A i 284k i 72, &
4(d)—K 4 (f) KRR RIS B BerE A o3 A1 19 42 1k
oL E AT DO g R, AR SCi i R R
e R A T b BB 8 2 ) B B A A AR A A
AR, RE 8 BT bR R [R] 28 Y AR AR g3 B T
e, MR R FEA R LR .

B4 BRI -SNE a ik
(a)—(c) NFIRF TP BEREAR A A b AR, (d)—() W ER
B BEREA A (AR AL AR

Fig. 4 t-SNE visualization in clustering processes

(a)-(c) is the process of sample distribution in the representa-
tion learning stage, and (d)-(f) is the process of sample distribu-

tion in the clustering stage.

4.6 BSESH

R T UE AR SCHE A O R TR 2 8
0 BRI L AR SCAE USPS # MNIST 5 > %5 4 4
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BAH X A5 R0 P BE R B o kAT T 40T, R
firik .
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K54k T A USPS S %5 S 5 a A
[vi) B T 455 760 4 R 1Y 2 ) R B, 11 5 () FTEEL 5
(b) 43 BIEIR T 280 o BUAR [R] (4 (BB, XoF 0 1) o
B B A bR AL B AR B R . W AT LA
LY B e 7E 1.0 ) 4.0 2 18] 25 1k 1), 45 #8478
USPS %48 45 I 09 5 B2 4 T 0.991 2] 0.993 Z
], A2 Ak W 32 A 0.002 , Ar AL BAF B4 T 0.973
F10.978 Z ], 2% AL M B 24 0.005 ¢

1.000

1.0 1520 25 30 35 40 1.0 1520 25 3.0 35 40

a a

(a) ACC (b) NMI

B5 USPS %tk EXIZ 8 a i)
(a) F1(b) 43578 S8 o BUR R EI 9 ACC FINMIL
Fig. 5 Analysis of parameter « on USPS data set
(a) and (b) represent the ACC and NMI for different values of

the parameter a, respectively.

K6 ik T AE USPS s 48 S5 A AR
[Fi) B o 455 760 4 B 1 52 ) A L 1 6 () FED 6
(b) 25 J& 7R T S50 X BUAS [ 4 B RS, b 1o ) o
T RE A bs fEfL HAS B ZE R . NP LA
LM B E 0.2 3] 1.0 2Z 6] 48 4k i, A A 7E
USPS #4845 I 09 8 B 4 T 0.992 21 0.993 Z
], A8 A6 i A 0.001 , A5 fE 4k HAF B A F 0.976
0.979 Z [8], A8 AL i B R 0.003

0992 0993 oggp 0993 0.993

0978
76 0977

02 04 06 08 1.0 02 04 06 08 1.0
A A
(a) ACC (b) NMI

B 6 USPS itk LXZHA M
() F1(b) 735FR S A A AR 9 ACC HINMI,
Fig. 6 Analysis of parameter A on USPS data set
(a) and (b) represent the ACC and NMI for different values of

the parameter A, respectively.

B 7 35538 77 MNIST Bl 4 F S8 a A
[F) A X6 A 7R P e ) S AR L B 7 (a) FNEL 7
(b) 43 /R T S50 o BUAS [R) B AEL RS, X 107 A v

o B AR AL BAE B R . MWIE ] LUE
LY B o 7E 1.0 2 4.0 2Z 8] 725 4k i), A5 7 7
MNIST % 4% 4 b 0 v 5 5 4 F 0.987 #1] 0.991
Z 6], 725 Ak iR B 4 0.004, AR HEAL HAE B AT
0.961 1 0.974 Z [a] , A= Ak 1 3 >k 0.013

0,672 0.973 0.874 0974 0.974

ACC

10 1.5 20 25 3.0 35 4.0 10 1520 25 3.0 35 40
a a
(a)ACC (b) NMI

7 MNIST %dlitk b a X ZHB9 047
(@) A (b) 73R S a BRI 9 ACC FINMIL
Fig. 7 Analysis of parameter « on MNIST data set
(a) and (b) represent the ACC and NMI for different values of

the parameter a, respectively.

K8 ik T 7 MNIST % dli 4 E S8 1A
() B %oF A58 A0 P B 9 52 e A L, KT 8 (a) FTIET 8
(b) 435 JE /R T 280 A BUAR [R] (A IS, X6 17 A o
W M bs L T fE B Es R . WER AT LLE
LU B R AE 0.2 B 1.0 2 8] 72 4k i), A5 7E
USPS %4 45 & /9 ME 8 B2 A T 0.990 2] 0.991 Z
[, A5 Ak i B2 A 0.001, A #E Ak 545 B A F 0.972
F10.974 Z 18], 28 A0 B 2 0.002

1.000

0991 0991 ggg 0991 0991

NMI

0973 0974 ... 0974 og73

ACC

02 04 06 08 10 02 04 06 08 10
(a) AACC (b) £M|
B8 MNIST ¥l XS HA R
(a) F(b) 7R R S HELA O [F{E I 59 ACC FINMI.
Fig. 8 Analysis of parameter A on MNIST data set
(a) and (b) represent the ACC and NMI for different values of

the parameter A, respectively.
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