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Abstract: [ Objective ] Pulmonary nodule images have the characteristics of high similarity and high correlation, but
traditional hashing algorithms cannot fully express the image content and semantic features, which leads to a decrease in
retrieval accuracy. Therefore, this paper proposes a method for retrieving similar images of pulmonary nodules based on
deep hashing network. [ Methods] Using a public data sets LDC—-IDRI to expose. Firstly, the attention mechanism was add-
ed to the convolutional neural network (CNN) and the bidirectional long—short—term memory network (BiLSTM) to obtain
the regional features and inter—regional context—related information of lung nodule images with weight information, and the
features extracted by the two kinds of network were fused, and then the effective mapping of hash codes was achieved
through the full connection layer to the hash layer. Secondly, a hierarchical retrieval strategy was used. The annotation in-
formation of the image to be queried was predicted by using the deep hashing network to obtain the corresponding class li-

brary, and a set of candidates was retrieved with similar hash codes within the class. Then, similarity ranking was per-
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formed based on the high—level semantic features of the images in the set of candidates for final search results. [ Results]

Through experimental analysis of a public data set, LIDC-IDRI, the average retrieval accuracy of the proposed method

was increased to 91.00%. Compared with other models, the accuracy and recall rate have been significantly improved.

[ Conclusions]In this study, a similar image retrieval for pulmonary nodules based on deep hashing network was proposed.

The retrieval performance of this method for pulmonary nodule lesions was better than that of traditional methods, which

could provide a reference value for clinical diagnosis.

Key words: pulmonary nodule; image retrieval; convolutional neural network ; bidirectional long—short—term memo-

ry network ; attention mechanism; deep hash; computed tomography
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Table 1 Parameter configuration

Parameters Values
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Attention layer nodes 768

Hash nodes 32,64,128,256,512,1 024

22 WMERR
AT R EMG G A B RO S R, AR S
T PE 0 PE A 8 A A HE 5 % (precision, P) A [B]
(vecall ,R) A% F1 . P@10 MAP,
_ BRI S A
iR 9] B RS 5 H
RZ@%@%WW@%@E
FHNEMG R H
1 _2PR
P+R
(54
P@10 2 X A6 28 AH AL I AR [1] 15 10 30 285 S 31
BAEHHE
AP 8 EEAS 5T R G R A B EHR 1Y
VERG RS YR, 1 MAP WU fT A 25 5 ) AP /Y
FHE,

(6)

(7)

23 ZWHER

BEXT I 255 CT BSR4 A8 B il 535 b i
F AR AR AT 402 I H AR I IEAS SO
AR T B HL ) MR AR AT B 8% B 3840 1) JR A 1
5o I H 5% 509 3 HF n) & ML (support vector
machine, SVM) . #% [ %% 2J #1 (extreme learning ma-
chine, ELM) , DL K IR 26 % e, Hirp 47 7R
LR R HR IR, = R NS R 1 R I TAT , R TIEAR SC
SRk I P IR AR E A 5P (L3R 2) o

K2 SDERETWHEILL

Table 2 Comparison of classification accuracy

Methods Accuracy/% Recall rate/%  F1/%
SVM 65.28 60.17 60.47
ELM 61.64 60.20 60.53
CNN 77.39 71.89 75.48
BiLSTM 69.84 67.45 68.24
CNN+AM 78.41 74.01 75.16
BiLSTM+AM 75.98 68.18 71.27
BiLSTM+CNN 48.33 45.90 47.08
CNN+BiLSTM 70.40 66.51 66.77
BiLSTM_CNN 92.17 91.88 92.02
Our method 96.24 95.79 96.01

SVM: support vector machine; ELM: extreme learning ma-
chine; CNN: convolutional neural network ; BiLSTM: bidirection-

al long—short—term memory network ; AM: attention mechanism.
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Table 3 Relationship between hash nodes and classi-

fication accuracy

Hash nodes Precision rate/%  Recall rate/% F1/%

32 96.17 95.79 95.98
64 95.39 94.93 95.16
128 96.18 95.80 95.99
256 96.24 95.79 96.01
512 95.45 95.02 95.23
1024 95.75 94.54 95.14
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