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Fuzzy attentional collaborative hashing network for
medical image retrieval

ZHOU Linlin, DING Weiping, ZHANG Wei, HUANG Jiashuang, WU Qiannan
(School of Artificial Intelligence and Computer Science, Nantong University, Nantong 226019, China)

Abstract: In recent years, innovations in medical imaging technology have driven a surge in image data, with efficient
retrieval becoming a critical factor in enhancing diagnostic efficiency. Deep hashing algorithms are widely used in im-
age retrieval due to their efficient encoding. However, these algorithms have limitations when applied to uncertain med-
ical images and imbalanced datasets. To address these challenges, this paper proposes a fuzzy attention collaborative
hashing network (FACH) for efficient medical image retrieval. First, fuzzy feature coordinator enhanced by attention is
introduced, which improves inter-class discrimination by calculating attention weights for fuzzy features. Then, Trans-
former-based posterior collaborative encoder employs the multi-head self-attention mechanism to enhance image se-
mantic modeling and capture the nonlinear relationships in medical images. Finally, the model is optimized by integrat-
ing pairwise loss, balance loss, quantization loss, and classification loss to generate compact and discriminative hash
codes. Extensive experiments conducted on two medical image datasets validate the effectiveness of the proposed al-
gorithm.

Keywords: medical image; image retrieval; fuzzy systems; attention mechanisms; deep learning; feature extraction;

deep hashing; data processing
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100 5K (3 1300 5k ) VE MM 4E, F4r 46423 Tk AE
SR I, T N BEALHE 5000 5KAE AR 4R .

ISIC2018 i 4E : 17 10208 5k iz Bk 8 &
6, B 7 Pl RIS . Sk B Bk 2 4 3 R i
BRI, XIS T AR A R AT BRSO, I
LA 16345 SREMR A LB 5 . APk
B 5 2R A% 100 5K (3 500 5K) 75 Ry ik 4, 4%
15845 5KAE M %, I BEMLAHEL 5000 5K AF hy 2
e,

S VEAR R 2R RE AR SR FH R R OT- B 0KG
(mAP) fE HPFH 4845 o

BiE1: BHEENHMEMAEMNE (FACH)

BN BEE RGO X = ), O AU
B R, ALK k, AT AN b, EACREL iters

# epochs;
M B RS A S U, BOBIG A 2 S 4L
6}, %neco

DHIREM %2516, | 6., BE s F i Us

2)for iter = 1 to iters do

3) NEHE FEh BE LA A A Q = (g, T
MARZE AL

4) 158 FARORY] C 12 {1 5 S 03 12 1 A8 s A 4
RIS EUE , @it 2 (8~11) 14 BIFES r
B REAE 2 T] v Rl T 2 7 ML A AR B S R
Q' ens

5)for epoch = 1 to epochs do

6) for batch =1 to % do

7)ARPE L (12), # 1 5L F Transformer B J5 148
I3 [7) s % e A B A % 5

8 ) 1 i S ) A% 1% SR M 45 2 %00, e, ;

9)end

10)end

11) R 2 Ly BB ) SR g B3 U

12)end
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AR OB BT 4 ARV R R R A R £ 5
T R4 S A A0 R BE I A 7 VR AT R L, LA
DPSHP%( deep pairwise-supervised hashing) . IDHN”
(improved deep hashing network ) . VTSP (vision
Transformer hashing ) . SADH""/( deep hashing with
self-supervised asymmetric semantic excavation and
margin-scalable constraint) . DPN"( deep polarized
Network ) , DAMH"?( deep adaptive-mapping-based
hashing ) . VITH"*( vision Transformer hashing)
ACHNet™ ( attention-guided contrastive hashing net-
work ) . HybridHash!'”!( hybrid convolutional and self-
attention deep hashing) . %% 1 & 2 45 H T A SCH2
Hh AR 1 D B[R] e A O 4% 5 e b R R TR
ChestX-ray14 F1 ISIC2018 45 4E I fi mAP X [t
g5 R SRl LUFE 7 WA 8ol % b, BR
DAMH 4, BEH T 2 Hib [ 0 A 9 46 78 BT A i
T mAP H¥ THABR L . BIR DAMH 78
ISIC2018 % #i 4 I+ 36 fff) mAP 355 T 0.754, {1
M 3 AL H FACH # KRB T DAMH,

