5 414555 2 1] 7R 2l R Vol. 41 No. 2
202444 A Journal of East China Jiaotong University Apr., 2024

NXEHS:1005-0523(2024)02-0079-08

5T g 4y KW M T SR IR

wER AWM, T K

(ARSI AR A BB TR B, 7194 #5 & 330013)

FEE . [ B 69 A g B AR @ 3R G ) R 0 25 Kb BLAGAE A B 2 TF 482 ALy P 8L, 32 o T — b 5 85 X ak 4 %
W 25254 [ 5 3 | AN R0 AR 6L a0k 5 08 B AR AR B | A A2 P R 3T e AP BT AR 45 JE A PR G SCIBAHF AR T R A M 3R K
AAFAE, BlaF, EEERIDI e, L P FINT — R R FAREE QARR AR AR My 3 s R0 i R AR T S 4m K 7] 69 45 /2
EF, BRI BT IEAE ARG LT, 3 B A ik i Ry TRz dbd [ R 4 R AW k54 £ W 4 JF £ 425 (ICOR)
KR M T AR B 3 R D SR F083G AER 2 P EAE G TRk 4R 1R 3 (OSR) 48 s KL & FF A L 6938 A, A R LR #4509 &4
T il B AL AR EE AL 69 OSR MU [ 4548 147 ok 5 5 K W 24 5T Rk o TF 48 B 1€ DI ety ok e 3R T 4R R 5 Sk A AT
SR TR AR

KRR EF T TFERA B s R HET

FRE 45 TP391; U495 M ERFRERD: A

A AR BT A AT, T ok, K Tk 5 o £ W 4569 T 4R R A BF R[], 4 A 30id K 5 524k, 2024,41(2) : 79-86.

Research on Open Set Recognition Based on Independent
Classification Network

Xu Xuesong, Fu Yubin, Yu Bo

(School of Electrical & Automation Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract: [Purpose]In order to solve the problem of image classification models lacking open set generaliza-
tion due to traditional closed set training methods when facing open set recognition problems, we propose a sepa-
rate independent classification network structure. [Method] Each category contains an independent linear fea-
ture layer. The neural nodes designed in the feature layer can capture the category features more accurately under
limited data samples. At the same time, a class of negative samples without labeling is introduced in the model
training, so that the model not only relies on the feature difference of the known categories when constructing
the decision boundary, but also increases the open set generalization of the model decision boundary without add-
ing additional labeled samples. [ Result] The results show that both the ICOR model structure and the open-set
adaptive training strategy can effectively improve the OSR performance of traditional models; with the in-
crease of openness, it can demonstrate better robustness; can more effectively reduce the OSR risk of the model.
[ Conclusion] The proposed independent classification network combined with open-set adaptive training algo-
rithm has better open-set recognition performance than existing open-set recognition algorithms.
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Tab.1 Comparison of open set and closed set

Model Model FDS
order name Close Open Close Open

Imagenet-Crop

—

ResNet50+Softmax 0.999 0.474 0.999 0.471

ResNet50+Sigmoid 0.996 0.824  0.984 0.744
ResNet50+ICOR  0.995 0.940 0.971 0.882
MobileV2+Softmax 0.982 0.399  0.998 0.294
MobileV2+Sigmoid 0.980 0.707  0.994 0.692
MobileV2+ICOR  0.986 0.971 0.998 0.936
ViT+Softmax 0.999 0.345 0999 0.331
ViT+Sigmoid 0.994 0.826 0.995 0.437
ViT+ICOR 0.999 0.890 0.999 0.792

O 0 39 N L B W
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2.5 8L LS W] 7 FDS KidifE [, 3 4
OSR A £ 43 Ml 42 15 2 0.824.0.707 F10.826, 1% % 1
Sigmoid PR AT I OSRPEREAR Pt . SR, 76
Imagenet-Crop UG 4E |, X BUAE AT R 6 B H A o2
[ OSR XU . 140 , 45 8 2H 1t OSR K 54V 4y 0.437
AT 7 41 Softmax 214 0.33 113/ 0.1 ATt

193,69 4N LR IR A5 SRR AEPA
BAEAE T ICOR AL ST £ /i 1Y OSRORS £
1F Imagenet-Crop 205 4E I, 5 AR A9 OSRKS FE t 3k
F 7 0.792(941) , 7 T Sigmoid £H % 75 19 0.744 (2
). A, I HE#E Softmax Fl Sigmoid ZH %) 4] 42
A5 BET A& B, {6 FH Sigmoid pRECTT DU S AR Y 9
OSR M B, {F [] Biof 1, W B A AP A 784 ) P 22 TR0 kG
BE AR SCHE A TCOR #5588 75 [] B 1 512 86 25 1F
T BEARUE T %8 ) PRI AE RS B [RIEE XA 7Y ) OSR
PEREEA RIS SER
232 TP [ IE N IR AR TF A BE 1Y) 5

