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[ Abstract] Objective To construct a deep learning-based target detection method to help radiologists perform
rapid diagnosis of lesions in the CT images of patients with novel coronavirus pneumonia (NCP) by restoring detailed
information and mining local information. Methods We present a deep learning approach that integrates detail
upsampling and attention guidance. A linear upsampling algorithm based on bicubic interpolation algorithm was adopted
to improve the restoration of detailed information within feature maps during the upsampling phase. Additionally, a
visual attention mechanism based on vertical and horizontal spatial dimensions embedded in the feature extraction
module to enhance the capability of the object detection algorithm to represent key information related to NCP lesions.
Results Experimental results on the NCP dataset showed that the detection method based on the detail upsampling
algorithm improved the recall rate by 1.07% compared with the baseline model, with the AP50 reaching 85.14%. After
embedding the attention mechanism in the feature extraction module, 86.13% AP50, 73.92% recall, and 90.37% accuracy
were achieved, which were better than those of the popular object detection models. Conclusion The feature
information mining of CT images based on deep learning can further improve the lesion detection ability. The proposed
approach helps radiologists rapidly identify NCP lesions on CT images and provides an important clinical basis for early
intervention and high-intensity monitoring of NCP patients.
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Table 1 Comparative experiment

Method AP50/% AP60/% AP70/% F1/% Recall/% Precision/%

Faster-RCNN™' 7025 5286 2650 52.59 8245 38.61
EfficientDet™ 7559 5680 27.44 6694 54.83 85.91

ssp”! 8324 7045 4724 7776 69.68 87.95
CenterNet®! 8400 69.90 46.08 58.85 4225 96.93
YOLOv3™ 83.89 6697 3643 77.18 66.90 91.18
yoLox™ 8506 6849 4286 7871 70.98 88.34
Ours 8613 7104 4556 8132 73.92 90.37

AP: average precision.
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Table2 Ablation experiment
Method AP50/% F1/% Recall/% Precision/%
Baseline 84.27 78.86 71.88 87.35
Baseline+Detail UpSampling2D 85.14 79.98 72.95 88.50
Baseline+Detail UpSamplingZDJrSENet[m 85.21 80.00 73.28 88.08
Baseline+Detail UpSampling2D+ECA[26] 85.52 80.33 73.73 88.22
Baseline+Detail UpSampling2D+CBAM"” 85.86 80.75 73.47 89.62
Baseline+Detail UpSampIing2D+SimAM[Z7] 85.88 81.29 74.92 88.85
Baseline+Detail UpSampling2D+Attention 86.13 81.32 73.92 90.37

AP: average precision.

FE2 PRI PIAT 45 5 R A G 4 A A LR A
B BEAEAT SR THET R A MR, 2 th R4y ok
FERLHBE A8 T 0 s R S 2019 15 5L, AT CT R P Y
M E B . THRSEI R oA B P 4 5 R
P % F CTEMSR AR i e R E 2, eAh, AR5
LR R R ML T TIH M ss . #2583 ~ 747
B 45 SR AR A B G AR i A ST LR RS A 4L
PETFCTEUG P NCPR LA P RE . (EAR R IS, AR
WAl A B AR e ge . 4Bk, 5l
B T T AL RE A0S DRRAE P10 3 123 1) RIK 25 ) 4
JERA JRBAE B, DX A8 SORFER 7 U AR AN 1
BRI BE B K5 2., 10 RE SR A FARE R T i R, A
7T 5 A % b 3R B C TR R N CP -

3 Wit

N T AR CTER P ININCPR kL, AT TE 12
T — R LSRR RITE R 5 SRR S ik 5

Y5k R B R1% )T EAP50(86.13%) . F14341(81.32%) Al
FE02£.(90.37%) 46 b5 _LHUS TR 5 tERE . ik 2bgh
TR 5 15 AT LA A 25 Hb Wb B s S R s 2 i e g
CTR AR PUIINCPEF
UEAER, FE TR 21 0 B AR U 75125 PR L5 R )
H Sh AL BARIE 8 BE 7 R ST #b . Faster-RCNN!"f5
fit TASBUBH 22 46 1t A R SR R T, X B B e A )
FEIL SR R HERE, R T XU I 4% (Region
Proposal Network, RPN ) A A g5 HE A4 A i LA Jn BRos:
TEEE . SR, T Faster-RCNNAY H b e A6 1 A7 5 B ik
AT A AE ) L85 PR EA T 43 SR RT3 BRI 7 A
BT, T 2, SSDMIYOLO &
A1) Y~ ity 81 i )y 2 S WK MG R 43S x SAS IS,
I P 35 B e 28 00 2 SR BBURRAE S 6 A A AR X I 7432
SIH o SHTH H AR AR 282 W H T kA
AR > R VATE ORI AR AR 2 T A
SRR . R T 22 I 2% B A S B i 42 2 B 40



