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Abstract

In order to make the AP algorithm fully consider the features of different scales and effectively use
the features of unlabeled data when clustering images, a semi-supervised AP clustering based on
feature pyramid network (FPNSAP) is proposed. FPNSAP algorithm uses an improved feature py-
ramid network to obtain feature maps of different scales, fuses feature maps of different sizes to
obtain high-level semantic features of images and identify targets of different sizes and instances;
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The k-nearest neighbor label updating strategy can dynamically increase the number of labeled
data sets, make full use of the characteristics of unlabeled data, and thus improve the clustering
performance of AP algorithm. FPNSAP is compared with four classical algorithms (FCH, SAP, DCN and
DFCM) on the Fashion-MNIST, YaleB and CIFAR-10 datasets. The experimental results show that
FPNSAP has higher clustering performance and better robustness.
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TCHH AR B R IR, ARG IRZR AR L OO AR 25 LIAE 2 o P 1 UL AL SRS, AR VR BILA (19 B FISHER
S 3 b B2 (FDA)AS e A 8 P AR e A0 AR A 1 5 1E AT 2 ST 1 1) 8 . Zhao 25 [13]142 1 T — ML T2 )%
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Figure 1. Feature pyramid network
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Figure 3. Semi-supervised clustering model
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Figure 4. K-nearest neighbors label updating strategy
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Figure 5. FPNSAP’s algorithm framework
5. FPNSAP B EHESE

Fashion-MNIST %4 4E H1 70000 53t 10 A>3 B EUR AL, 7373104 t-shirt (T #ill). trouser (#1°). pullover
(B12). dress (EAAHE) coat (JME). sandal (T#E). shirt (#142). sneaker (iz5)#E). bag (1)1 ankle boot (4
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2) LA IR B EE, SAP [10];
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9T VA OB B LU Rk g, SR F-Measure [21]. A1J9—{L 45 B (Normalized Mutual
Information, NMI)iX PR FRVEAN Fa b, X PIFRVEAN TR O 32 B T PR R AL M RE[22]

F-Measure $645 BE 5 F8 7 S AT #E R A5 18 T HVE I A5, o 2Kl b 1) R I 25 BV R 4R
PRo XFFHEASE t URFEARIERIEC, , EHERME LA Prec(t,C, )= N, /N, » Pec(t,C,)=N, /N, -
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Mo, Y RFEHLMHS: CRFEELE: H()REZUHE, H(X)=-XP(i)logP(i), log BL2 K
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33. WSS

1) f£ Fashion-MNIST. YaleB il CIFAR-10 ##5 %5 FHESIn Fik S AL R KR, WEF
B 5%k SAP. DFCM 1 FPNSAP Aric s i EL 04 10%, SEBe g BT 4 1 fos, fefEgh R DU AR 2
No FILAE th, A3 FPNSAP ByEAL T4 ML L Bk . Bk, 515G EREHIE(FCH. SAP)AHLL,
AR SRR A RFAE 4 73 I 48 2 2D B T REAR TR 2 5 SORI S B P IOAFAE, T FCH Sk 2 AR F A
AR RO BRI, H—DHIES T HRIMERE: BT IR S SRR (DCNL DFCM)AHLL, A83C
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Table 1. Comparison of experimental results
F 1. XTELRIeE

Methods Fashion-MNIST YaleB CIFAR-10
NMI
FCH 0.665 0.521 0.224
SAP 0.752 0.594 0.239
DCN 0.811 0.638 0.263
DFCM 0.904 0.746 0.314
FPNSAP 0.913 0.806 0.512
F-Measure
FCH 0.657 0.506 0.146
SAP 0.665 0.602 0.158
DCN 0.757 0.624 0.215
DFCM 0.902 0.736 0.318
FPNSAP 0.927 0.898 0.442

2) AL FPNSAP 5k S G02 WEE 5i8 SAP R TR B 24 ) 2 B 5790 DFCM A Eb A, 5236
iR 2. % 3 P, EGRUME R R, ATLLEH, BEERCFREARMN 1%15 %] 10%, SAP. DFCM
I FPNSAP JRFEMEREZ DT, FPNSAP HIERBMEREIIL T SAP Fil DFCM X B SRR
W, BRMEREEE 6. [ 7 AT E R
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Table 2. NMI index
52 2. NMI $5%5

Fashion-MNIST YaleB CIFAR-10
SAP DFCM FPNSAP SAP DFCM FPNSAP SAP DFCM FPNSAP
1% 0.598 0.862 0.889 0.697 0.715 0.732 0.219 0.289 0.476
2% 0.674 0.867 0.891 0.712 0.723 0.765 0.223 0.297 0.498
5% 0.692 0.901 0.898 0.734 0.739 0.793 0.238 0.309 0.546
10% 0.752 0.904 0.913 0.752 0.746 0.806 0.239 0.314 0.576
20% 0.768 0.912 0.923 0.663 0.801 0.834 0.354 0.412 0.607
Table 3. F-Measure index
5% 3. F-Measure 3545
Fashion-MNIST YaleB CIFAR-10
SAP DFCM FPNSAP SAP DFCM FPNSAP SAP DFCM FPNSAP
1% 0.647 0.854 0.899 0.579 0.715 0.866 0.122 0.283 0.401
2% 0.649 0.873 0.916 0.584 0.729 0.871 0.128 0.296 0.419
5% 0.657 0.889 0.924 0.597 0.732 0.876 0.132 0.311 0.432
10% 0.665 0.902 0.927 0.602 0.736 0.898 0.158 0.318 0.442
20% 0.701 0.913 0.935 0.626 0.812 0.922 0.295 0.355 0.525
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