®1 ANBEEEAEBEKANAHEFH mAP
Table 1 The mAP of Hamming ranking with different code lengths on two datasets

o ChestX-ray14 ISIC2018
8 iz 12 137 24 i1 36 fir 8 fir 12 iz 24 fii 36 i
DPSHP! 0.201 0.206 0.217 0.217 0.596 0.663 0.694 0.694
IDHNE?! 0.220 0.223 0.231 0.233 0.619 0.659 0.694 0.658
VTS 0.215 0.219 0.243 0.256 0.632 0.715 0.736 0.712
SADH!! 0.272 0.286 0.297 0.301 0.654 0.647 0.702 0.688
DPNH!! 0.236 0.258 0.283 0.287 0.617 0.640 0.657 0.682
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gR1
Sk ChestX-ray14 ISIC2018
8 i 12 i 24 i 36 i 8 ir 12 i 24 i 36 i
DAMH™ 0.261 0.265 0.276 0.290 0.652 0.709 0.672 0.754
VITHE! 0.257 0.279 0.301 0.317 0.716 0.740 0.689 0.729
ACHNet™ 0.284 0.300 0.305 0.311 0.601 0.643 0.687 0.691
HybridHash!” 0.267 0.273 0.291 0.292 0.608 0.602 0.680 0.714
FACH 0.321 0.383 0.302 0.410 0.728 0.742 0.748 0.739
TE IR G RAEAS N e
0.45 0.8
0.40 0.7 N o m
0.35 0.6 L1
028 s
0. [
EO.ZO é 04
0.15 03
0.10 02
0.05 0.1
0 (e — = =
8 12 24 36 8 12 24 36
/L (LN
DPSH IDHN = VTS = SADH DPN DPSH IDHN = VTS = SADH DPN
= DAMH = VITH = ACHNet = HybridHash = FACH = DAMH = VITH = ACHNet = HybridHash = FACH
(a) ChestX-ray14 £ fi4: (b) ISIC2018 %tk

B2 ARAEZERIEBEE LA EEIE

Fig. 2 Comparative experiments of different algorithms on two datasets
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Fig. 3 Medical image retrieval results on two datasets
Ntk — L BAER R VERE, A SCHK FACH 54 5 ISIC2018 #4i 4k F A RACR, Hrh 40 @304
BN T B B R, 5T 36 i aridik  ARICHT RS R, I OUAE RICIER S5 R . SCun sl
MGG 8 AT RES K, & 3 43t T/E ChestX-rayl4  RFEH], FACH 7€ W H0 96 45 1 3% s D) i R 5
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8 ik IE W 15, e B AR AR R AR . B4,

T2 T ARBRIEAEMANBIEE L 8 k&R

f il xF HegE S . MR LA Y, FACH 3 7E K

Kl JE TR T, RETE ChestX-ray14 £l

£ W% T SADH B3k, (HHEA B & R 2R .
%2 WABUBE LM REERTLL 4 47

Table 2 Comparative analysis for retrieval time on the two

R 3 7E ChestX-rayl4 HiE & L HRB KA LB 7T
Table3 Comparative analysis for ablation experiments on
the ChestX-ray14 dataset

7k 81ir 12137 24437 36fi1
FACH 0.321 0.383 0.302 0.410
FACH 1 0.310 0.334 0.310 0.305
FACH 2 0.257 0.277 0.301 0.301

TE: M FOR S SR A AT B

F 4 TEISIC2018 HIEE FiEmM LA LB o> 4

Table 4 Comparative analysis for ablation experiments on

datasets
Vel S ChestX-ray14 ISIC2018
Tk i [H]/s Hey mhEls  HEF
DPSH 28.286 8 3.939 4
DBDH 22.608 4 3.826 2
IDHN 26.294 7 3.891 3
VTS 25.173 6 3.972 6
SADH 18.726 1 14.847 8
DPN 21.122 3 4264 7
DAMH 23.998 5 3.948 5
ACHNet 1094316 10 127.676 10
HybridHash 71.586 9 18.454 9
FACH 20.121 2 3.812 1

TE MRS G RAEAS e b

33 HELSCIE

RN 53T FACH B3k ) B AR 2R My 1 1], A
SCE A T S 5 B R A B A AT AL . HAAR S
WE T 8B DR bR A W OB, 3
SPPAL XA PERE A R R o T PR FACH 78
& : FACH 1 B Br 2 1AL, WO X B0 16 A1
AR AL A ; FACH 2 Z<BRIRFE TSK FR & 4t
D36 UF JHE X R AIE A5 1) ik o

