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Abstract: Effective retrieval of huge number of medical images will bring extremely important significance
to medical diagnosis and treatment. Hashing method is a mainstream method in the field of image retriev-
al, but the application in the field of medical images is relatively small. For this, an improved Vision
Transformer Hashing algorithm for medical image retrieval is proposed. Firstly, the Vision Transformer
model is used as the base feature extraction module; secondly, the Power-Mean Transform (PMT) is add-
ed to the front and back ends of the Transformer encoder respectively to further enhance the nonlinear per-
formance of the model; and then the Spatial Pyramid Pooling (SPP) is introduced into the Multi-Head
Attention (MHA) layer inside the Transformer encoder to form the Multi-Head Spatial Pyramid Pooling
Attention (MHSPA) module, which not only extracts global contextual features, but also extracts multi-
scale local contextual features and fuses features of different scales; finally, after outputting the Power-
Mean Transformation layer, the extracted features are passed through two Multi-Layer Perceptrons
(MLPs) respectively, and the MLP in the upper branch is used to predict the category of the image and the
MLP in the lower branch is used to learn the hashing codes of the images. In the loss function part, pair-
wise loss, quantization loss, balanced loss, and classification loss are fully considered to optimize the
whole model. Experimental results on the medical image dataset ChestX-rayl4 and ISIC 2018 show that
the proposed algorithm in this paper has better retrieval results compared to the classical hashing
algorithm.
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2.4 BERINTR

RTINS N2 Jm s X TEME Q=1{q, )/ ZHPIFEAR , AWFFTIE i FEA SN JE AR il 0T I FEAS 1) i
A fih, BT

by =h(x;) =sign[®(x,; 0,)] 24

2.5 HEXHP]

AW LA TR

Hix1 W5 Transformer My Ay B % (VITH)

BN BURFEAAE X ={z ) BEHEEL={1}/_, € {0, 1}, K e, HALFKN b, AL
H iters Ml epochs.

Ml BUREFEARAET VYV, RIEMEMKSE 0, Mo.,.

(D WA SH 0, MO, , B PEREAR DV,

(2) for iter =1 to iters do

(3) BEHLAE A 8 Q = (g, )7y, T — BURPEMMMUERES € [0, 2]
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(4)  for epoch =1 to epochs do

(5) for batch =1 to ij do

(6) TTHEABIER B AT, R 18 MaE=k M EH 0, , MHE (19) FaE =L N 5FE
#H o,

D) end

(8) end

(9)  for bit =1 to k do
(10) MR (23) HH V;
(11>  end

(12) end

3 ZWHERSHN

3.1 ZIRHIEE

ChestX-rayl4: ZEHEHEILE T 112 120 08 1E 1 #9078 X G2 5, BiR &R ST 1024 X1 024,
I3 fakt e AR 0 RS A, g i IR A A — A sl 22 ol DL A B A e, 3k 14 b ARWFSE HOGHEAR A AN 1) X
SPEREME, BT 45 28BN AR A A S 1Y TR B B 1 S B /D B i 2 L O X AR R A /b B 9 IR
I i — s AR L KSR L I BRI SRR AT Y S, e ARWPSE IR BE AR ARAR T 4T 723 BRIER,
I R BRSSP IR S, SERR AR rh AR M A A rh BE AL I 100 5K EHGRAE R AR AR, R
PR AE S B0 PEAEAS s I A ) 2 g U A BSCHiR PEAE AR rh BEHIL AR I 10 000 5K

ISIC 2018 IZHEHE 2 — DR BB . 03 RO R . MR MU | S 40 M 9 55 7 b B
FKEMR B RST R 600 X 450 X 3, Fhit 10 208 sk B, T8R4 rh & Fhopie i 8 H A 220 K, IR AW 5
W T BB DR 2 R, JERERI AR 5 FhogE e i o e A — E A EE L KB, TR B BT SRR ST Y
Fe. % AU NZEAEERAG T 16 345 sk IEGR, IR BRI 6 AR S, SRt fe . A0S
Fifr e g b BE AL 100 5K 1B A MR AR, HAY BGRB8 PR AR A . IR A DU o g YDA B3I P R AR
HEE AL 5 000 5K,
3.2 LEiFfhiEIR

AT A 48 S P A PE A AR,

YK B (Mean Average Precision, MAP) #%)1Z F T4 £ 00 B I 25 HE P iR . A T 15 8 MAP Y
i, BB E 5] A B4 )E (Average Precisions AP). X T4 i NEREE, APG) BEXWTF .

AP(i)—AZ”Z\; I%Xrel,, (25)

s M2 MBS PR b A R BAH OC R Y B8 N ARSREE P b i B ARG R, AR T AR MG 5
A SR SC 19 RS E. R [l R 2 n sk BB S A il R G, W rel, =15 B0, rel, =0. MAP
MUE A AP BFY{E . Bl MAP =mean[ APG) .

Precision @ K {03 FIFEACHFT K /™55 2 100 A A 0L %) 1 257 o oK.

ZKJreZ,

i=1

K
Ao SRR FER A KBRS &R ERARSE, W rel, =15 BN, rel, =0.
3.3 XWiRE
ARBFFTEN R VITH B T A L0235 T Windows Z8 48 19 iR 55 4% 52 W (HL e CPU i B 4« Intel

Precision @ K = (26)




% 54 xNAEHA, . VITH: @@ EFBEE L AL Transformer A i st £ % 21

(R) Core(TM) i9-10940X CPU @ 3. 30GHz, GPU Bt }y: NVIDIA GeForce RTX 3090). £t X S 4L
W) SER A3 s AFFTIEE « =100, B=500, ¥y=10. 54} batch size N 64, ERKECHN 50, & epoch Hy 20,
IR 2% > %8 0. 000 1.

