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Medicalimage retrieval with multiscale features and
attention mechanisms

ZHOU Lin-peng', YAO Jian-min "**, YAN Qun'? LIN Zhi-xian'

(1. College of Physics and Information Engineering » Fuzhou University , Fuzhou 350108, China ;
2. Jinjiang RichSense Electronic Technology Co., Litd., Jinjiang 362200, China)

Abstract: In order to solve the common problems of current medical images, such as relatively scat-
tered size distribution of pathological areas, the ambiguous detail features, and the big visual differ-
ence of similar tissue images, this paper proposes a medical retrieval method integrating multi-scale
features and attention mechanism based on the CBMIR system. This method adaptively balances the

relationship between shallow image texture features and deep image semantic features by fusing multi-
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scale features and setting learnable weight coefficients, thereby the network’s ability to extract patho-
logical features at different scales is improved. At the same time, this method introduces the attention
module and perform channel weighted summation on the feature maps output by the network to im-
prove the feature expression ability of key feature channels, so that the network can pay more atten-
tion to the recognizable pathological feature areas in the image accurately. Finally, the multiple losses
are used to further optimize the distribution of sample features in the feature space when the loss func-
tion is designed. As a result, the retrieval accuracy of 0.95 and 0.98 is achieved on the mAP@100 and
mAP@20 indicators on the Mura dataset, which basically meets the retrieval accuracy requirements of
the actual scene on the model.

Key words: medical image processing; CBMIR; multi-scale feature fusion; attention mechanism; mul-

tiple loss function
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3.2.1 EEHMN
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2 A HEAn b 3R B, I b e o R R Ay 4 R oR
FEABLEE 0.8 Sy B {E , BV L BUAH AL K F 0.8 4R Ry
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Tab.1 Performance comparison of comparative test models

Precision Recall F,-score mAP@100 mAP@20 Search time/s
SIFT-BoVWs 0.742 0.691 0.725 0.724 0.833 1.52
DHCNN 0.774 0.752 0.764 0.788 0.885 0.86
RAN 0.832 0.807 0.815 0.819 0.902 0.92
Ours 0.945 0.882 0.922 0.954 0.980 0.83

KT SE 55 T DL Y, T A0 1) 4% R AE A
RAFAE Y SIFT-BoV W #5784 75 A B0 48 4 1 KG JE
O AR T ELAS 2R ][] A4, 32 8 2 P Ay AU T 56
T EHE B3 SO AR AR B TG 42 O A 1
AR 2 TR SUAE B R BEAT R K 2R, 6 R B ) 4%
K EE R EIMR SIFT FRAE 52 BB Be ke il i 2.
DHCNN BRI R T vegl6 HRAE $ B0 25 S X
B SIFT HfAIE & O XT3 4 (%) R AE A7 6 A {8 D
5, GPU WA B I T, in R 1 RRAE £ B 3
JE IR H B T f 2 8) 7TEA K4
FROE AR A T 6.2% 8 mAP@20 K5
FEPR T . RAN #5878 [] B J2 ok R B 2% 2T 1Y)
7B R EMG AR AE, JF R B BE R LI AT A I
MRS AR ADR A T O B R T H R
RAN Y FFAE S IR 25 2R H] 1 45 M 8052 2 1 Rees-
net101 W45, Kz RAERSAH L T DHCNN M 4545 fif
B, ARSCE TR RBERL, 7R R R SR IR N 2% | 2%
THE TR E HREA resnet50 £+ M4, I
PESLEEH B AT T — a2 Bt 3l 2 i BOR [ 2 1
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PB4 E Mura BUHE 8 F mAP@ 20 U /8 T
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Fig.7 Effect diagram of different models.(a) SIFT-BoVWs; (b) DHCNN; (¢) RAN; (d) Ours. The picture in

the red box is the wrong picture.
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Tab.2 Performance comparison of ablation experimental models

Elbow Finger = Forearm Hand Humerus Shoulder Wrist

Res50 0.729 0.807 0.837 0.811 0.857 0.752 0.843

Res50-+ £ J2 FRAE 0.834 0.856 0.872 0.848 0.828 0.854 0.826
Res50+F = ) 0.776 0.892 0.856 0.883 0.863 0.796 0.850
Res50+ Z H i1 0.854 0.832 0.898 0.886 0.861 0.810 0.872
Res50+ Z 2 FHE+ 12T 0.904 0.931 0.915 0.953 0.941 0.933 0.924

Res50+ZJZHFFHER AL EHA 0.933 0.964 0.973 0.971 0.943 0.945 0.957

TE Resnet50 B34l 1, 456 FSCHE 24k
it Bt T 6 S E, dE A A AL AR A S A
F BE 43 B A AL B AE TR 3 T S A
B . T30 o WL 4% 3K G 26 B A 3 R I RE A
IR AT IR 5 0 SR 7 P AR LA b A iR A
OB 6 ISP V1 15 5 B A R A 2 i R B X 2
FEAAL 2 A0, Fi M AR B X T RUBE AR AR R Y
FEAR B FRIE BN GE I e A8, LA T 5 AZ R
JEARRAE 1 2242 3 5 X AN [) ROBE R AR i 40 251K
X R ERS TP 10 AR5,
[ IR XoF L 17 3 T Ty S 22 A R S A T R A L K

JESRTE A B — ROERE R R T T 0 VRE
JE B 3 ARG T I A Ui 22 RO R B R L T 2 5
WK B A W RE A8 6 R P 5 X A 5 TR Y
RKEATUEMET.

g4 LR Sege vl L& B 7E 5] A £ R FRAE
Al b, ROAR B R RO AR T L HR T
T8 T 3K TR IS K R AT TR I L X X TR K G
ik [ AT 2 I 2 B BT ST B8 3 J= S 22 X
T8 A R AR T B — R R EE A R L, (0 A R A
ISR SUE- 32 €L LR 1R 87 NG ES & 5 RS RTINS
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Fig.8 Effect diagram of ablation experiment. (a)

Original image; (b) ResNet 50; (¢) ResNet
50 + Multiple feature; (d) ResNet 50 +
Mutiple feature Self-attention.
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Fig.9  Distribution map of sample features. (a)

Original distribution map; (b) Optimized

distribution map.
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