F 3 MR 4 45 T ChestX-rayl14 Fll ISIC2018
Bt A LT AL IR 25 R L A B X s 2
AL LU 4598 B 5k, TEMN iR 4E L, FACH
J7 V5 mAP AF FE R AROL T H A TS AR A, R
U A . IR, BEE A B B D KR,
FACH 1 F1 FACH 2 ) mAP K5 & F ., XUl A
SCHE A B B X B vk M AR R B AR AR Y 4 O
FH, B HCER X 4 TG R AG A O Timk . B
J7i, FACH 2 /) mAP ¥ & 2. 2K T FACH 1 il FACH,
X BT AR SO BT SR AR AE R [ % 5 Trans-
former Ji5 11 4 A5 & 1K 5 HESE , AL RE S A7 24 42
T Ty FEAR R 28 IOORG B, 1 BE 30 58 590 1% A 1T X =
7 G BR8N o M RBOR 4 B A
B ZF L UTR, T S 6 I B AR SCHR H AR 1
B 1O R A N 2% 2 PR SRLA AR R 2 B R R R
E5 R,

the ISIC2018 dataset
Ik 813 12437 2443 3617
FACH 0.728 0.742 0.748 0.739
FACH 1 0.724 0.729 0.721 0.741
FACH 2 0.711 0.694 0.693 0.704
T MR 45 A A5 BT
34 EHEMSH

hyitt—25 8T FACH #E R TR A1 T i
PEF I, A SCTE ISIC2018 ¥t e b5 ABEHLIEE
T4, BRAEiR EZR A 10000 SR 5, a0 5 F
IR, TERES AT, i Xt LR mAP 51y
PR RIFEE T B, (AR IS, FEANEA A id
Ki&E T, FACH Ih &R 5 & &1 mAP TEGE,
X FEAMIESE T FACH A5 7%t 5 e 7 - HLAT W 5%
PR, IR T LA MR P B T AR E AR AR
FERE S ILAL, B FACH 41, VITH [RFE /R T
B xR R R MR . XA F VITH 5] A
23 [B) & I AL A B, REMS A R R 2 RUEE 1Y
RRAE e, DA 8 5 JHL 7 4 2 P 2 R b /N s
PHARAE DT TH A BE ST . (&1 4 45 T AR vk e M s
T T R R A [ X L BT 2 SR . 3 5 AT L
A ih, R FACH fHG 2 %R IR T IDHN, VTS, {2
TESLhR KR rh FACH B3 T W i iR 25 1

x5 TEISIC2018 HIEE FHRELE
Table S Noise experiments on the ISIC2018 dataset

ik 8fi; 1213; 2413 361
DPSH 0.491 0.575 0.628 0.632
IDHN 0.572 0.590 0.598 0.616

VTS 0.565 0.584 0.612 0.631
SADH 0.553 0.570 0.592 0.594
DPN 0.498 0.565 0.618 0.623
DAMH 0.530 0.540 0.614 0.641
VITH 0.574 0.593 0.621 0.649

ACHNet 0.524 0.565 0.593 0.610
HybridHash 0.538 0.563 0.610 0.619
FACH 0.642 0.674 0.656 0.684

TE: MHLZ RS RAEA I Bt
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2001 " HFA 10 %ﬁéﬁﬂmR%H¢ﬁ%uﬁm3Aﬁ%
N ls MO T PR B B, T A6 XM 28
g ﬁ(’ Z w A, TE ChestX-ray14 Fu4li 45 X5 12 {705 A 5 ik 47
¢ 1007 21815 i = BSE . Hod, ofR 528 R, gt
sl e 1 FV UK MRCE, AR H AL R RO . e
o450 466 < o 27 4ss 436 43 433 1 SEm it AR — A S TR A2
Q@Q‘x@@% & @@ €§§‘§ & Bl e Sy H e i . IWE 5Ca) tha] LLE i, [
&“ ELMA, Mo =100 FACH ) mAP K & 55 M
Jrik & 5(b)H A LI, [ E oM, 248 = 5 000iF FACH
B4 ZEEETHBRSEEX S E/‘J mAP %E%%,y\ 5(0)'113‘”/‘/{%&'!, %
Fig. 4 Comparison of retrieval time under noise a FB, 242 =3000F FACH i mAP K5 5 5 .
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Fig. 5 Hyperparameter analysis for 12-bit hashing codes on the ChestX-ray14 dataset
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TSK 8 5 45 1) 2h 25 HAR 5 VR B 2 2T 1 i K ARRAE
FIRRE T, ARE R A R H U R AL, A AR
T T ESFERERGERE ., BIRINS, EEH R
%%E’Jﬁﬁ{fF WA AL, R R AE

FFINARL, BB T 5 2 AR O i X 38 A G A
U,I_JHTi"S'ET*V\] MR ZE R, £ T
Transformer ) 5 {4 15 5] 20 A% 7 D) 3F — 2 A Pl 152
(4 22 AR PE S &R, SRAL T 5% B 24 RRIR 218 X
(R4 B2 BE 77 o 38 2 3 P OBURSE B (4 Bip IR0 1 T, AR S
JITHE B B AR T T A A A A s 2 R AR R
FAY B, 7E ChestX-ray14 FI ISIC2018 %#ii4E I
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