3.4 LWERSHH

3.4.1 st in

AR TR BT A B (VT HD 5 Hofth JU R 28 L8 5 A7 4 L, 4% DSH' . DPSH"™ , IDHN"", DB-
DH"*, VTS™®, SADH"". @HAZumTF .

DSH"™ : AR T —A CNN 2y, K isxt ) R CRUBL/ A AR 1 DI 2R A L OF 8l 454~ B %
A B B U (B +1/— 1. F3 b, BT ph RO 8 i i A BRI B (5 B AT g, [ B X 5
{EL A H 2R AT T D)k DA ST T 9 T B R AT i A IS 4R v i 2 T ) T )

DPSH"™ . —Ffr g B ploxt Wi B s T Xt AT SRR AR 28 (R RE AR J B4 AT R AIE 2 2T FNA 7 i 2 )

IDHNY . — g i SCRR 2 HEA7 I3 — A I 3155 HL Bont f2 AR AR (LR A 04 A D 9. 126005 1 K BT 4 B8 43
Sy T KL AR R 0 R BI85 0, % 3 O A A7 1O A AN [) 7 463 2 bR K

DBDH" . — ol ¥ 3 S 1 85 8004 A 195 . %07 5 A (0 A G0 0 3 S b st S . W D T 3 8
st 7 A B R AR 25 7E PO PR B R R T A R R 0 RS A s TR TR 2% 20 B kv
Ao 5% [ B LR R A B 6 2R RAR 28 — S0P 78 LR AR5 1O AR AL 1) ) B o 322 2 R 4R M i 15 1) 1 4 D 48 o A R
PERE.

VTS —Fff WY 25 9 L3 Transformer A58 8 S it A7 GG R B 5 35, 1% 2 LVBLA 10 4 gy
L N Rl R VAT BERAE Syl A RRAE SR BOBE B , JE4% VIT vh i) MLP B 4 oy £ 26 BB 1 We A
R,

SADHY . $H —Fl B A [ W AR X R SR 3T A 0 85 AT 5 R 24 o) R TR B A A O . O RS
T A H MR 2%, AR SCRRIE 7 R SCACRS - v 5 2 B 2 e BIOHE 4R 18 R TR SUE B i B0 b
IR RRE 27 2] P 28 A HTAE X FR 27 20 SR AR B8 Z AR 218 A5 B M, 38 ok i — 25 1) o SCim) i DL K 501 BT 4
24 SRR A L A T

1 FIR 2 732 B T2 MRS Ay 555 7E ChestXorayl4 I ISIC 2018 i 4a4E FRIR RIS, 5 T
WA R, ARG TR (DSH, DPSH. IDHN. DBDH) (4 52 5 fdf FH Tl I 25 47 19 AlexNet ™) [ 44 4 Ky
FRAF SRR ER, AN 1 (B HFIE 2 5> AT AUAEH . VITH B4k F8gFHMamE %k K6 MK 72
ViTH 435I 7€ ChestX-rayl4 fl ISIC 2018 4 #4& 4 I B#LA: 2 2 (W AT 10 sk EGRER, K, EEEREER
R S A R 20 k= AN O], A0 e A R B 1 B S  ih) BRI A — 280,

K1 AEBFEEEE ChestXrayld LR FEER
A K F 9 Precision@10

K 8bit 12bit 24bit 36bit
DSH 0.434 0. 444 0.411 0. 441
DPSH 0. 449 0. 442 0. 396 0. 402
IDHN 0. 407 0.413 0.453 0. 481
DBDH 0. 374 0. 400 0. 380 0. 409
VTS 0. 405 0.416 0. 468 0.516
SADH 0.422 0. 484 0. 509 0.519

ViTH 0. 583 0. 634 0.731 0.758
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K2 AEBREEZXEISIC 2018 LHKRELER

AR T MAP

(=87
8bit 12bit 24bit 36bit
DSH 0. 549 0.625 0.662 0. 687
DPSH 0. 630 0.651 0.713 0. 706
IDHN 0.569 0.623 0. 641 0.627
DBDH 0. 597 0. 607 0.614 0. 550
VTS 0. 415 0. 639 0.714 0.715
SADH 0.574 0. 642 0. 686 0. 696
ViTH 0.740 0.754 0.746 0.719
1.00 ;
== DSH == DPSH mm [DHN == DBDH == VTS =mm SADH == ViTH
0.751
=
®
(=}
£ 050+
|
&
0.25 1
0 ol
bit
B 4 AEBFEETE ChestX-rayld #IFEE ER 3T L6
1.00
= DSH == DPSH mm [DHN = DBDH == VTS m=mm SADH &= ViTH
0.75 A
% 0.50
= .
0.25 A
0 .

bit
5 AEIMFEELE ISIC 2018 #iE&E FRy Xtk 216
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B 6 ViTH7E 36 fils & HA TG ZEIMA 10 SKEK(NEBH, 1B B H E GRS FHES)
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wgfts v
T

F—

siA v
IIIII IIIII-f_rm
BWRE X %
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WRE2E 2D, RV BE 48 2 BO BRI (P R R i B e F B R B R o, ATy X 3 S
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B IUE SN, HA S E BEA G 3. 3 iy SE e Bz . 18 8 — 181 10 2252 «» B Ml ¥ 7E ChestX-rayl4 L
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