. hEASEER
Eh: PEMNSRKELSHENKSDERRE
ESCI/Scopus s BEAAMNEEARGERAT

6P 32 2 @ &) T PEYBELERS S
o FEEEREFHUBEERSS
T8, NER

ZMAHARERF IR B RITE
FE L, S, BB, BOEE

FIUHASE:

JE A, 0, T, 45 . 200 I 2 S M FUIR R & k. W 5 R, 2020, 35(6): 619-630.

ZHOU Guo-hua, JIANG Hui, GU Xiao—qing, et al. Multi—view metric learning with Fisher discriminant analysis and its applications
for breast image retrieval[J]. Chinese Journal of Liquid Crystals and Displays, 2020, 35(6): 619-630.

TELL AL View online: https://doi.org/10.3788/YJYXS20203506.0619

LT ARG H A SCEE

Articles you may be interested in

HT 2 KRB E M 28 ) CTIR MG 7 P A B

CT image super—resolution reconstruction based on multi—scale residual network

5 B, 2019, 34(10): 1006-1012  https:/doi.org/10.3788/YTYXS20193410.1006

Pz S rhe U EE R DICOM RS R4 5

Effects of dictionary scale on dictionary learning for DICOM image compression

Wi 5 7. 2015(6): 1045-1051  https://doi.org/10.3788/YJYXS20153006.1045

LT s TR B T S A0 v D 1 T R EH A
Hyperspectral compressed perceptual reconstruction based on space spectrum combination and band classification

T 5 . 2018, 33(4): 291-298  https://doi.org/10.3788/YTYXS20183304.0291

ORI A = BTN I A A BB R T S
Interactive display methods of vessel of interest within voxelized three — dimensional cardiac model

W5 7. 2018, 33(5): 433-442  https://doi.org/10.3788/YJYXS20183305.0433
25 B AR B B A S BCHE ST

High accuracy—automatic registration method research on multi—source remote sensing image

W5 R, 2016, 31(6): 604-612  https://doi.org/10.3788/YJYXS20163106.0604


http://www.yjyxs.com
http://www.yjyxs.com
http://www.yjyxs.com/CN/10.3788/YJYXS20203506.0619
http://www.yjyxs.com/CN/10.3788/YJYXS20193410.1006
http://www.yjyxs.com/CN/10.3788/YJYXS20153006.1045
http://www.yjyxs.com/CN/10.3788/YJYXS20183304.0291
http://www.yjyxs.com/CN/10.3788/YJYXS20183305.0433
http://www.yjyxs.com/CN/10.3788/YJYXS20163106.0604

H35% 56 TGRS TN Vol.35 No.6
2020 4E 6 H Chinese Journal of Liquid Crystals and Displays Jun. 2020

XEHS:1007-2780(2020)06-0619-12

ZRAFANEEFINARSBERETE

RER % B, Rk, BEE
LENIV R HEAZR FEITRZ, TH FM 213164;

2. MAF ERIEFK, IH #M 225127,

EMAY GERFEIESER, LH FN 213164)

FEE AL G000 B2 AR R T e AR (B SR 2R T R RS B B, BN RR A AR A [ f BE AR 38 A R 24 45
R PIX — (A, 4 T —Fh 2 WA A R T N E AR R TR . JE T Fisher HIBIBIRIIE Z WA Z M2 3 &
T B ks (] 75 R R A [ 2 5 AR A B ks T 8 b e S AN AR AL %) 525 (5O W e b A b 40 5 . [RD B, 182 3 L A AR
504 A A A A R AR DR ] SR AEAE B . AR AT AR 5 4 B 20 A 07 1 LR AR SO Y T A
R AR 7% IR 5,

* # WEF¥MEEE; LURYE; $AA; BEATET

FE S ES TP391 XHERFRIRAG A doi:10.3788/YJYXS20203506.0619

Multi-view metric learning with Fisher discriminant analysis and
its applications for breast image retrieval
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Abstract: The traditional medical image retrieval uses a single image., but the image information in a
single image is limited, and the medical images taken from different angles can not be effectively uti-
lized. To solve this problem, a medical image retrieval method based on multi-view metric learning
with Fisher discriminant analysis (MVML-FDA) is proposed. The MVML-FDA learns robust metric
space from multiple views based on Fisher discriminant model. A robust metric space allows the medi-
cal images of the same class to be closely mapped in the metric space, and different classes of medical

images are separated from each other as much as possible. At the same time, the view weighting
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factor is set to make full use of the different representation information of each view feature. Accord-

ing to the distance metric learning, the MVML-FDA is applied to the diagnosis of breast diseases. The

experimental results on the Breast Cancer Digital Repository dataset show that the proposed method

has better performance, and improves retrieval accuracy by 7% compared with four multi-view meth-

ods.