S PEAG A A 3 R I 255K g AR OSR P fig
PRSI, AR SCHE 3 ZHAR A Y Sigmoid FT ICOR 2 11 14
SEYINRIERY AT T P4 AE RN SR, DR, 78
FEEE D, S PEAE ARSI AR T 95% LA AR
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Tab.2 Comparison of open set adaptive training
Model Model FDS
order name Close Open Close Open

1 ResNet50+Sigmoid ~ 0.996 0.824 0.984 0.744
2 ResNet50+Sigmoid(K+) 0.999 0.949 0.995 0.969
3 ResNet50+ICOR 0.995 0.940 0.971 0.882
4 ResNet50+ICOR(K+) 0.996 0.988 0.968 0.992
5 MobileV2+Sigmoid ~ 0.979 0.707 0.994 0.692
6  MobileV2+Sigmoid(K+) 0.980 0.940 0.951 0.972
7 MobileV2+ICOR 0.986 0.971 0.998 0.936
8
9

Imagenet-Crop

MobVile2+ICOR(K+)  0.999 0.988 0.978 0.989

ViT+Sigmoid 0.993 0.826 0.999 0.437
10 ViT+Sigmoid(K+) 0.995 0.959 0.988 0.933
11 ViT+ICOR 0.999 0.890 0.999 0.792

12 ViT+ICOR(K+) 0.994 0.981 0.993 0.974
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Fig. 4 Experimental results of model openness
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i Softmax £ Sigmoid (55 1.4 4H ) . M4, ICOR &
IRTEARIEA TS A TGN 2R (55 19.20 .21 4) , 52
T e b e 1Y OSRA JE s ZEEATIF A A i |
)5 , JCOR BRI OSRAFEEFIAE 0.97 LU L AHLL T
LA OSR B4, ICOR (K+)7E I MBI I
(5522.23 24 40) ¥4 BB I

[W] i, AMPFL ,SLCPL . ARPL , GCPL %58 1%,
Wil AR B IR 24 A e A, ABEAR F AR TR A,
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E5p) i ST K= RER PR SARHIT i R CiEy N - [T}
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Tab.3 Comparing the performance of ICOR and open set adaptive training with existing OSR algorithms

Model FDS Imagenet-Crop Model FDS Imagenet-Crop
Model name Model name

order Close Open Close  Open order Close Open  Close Open

ResNet50 1 0.999 0.474 0.999 0471 ResNet50 13 0.992 0.334  0.999 0.610

Softmax MobileV2 2 0.982 0.399 0.998 0.294 ARPL MobileV2 14 0970 0.752 0.986 0.547
ViT 3 0.999 0.345 0.999  0.331 ViT 15 0.999 0.648 0.978 0.462

ResNet50 4 0.996 0.824 0.984 0.744 ResNet50 16  0.999 0.395  0.999 0.674

Sigmoid MobileV2 5 0.980 0.707 0.994  0.692 GCPL MobileV2 17 0962 0.721  0.994 0.527
ViT 6 0.994 0.826 0.999 0.437 ViT 18 0998 0.624 0.998 0.506

ResNet50 7 0.999 0.321 0.998 0.558 ResNet50 19  0.995 0940 0971 0.882

AMPFL MobileV2 8 0.909 0.727 0.995 0.511 ICOR MobileV2 20 0994 0.928 0.997 0.898
ViT 9 0.999 0.638 0.999 0476 ViT 21 0999 0.890 0.999 0.792

ResNet50 10 0.992 0.377 0.998 0.587 ResNet50 22 0.996 0.988  0.968 0.991

SLCPL MobileV2 11 0.962 0.781 0.989 0.493 |ICOR(K+) MobileV2 23  0.997 0976  0.979 0.982
ViT 12 0.999 0.749 0.996 0.340 ViT 24 0995 0981 0993 0.974
3 it 3) % He s A A OSR 343 , ICOR 5 AY

A SR X AG GEAR BRI A AE 1) OSR IR , #it 1
ICOR HERUFIFFAE i 1y Il 2k SR W, 3 a5 46 A A
LT 45E

1) 3 3 14 il S 56IE B, ICOR #5751 45 ) AT 4
3 W I 2R TR B AT RE A ROUGE L Se B OSR PEfE

2) R S AR B, AR S ICOR B2 78 J
FEAE B 38 I 25 s B o 50 i o, e S o
Ui E R RE

FITFAR A 3 1 Y1 E AT A PR AR AL ) OSR KUK .
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