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Deep Hash Retrieval Algorithm for Medical Images Based on Attention Mechanism
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Abstract A medical image retrieval method combining attention mechanism is proposed for a series of problems such as poor re-
trieval performance,low accuracy and lack of interpretability in current medical image retrieval. Based on deep convolutional neu-
ral networks and taking Bayesian models as the framework, the proposed algorithm introduces an attention mechanism module
guided by semantic features. Local feature descriptors containing semantic information are generated under the guidance of the
classification network. Both global features and local features rich in semantic information are used as inputs to the hash network,
which enhances the feature representation capability of hash coding by guiding the hash network to pay attention to important
feature regions from both global and local perspectives. And the weighted likelihood estimation function is introduced to solve the
problem of the unbalanced number of positive and negative sample pairs. MAP and NDCG are used as evaluation metrics.and the
ChestX-rayl4 dataset is selected for experiments. The proposed algorithm is compared with the current commonly used deep ha-
shing methods. Experiment results show that the MAP and NDCG values are much better than the existing deep hashing methods
at different code levels of hash coding,which proves the effectiveness of the proposed algorithm.
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Fig. 1 Attention-based deep hashing {framework
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Table 1 Configuration information of experimental machine
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J5 T R A 28 AT

R R R 5 SRR SRR, 7%
— A BRI 43 S R 4% L TR 4 S R4 P i S E S FCN I )
B, ARSCH FON M 4% R AT A 18 D 56 A 1 CAdam) (AL 55
PG 2 B E 10 — B A T B F B oR B B R
0.9, ZHr A THEFE B IR B, WE N 0. 999, epsilon W E
H107¢,

7% SRR RE W A I8 4 SR T B AL BE R B SGD LAk &% . %)
GRS R E 10 ~10 B REL KIE N 5,
Xf A4 ] RPEAT RIE I R i LA R S . ARSI
R 2 ST RBCE N 0,000 1, W Ay A= R4 I8 4 22 1 2 2 60 R AIE
JZ W 10 £ s momentum BTN 0.9, batchsize 3 32, YW kAR
SREH 10000, A3 8 R 6 S HSE O 0.0005,

R TSI B L3 AR SO B RRRT AR X L AR AR
B 1R R AR [) 104 H50HIE 4. 00 43 3R W RIAH [ 1) T b BB WE . AE
6 £ 20848 b, BT A X L7 AR SR T 5 AR 30— B ResNet50
T 2% G5 R HE i A R 2% . FE I SR SR W L T A X L 5 vk g il
ZRik B 10000, EEINGSH L. HRARKS %
SCHK b g Y B S B I

4.5 HRSW
4.5.1 b

T2 G T R R A ChestXerayld B4R £ I A R Y
FLECT 1 MAP@10 X LL 45 3R . AR SCHE BB AR T BT A X
PR AT DIAE A RS T R A RO . G Rl L
F A R ChestX-rayld B4 4 1 A9 16 bit. 32 bit,
48 bit, 64 bit M Ay Z T 19 MAP@10 43 51 He %o b 0 1 o d 3 14
GERE 4.3%,3.4%,11.7%,11. 6% ., AF T HE %, A
SCE LG E K BN MAP@ 10 it bz - TF AR T 1Y
K5 HAL S M E B E R — B,
# 2 ChestX-rayld 4R BA SO 5 HAL O R R R AT 55 1Y

mAP@10 H.
Table 2 Comparison of mAP@10 between the proposed method

and other methods in retrieval task on ChestX-rayl4 dataset

Number of hash coding bits/bits

Algerithm 16 32 48 64
DSH 0.401 0.313 0.434 0.485
DCH 0.473 0.481 0.482 0. 455
DFH 0.531 0.543 0.504 0.517
DPN 0. 486 0. 405 0. 464 0.473
DPSH 0.428 0.534 0.469 0.515
ISDH 0.536 0.491 0.472 0.473
DTSH 0.424 0.487 0.375 0.509

LCDSH 0.437 0.417 0.421 0. 405

A X W% 0.579 0.597 0.621 0.633

1EXT Lk o DSH 895 1 LCDSH 8 B A X & 1L
KT, U] 55 T 7 2% > o 8 v 2% 8 7 A0 2% iy Ho At
X LS BB T X AR R EAT A R, DTSH &
1 \DPSH 51 F1 DFH 8k W & 5 T 42 3 #E A< 4 22 ] /1 ¢
F A o0/ Z 0 35 A 0 A G i L A5 I 2% ik 2% > F)
R T ] 19 22 55, B AR T IRCA A I A AR 22 5 00 L
. T ISDH W& & F 24525 B2 88 76 16 bit i34 T 4K
157 X5 L 7 s P R A I TR RE

26 33 T ARF B AE ChestX-rayld 044 | 48 bits )
nDCG@ALL fxF b5 4. a5 A v ml LUE A SCH vk ]
AT A X L AT LAIE WA AR SRk A 4 R R R TR
BUS T RIFMKRICR .,

FEXF R L B AT AR08 (1) ISDH 835 1k &
AR AR T AL B B B AR B Bk
%3 ChestX-rayld Btim 4 |4 3007 ¥ 55 Hoflh 77 SR A 4G RAT 55 110

nDCG@ALL b4

Table 3 Comparison of nDCG@ALL between the proposed method

and other methods on ChestX-rayl4 dataset at 48 bits

Algorithm nDCG@ALL
DSH 0.2779
DCH 0.3018
DFH 0.3025
DPN 0.2752
DPSH 0.3064
ISDH 0.3072
DTSH 0.2927

LCDSH 0.2953

AKX Tk 0.3147
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