F2 W BRRAESE MWCTEMG A I R Homs 2 s S BUR i

R AR ERAEANE RIS SRR E S5 459

TR, AV BT T4 FoRFE L. BRI S, A0
FEAE bR A R (0 FH L = R A (5 ok SRR P
bk S AR 3 ) 16 /M5 2 A A TH (B 15 DA ik
H AR A 575 v A et LSRR D ik, e AR R R 7
SRR AR TR ORI AN B AR AR, X RE A R R
XENCPHTAL 5 BAZIRAE T7 o R X 41y FoRFE T ik
BT ARS8 2 B T2 TR A R

Ty T, AT R I ALH AT LIS RRE B 15 R
SYBEAS IR A ALER , AE R 5% E FR 09 ZRAE R 4 i 5 5y
Fk . HETERATI B AR —{T59R S SENet Y,
HEIAT WA S8 132 2 0 FRE G BT 48 . R
Ifil, SENet 7EAE iliF B A i B rh R4 1T HFFIER] X
X2 2 E Z MO R A AFE I . T e ik A~
(B8, ECAPSE o 75 4 Jag F- 1y vl AL B4R J5 Al — 45 1
AR 4 12 0 J2 A LA T 00 4 BB T I A A G R
SENetFIECAZME T HARW A E B 8 T s flRax —4k
%, CBAM™IXF SENet#F47 1 Bltitk, 7ERFEIE] i1 5 iz
B AARI 2 a5 B . SimAM™ 3L T 2 fl oy 3
5 AR R pRESCK T 38 38 A2 [ 7 (5 Bz . SA
117, Sim AN FENRFAIE BBl i A B B it R AT DL AR LT
IR, SECLIC:A RAZ IR 0 J5 38 R SUfF
oo AT BB 2 I 46 A R AR B B AR TP N G 1
NCPHEALAF B, RIS A TSR A HLH . 5 2400
TAT BIALSE 1 B ], A8 08 28 SOR Y
HORAEFRAE B L Pl . B HEH— DA K
sigmoid PREICK IR A Rl (5 8 o ZR2 XA ALl 7
Rl S 56 R B AT 5 A ) R 2 ML R R T =i A5 8,
NI BE A E— (2 HER I RE A $E T

B2, R BT R — Ry EREERE R 5]
SO TR 2 2] 5 vk LA Bhsc R B AR A CT MG Hh ikt
KIMINCPAR kL. ANBFIT4R 04 7 et T LA AR R 40
Fufar i FAEC T BRG], R R A R b X, 75 4
BEZWT LA AR . Ah, 207 Bt i) T T CTIRR 1Y)
I R DA TR = A s Wi BE . e, X —AF9E
FECTEME 138 23 X N CPY k- iy E 7 2 HH i 4y 1ok
REFIAE BT HLE A S B P LS RS 2 X ARkt
THEATAHSC IR T

SR, W AR AE— B W RIBR . B 5, W % IR
FCTENZR HFNCPIAL 14 22 ]RUBE REPE, IREELTREE AR A
WFFE 51 A 22 R (1 FRAE $2 U 28 DASE iz Pk ik . e
W, AT AT A SR EO A BR, e AR IR g v, R
RGP RAFFE BRI LAFF & IS HErE Y R 4

25 b, o T A RO CTIRG rR AN C P b, A

WL T —Fh a0 LSRR 15 SR 21 Jr
oo AT ORAESR R A X RRAE B A T X R AR (A
SR AR SR TR I A2 2= (A A 15 JE AT 4 R 2 T 248 TR
A5 BAZHE o AN, 1207 1 tho 1 o 2 19X 286 1) R A 12 B
UL SE YNGR | KUK R E S = WAL IN i RS B U B Op =ik
A R R T S B NP LA 8 Y B 45 LUSR THG:
DUPERE o X HG 256 R il S 56 3R W T %005 I A R
A FEHE 0 T3k PT LA B O R B AR PR I C T
1% TP EINCPIR AL, E— 4 A NCP & 1 30 T 1R = 58
R WA 8 A R I PR -

