E-mail: jig@aircas.ac.cn Ep@%éﬂ%?]ﬁ

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 COHEERERZRRINEFE

hEESHEES . TP301.6  XHERARIRES. A XEHS: 1006-8961(2023)02-0601-12

W3 AKX Guan A N, Liu L, Fu X D, Liu L J and Huang Q S.2023. A deep hash retrieval for large-scale chest radiography images. Journal of Im-
age and Graphics,28(02) :0601-0612 (<255, X9, AT AR , XU ZE, 5 4. 2023 11 ] KAUBENG F IR AR BE WA A R R o [ IR R D 241
28(02) :0601-0612) [ DOI:10. 11834/jig. 211012]

T M KR ERRERERER

G e AR R A E Y EE AR

1. BRI TS A TRS AsbEr, B 6505005 2. = A HAHLIE AN HE S50 BY 650500

B E: Be EREGRRIEPINISW 7 EeA M BIAEIR 27 h R4 T B ERT (H T R 2 RS AR D)
JEE Ry k5 gt T LA Rl A5 R S5 L, (e BB I 77 3 o o e DX i 14 O T />, PR 2R I B R A
XF I, AR SCLABFS X-ray [R5 1], 3 HH— b7 1) KRB A R IR EE I A KR M 45, ik TERRIE=A: Tk,
T 5ERH ResNet-50 124 321 P28 0 i A EHGIEA T RAIE S IO B0 DRI R R BEA T 240 10 J5 AR AT 42 R R AL ; 1)
R AL R i AR B0 2 TR AR I R A 2 1 3 R A T T SR A M R PR v ) 325 DX % 6
Bk 1 AT AR AT B R AT ; B 5 A R R AE A5 JR AR AR A T 5 g A B LA . e A B O AL iR, (8
E SCHY AR SUR R R 6F EAB SR FIE D0 A 453 2% B9 16 5 e RCE A DI Al 2 oF |, A nl s B ) e i 0 P T IR R R
R N TRAE) R R FE A TP ChestX-ray8 Fll CheXpert £t 4 T HEATXF HLSCH0 . S50 Wos |, # g2 )i
TEREHAT Bl T S kb D, R SCRMIE Rl 5 BB AT 200 S 115 8 st O , BB 3 N0 eR BCHEAT (I AR T RASRAS
B At . 5 R SEHE Y R A UGG 2R 07 1k LU, AR SO TR RE RS A 3R e B2 o RS R A ME A %, 72 P s
S ER R IR R T 29 6% F1 5% o SR TERMURENG R BRAER b, AR SCHR M O OR B e A K 8 7 T
RERAS AT ROCTE R DX IR, 48 5 i 1 I FA 2R A9 TR R

KA R B R R U FHIE LS TR IR Ay (DH)

A deep hash retrieval for large-scale chest radiography images

Guan Anna', Liu Li""** | Fu Xiaodong'' >, Liu Lijun ", Huang Qingsong'*’
1. Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China;

2. Computer Technology Application Key Laboratory of Yunnan Province, Kunming 650500, China

Abstract: Objective Big medical data is mainly concerned of data storage-related like electronic healthy profiles, medical
image and genetic information. It is essential to process large-scale medical image data efficiently. For large-scale retrieval
tasks, deep hashing methods can be used to optimize traditional retrieval methods. To improve its retrieval efficiency, the
potential ability is developed to map the high-dimensional features of an image into the binary space, generate low-dimen-
sional binary encoded features, and avoid dimensional catastrophe problem. Hash-depth methods are divided into two data
categories of those are independent data and dependent data. Although the deep hashing method has great advantages in