Key words: medical image retrieval; breast image; multi-view; distance metric learning
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R, X R B AZEREAR  FDA LW b (H 0P 255 18 28008 46 19 70
BTG ) R A e 2 X Y B S SR AR T L R RS AR TR A ] B2 SO IE B O i Ok Bk
SPRER G R B NE K, HI, MVML- HRAER,

% 2 MVML-FDA #1 MVML-FDA-CC.MVML-FDA-MLO ,MVML-FDA-(MLO+CC) % 4 # 4} {E #2 B{ /7 i #9 CAR.EER
MAUC 88 (%) REFE
Tab.2 Performance of MVML-FDA and MVML-FDA-CC, MVML-FDA-MLO, MVML-FDA-(MLO+ CC) in terms of
CAR.EER and AUC (%) and their variance under different feature extraction methods

CAR EER AUC
HEAE 5k , , ,
X % -1 5% -1 5%
MVML-FDA-CC 68.23 0.17 36.00 0.16 69.76 0.16
MVML-FDA-MLO 68.34 0.18 36.06 0.19 69.84 0.16
RRAE 1
MVML-FDA-(MLO-+CC) 71.85 0.15 33.75 0.17 72.37 0.17
MVML-FDA 76.83 0.15 28.58 0.15 77.76 0.16
MVML-FDA-CC 67.99 0.16 37.56 0.17 68.37 0.19
MVML-FDA-MLO 68.25 0.15 36.15 0.15 69.02 0.17
FRAE 2
MVML-FDA-(MLO-+CC) 69.49 0.15 35.98 0.17 70.98 0.15
MVML-FDA 75.81 0.14 30.90 0.15 76.34 0.15
MVML-FDA-CC 70.74 0.18 34.96 0.19 71.23 0.17
MVML-FDA-MLO 70.02 0.18 35.48 0.17 70.78 0.18
FPAE 3
MVML-FDA-(MLO+CC) 71.85 0.17 33.85 0.16 72.47 0.17
MVML-FDA 77.48 0.14 27.12 0.15 78.29 0.15
MVML-FDA-CC 72.17 0.15 33.43 0.15 72.96 0.16
MVML-FDA-MLO 72.00 0.15 33.86 0.14 72.55 0.15
FRAE 4
MVML-FDA-(MLO+CC) 73.79 0.14 31.91 0.14 74.24 0.15
MVML-FDA 79.44 0.15 25.25 0.15 80.20 0.15
A
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Fig.3 AUC values of MVML-FDA method by using Fig.4  AUC values of MVMIL-FDA method by using

four extracting feature methods with different » four extracting feature methods with different k
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Fig.5 Comparison of ROC curves obtained by five
multi-view methods using the forth feature

extraction method
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Tab.3 Comparison of CAR,EER and AUC performance (%) and their variance under different feature extraction methods
CAR EER AUC
FHAE RS
- {H 5% T 7 2% Rk B
GLSRM 73.96 0.17 31.21 0.15 74.79 0.18
MVU 73.57 0.16 31.57 0.17 73.89 0.17
FRAE 1 MvCVM 72.88 0.17 32.45 0.16 73.03 0.17
AMVL 72.04 0.18 32.66 0.18 72.52 0.18
MVML-FDA 76.83 0.15 28.58 0.15 77.76 0.16
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CAR EER AUC
FRAE Bk
R OL(:N Vil I ME Yk FH{E Yk
GLSRM 74.07 0.15 30.83 0.16 74.38 0.18
MVU 73.02 0.16 32.44 0.17 73.35 0.18
LA 2 MvCVM 72.37 0.17 32.99 0.16 72.82 0.19
AMVL 70.79 0.18 34.73 0.17 71.01 0.19
MVML-FDA 75.81 0.14 30.90 0.15 76.34 0.15
GLSRM 75.03 0.17 30.17 0.16 75.83 0.17
MVU 74.71 0.16 30.89 0.16 74.95 0.17
FEAE 3 MvCVM 73.02 0.15 31.28 0.15 73.31 0.16
AMVL 72.42 0.15 32.28 0.15 72.93 0.16
MVML-FDA 77.48 0.14 27.12 0.15 78.29 0.15
GLSRM 76.75 0.16 28.52 0.16 77.32 0.16
MVU 75.88 0.15 29.78 0.17 76.41 0.16
FEAE 4 MvCVM 75.01 0.15 29.64 0.17 75.84 0.16
AMVL 73.94 0.16 31.86 0.17 74.33 0.16
MVML-FDA 79.44 0.15 25.25 0.15 80.20 0.15
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