large-scale image retrieval, the challenges are still to be resolved for the features loss issues of key areas of the lesions like
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redundant lesions, high noise, and small targets. So, we develop a deep hash retrieval network for large-scale human chest-
related X-ray images. Method For the feature learning part: to obtain their initial features, the ResNet-50 is used as the
backbone network and the input image is subjected to feature extraction. To obtain global features, a feature-refined block
is followed. Here, the feature-refined block is structured via the residual block and the average pooling layer. To obtain the
detailed focal regions, we design a spatial attention module in related to three descriptors: 1) maximum element along the
channel axis, 2) average element, and 3) maximum pooling. In addition, to obtain a feature focusing on the prominent
region, the key features are input into the spatial attention module, and then local features are obtained in terms of feature-
refined block. First, the resulting global and local features are integrated seamlessly by dimension. Next, to optimize hash
codes, the cascade layer is connected to the fully-connected layer. For the part of hash code optimization: in order to obtain
high quality hash codes and improve the quality of sorting results, a joint loss function is used to define the target error. To
generate a more discriminative hash code, we leverage the label information and semantic features of the image in related to
the losses of contrast, regularization and cross entropy. Finally, the searching results are calculated in terms of the similarity
metric. Result The comparative experiments are carried out on two different datasets of those are ChestX-ray8 and CheX-
pert. Our analysis is compared to other five classical generic hashing methods for the same task, including deep hashing
methods and shallow hashing methods. Among them, the deep hashing methods are based on deep hashing (DH), deep
supervised hashing (DSH) , and attention-based triplet hashing ( ATH) , and the shallow hashing methods are based on
semi-supervised hashing (SSH) and iterative quantization (ITQ) . The normalized discounted cumulative gain (nDCG@
100) and mean average precision (mAP) are used as evaluation metrics. The experimental results show that the retrieval
performance of our method has some optimal value in comparison with deep learning-relevant methods. For the ChestX-ray8
dataset, the mAP is increased by about 6% and the nDCG@ 100 is improved by 4% . For the CheXpert database, the mAP
is higher by about 5% and the nDCG@ 100 is improved by 3% . Conclusion To deal with the problem that the existing has-
hing methods pay less attention to salient region features, we demonstrate a deep hash retrieval network for large-scale chest
X-ray images for large-scale human chest-relevant radiographic image retrieval. To improve the accuracy and ranking quality
of image retrieval, this deep hash retrieval method is proposed and be focused on the lesion region effectively. It is benefi-
cial to clarify focal area information and reveal the attention-less problem to salient areas in terms of a spatial attention mod-
ule-constructed. The feature fusion-defined module can be used resolve the problem of information loss effectively. We use
three loss functions to make the real value output more similar to the binary hash code, which can optimize the sorting quality
problem of the retrieval results. Tt is possible to adjust the order of network composition for the regions of interest ( Rol)-con-
cerned. The loss function can be optimized the existing hashing method. It is potential to distinguish small sample images
further.
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Fig.1 The framework of deep hash retrieval methods for large scale chest X-ray images
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A~ epoch J& , 2= 2 R T FEE] 0. 001, 18 4 38 LKHIE,
FEENAL I R S8 o FISE PR S8 B &
H0.5,

VAN FE br R IS A AR b i R I — R4 B 2R
TN 25 (normalized discounted cumulative gain, nD-
CG) FISE-X47H5 i (mean average precision, mAP) o
t nDCG LA R 45 R 00 B X K R 45 R 15
Wi, mAP 8GR EUR - SR %

4.2 KWERSMESW
4.2.1  KmE R B o

H T B UEA SO R R R P RE 5 A 6 P[]
155 19 28 B0 0y 05 2 3R AT L #R, L 4E SSH
( semi-supervised hashing) ( Wang %5 ,2012) | ITQ (it-
erative quantization) ( Gong %5,2013) .DH ( deep has-
hing) ( Liong 5%, 2015) . DSH ( deep supervised has-
hing) ( Liu %§,2016) . DRH ( deep residual hashing)
(Conjeti %%,2017 ) #1 ATH ( Fang 4§,2021) , H,
DH DSH ,DRH Fl ATH J2& 3 T ¥R i 27 ~J 1) W 45 J5
5 HAB R TR Z S A5

N, R AR R £ s B A7 5286, 3% 1
J&rR T AR ST 5 HAW MG A )5 B TE ChestX-ray8 F1
CheXpert 54 ) nDCC@ 100 F1 mAP, Al LIFE
Hh BT IR ) A A O v U TR 2 1Y 0 A
VERIE A AR SO L MR RV REBH AL TR 2
M AT E A —E IS, I TASOr kG 174
Jra R R FRAFAIE , AR 1 TR B I A A R YRR AIE
AL H, 7E ChestX-ray Fl CheXpert %4 4E 1)
nDCG o ATH J5 i 73 Sl 3 5 1 4% 1 3% , mAP {H
ATH Fik¥idem T2 5% , MAh, A5 A%
() R AR ] T A 5 DX, 70 PRS0 4 A
FRIRIA top-10 G T, mAP {648 DSH J5 k345
BAETE, SCEAIR R ST BRI R ER
P A d 3 DI ] B B E TR AR il A
B

A7 5 AT 55 1Y WS Ay 75 B AE CheXpert %X
et B RRRAETHAR I [A] 4G 2R I E] Y12 () #1147
o AR T AR AN 3R 2 iR, 6 T BUE & 45 T 48
PRrEse N ERF SR T LR L aens
AR Ty 1 I R I ] B bR T T B A A R R
¥ OF HR A5 AR /N TR B e A G 3R 7 i AR Ak
T—EHN, 54 MIRERAITEHT R,
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THRA T A3 8] TF B ALY R R AE il & R, A 307
T B 19 245 N1 R s 1) 60 PN A7 o P R A A 5

[ RIS 38 I (1) 2 AN K, (ELFE 45 R HE Bl R A —
TERH

K1 AEXFEEREZWBAF TR ChestX-ray8 1 CheXpert £3E & _FRIMHERE LR

Table 1 Performance comparison between the hashing methods and our method with

same task on ChestX-ray8 and CheXpert datasets

i ChestX-ray8 ¥ 4 CheXpert £ ¥54E
i nDCG@ 100 mAP/% nDCG@ 100 mAP/%
SSH( Wang % ,2012) 0.13 0. 68 0.15 0. 69
ITQ( Gong %:,2013) 0.16 0. 65 0.19 0.71
DH ( Liong % ,2015) 0.12 0. 49 0.13 0.54
DSH ( Liu % ,2016) 0.18 0. 68 0.2 0.73
DRH( Conjeti %5 ,2017) 0.19 0.71 0.22 0.75
ATH( Fang % ,2021) 0.21 0.77 0.24 0. 81
AL 0.25 0. 83 0.27 0. 86

K2 AXFESRESKRAT R CheXpert HIEE LHIRE LR

Table 2 Efficiency comparison between the hashing methods and our method with same task on CheXpert dataset

WIREA FHETHSE AT ]/ ms K2R 8] /ms YRt/ s A7 H/MB
SSH( Wang % ,2012) 560 2.8 4.1 3 800
ITQ( Gong 25 ,2013) 670 2.6 5 3 600
DH ( Liong %5 ,2015) 64 4.8 1 800 4900
DSH( Liu % ,2016) 50 6 1770 5 800
DRH ( Conjeti %2017 ) 42 5 1930 6 100
ATH ( Fang % 2021) 36 3.4 2 300 6 700
A 31 3 2 400 8 700

Kl 4 JA SO Bl o A B R kR R 45 R, B
— AR A A ), 55 1 A2 Al R, A
5 BRI 5 MRS, TR ERT AR R
PREEARS & LNER 3 s, ANEI4 ATLVE H HT
MR RBIRR T HA A FH AR 0 A i R
KRR, G R GER T BHA 250 b
Z A EMR R REE R A A bR 2 AT
DA Z B AT LI R ks 2 ok IR RE I e ik
] 5 A ) BRI S 0 2 AR A ) R, SRR
AR SC7 VA RE RS B Mk R A5 R 0 HE Y B i, Rl iR
[l = A AL A 45
4.2.2 A4S B

AR SCHR 23 () AL ) 3 ST 25 ] L
T SUE B REE E A 0k, Bl aE oo R 1

RKMEF,, . JCEVPYEF, AR F,, o 5
Y9 7E CheXpert AL AT , X LT A6 A SO v
K PHFRAZ R . A w/o (F,,p + F.») FIASC w/o
F,.. &AXwo (F,,+ F,,) FRA%EEHET
R REAEIE TR FHE; A3 w/o F, FomA
FEmo Rk, AR R 4 Pron, k4 L
B AR F, I, S, AR SO 21
mAP fHFE(L T 0.18, AEIE F,, MIIHEHLT, mAP
FEAR T 0.07, UhBAfEH 3 A48 5T 58 T A 2 3R
B 2 X 1

R T U A ) B AR HRAE A R B AR A
L ELS g5 T ASRVE R3O T AR Es R, AT
DAIMEE S AL TAE & F o F1F L BB, A SC
D7 Bk T 4 3 DB DG T B el b T e e
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EC/Ef

EC

EC/Con/Ef EC

EC/Con/LO/A

o L)

EC/LO/Edem EC/LO/Em EC/Cm/LO/A LO/Em LO/Em LO/Em/A/Con
(a) ZHIEIG (b) B AR

K4 ARSO7ERIRG RS,

Fig.4 Retrieval results of proposed method( (a) query images; (b)retrieval results)

%3 ChestX-ray8 #l CheXpert #IE&E P ERFIFZH S X
Table 3 The meaning of disease labels on ChestX-ray8 and CheXpert datasets

ChestX-ray8 ¥ £ CheXpert £X¥E4E
PRI

£ LiB'S £ 3
atelectasis A NS A it A BK
enlarged cardiomediastinum EC ok B U - -
cardiomegaly Cm NN Cm INILPN
pneumothorax Px S Px v
pleural effusion Ef it s BRI Ef e i B
consolidation Con S Con SR
edema Em K i Em 7K i
lung opacity LO il AN 35 B LO il AN 375 B
infiltration - - Infi =i
mass - - Mass JiiZhE
nodule - - Nodule S5
pneumonia - - Pne2 Jifi 5

T =" RN B R AR K,



610

PEERRBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol.28,No.2,Feb. 2023

F4 AREZEETXHEREFEENFREITLL
Table 4 Effectiveness comparison of different spatial

contexts for describing feature maps

J7ik mAP/%
AL 0.83
A3 w/o (Fp+ F,,) 0. 65
AL w/oF,, 0.76

(a) J&

(b) A3

wo(F +F ) woF

maxt” avep mas
B5  AFETr kR S
Fig.5 Heat maps for different methods

((a) original images; (b) our method; (c¢) our method w/o

(F .p+ Favgp) ; (d) our method w/o F )

PR AL TAE IR F o, PIEOL A SO o0t ik 2%
DXy S 1 T AR T, A R 1 g P st T )

B 2 11 el TG s 7 S S Y O S
CheXpert B4l 4 FHEAT S0 | X 9500 5 Ao 47 P BE
e, EPLEERANE 6 BT, XT Nodule A1 Mass 45
P A DX el A 57 04 E P P T 59 AN B RR O
XF Cm B, i 28 DX I ) 7 Ao 4 2R 5 A Oy 12 22 S
AR, FEE A TIZ07 75 F B /I 28 XL
SLHRAERFRW] ARG A 2 8] T AL /N AR
DI 7 A BAT —E LB, BEAE AT S e 28 X Sk,
i A A B Y AT PR

Ko g fidh R

Fig.6  The results of disease location

4.2.3  JHRBSEE 5B

R B UE LA 4 SR R 5 R SRR A A R, R
FH mAP 1 nDCG@ 100 1 J 3 F-4H A o, 5256 45 J n
TS5, NS ATLLE A SO Bl & R IE Y
mAP {HA] LA — A /DR T 4% KRS R
I, nDCG@ 100 A 0. 27 , o 4 1k B — 4R AE A PEfE
PAF T HAFRHET AR . LI G R UL, 2R
FEOE AR RIE ARG AU SRR RRE | 18 7% J&
Jry R AR DX I A O 2% Hh A R AL S T /NREAR L K
2SI AH A B RS AR /NS N 25 0E A 45 T Rk
R,

RS5 ERATREHERERES T

Table 5 Performance analysis of using different features

FHIE mAP/%  nDCG@ 100
Jr) R 0.77 0.12
4 JyRPAE 0.79 0.17
fil A2 R IR 5 R BRRRAE (AR 30) 0.83 0.27

NI e PSS RN 7 s, R T \TLA
A S ICEOE BT A B, (H 1R 18 4R , 2
TREMS

5
4
=30
1k
0 110 2l0 310 4|0 50
IEARIREL

SRR TPSLES

Fig.7 Qualitative results of training loss
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o0 26 iRl A ) A R IBURI R AE | SR A
R BIRE ST o SRS X AEAR B 2R R, & X
FRIERL SR R A0 5 1Y 4 Ja R AR 0wy B0 AR 22
TG, BEEE 3 MR R BTG A AL, 42
TGRS R, SLIREE R R 7E ChestXay-8 I
CheXpert 04 4E I, Ko RUER R B & T 6%
5% , RMAR SO LN R B GEERh RA U2
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