* * *

EETMEY  BREREFSHESCUE ., BT, B r MRS
A5, WP SR 2 AIF SNSRI, B8 45 00 3T 20 S, SR LT IR A A
T, B T ST R g A BB, SR A SR PR, DR H A B
ML SRS BT VRS TR R SO se iACT], B2k
IR T B2, IE R X AR i 65

Author Contribution CHEN Junren is responsible for conceptualization,
formal analysis, methodology, and writing--original draft. CHEN Rui is
responsible for investigation and validation. QIU Jiajun is responsible for
funding acquisition, resource, and supervision. YIN Jin is responsible for
data curation and resources. ZHANG Lei is responsible for funding
acquisition, project administration, and writing--review and editing. All
authors consented to the submission of the article to the Journal. All authors
approved the final version to be published and agreed to take responsibility

for all aspects of the work.
FIZEWR A EE R AR £ o8
Declaration of Conflicting Interests All authors declare no competing

interests.

2 % X W

[1] ZHUN, ZHANG D, WANG W, et al. A novel coronavirus from
patients with pneumonia in China, 2019. N Engl ] Med, 2020, 382(8):
727-733. doi: 10.1056/NEJM0a2001017.

[2] LIANG W, LIANGH, OU L, et al. Development and validation of a
clinical risk score to predict the occurrence of critical illness in
hospitalized patients with COVID-19. JAMA Intern Med, 2020, 180(8):
1081-1089. doi: 10.1001/jamainternmed.2020.2033.

[3] ITON, KITAHARA Y, MIWATAK, et al. Can the Omicron variant of
COVID-19 cause pneumonia in young patients without risk factors? Clin
Case Rep, 2022, 10(5): €05684. doi: 10.1002/ccr3.5684.

[4] ZHANGK, LIU X, SHEN J, et al. Clinically applicable AI system for
accurate diagnosis, quantitative measurements, and prognosis of COVID-
19 pneumonia using computed tomography. Cell, 2020, 181(6):
1423-1433.el1. doi: 10.1016/j.cell.2020.04.045.

(5] B, By KBRS & KR BRI R TR L, DU )1 KR (B
W), 2023, 54(5): 855-856. doi: 10.12182/20230960301.

CHEN R S. Prospects for the application of healthcare big data combined


http://dx.doi.org/10.1056/NEJMoa2001017
https://doi.org/10.1056/NEJMoa2001017
http://dx.doi.org/10.1001/jamainternmed.2020.2033
https://doi.org/10.1001/jamainternmed.2020.2033
http://dx.doi.org/10.1002/ccr3.5684
http://dx.doi.org/10.1002/ccr3.5684
https://doi.org/10.1002/ccr3.5684
http://dx.doi.org/10.1016/j.cell.2020.04.045
https://doi.org/10.1016/j.cell.2020.04.045
http://dx.doi.org/10.12182/20230960301
http://dx.doi.org/10.12182/20230960301
http://dx.doi.org/10.12182/20230960301
http://dx.doi.org/10.12182/20230960301
http://dx.doi.org/10.12182/20230960301
https://doi.org/10.12182/20230960301

460

PR AE2A A (B 2R

5 554

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

with large language models. J Sichuan Univ (Med Sci), 2023, 54(5):
855-856. doi: 10.12182/20230960301.

XTI, SRRz, A, 5. UREES: S e MBS e Y G PP A o
FONEH. PO I R 2 2 4 (B2

20230960104.

,2023, 54(5): 908-914. doi: 10.12182/

ZHAO Y X, ZHANG XY, YANG B, et al. Application of deep learning
algorithm in the grading assessment of corneal fluorescein staining. J
Sichuan Univ (Med Sci), 2023, 54(5): 908-914. doi: 10.12182/
20230960104.

PRERAE, W36, 58, S5, AT AEEE 27 1 A SCRR A% 5% i T AL AT
5% P EEIEE 293, 2021, 21(8): 973-979. doi: 10.7507/1672-2531.
202102036.

CHEN J R, ZENG Y, ZHANG C, et al. Literature dissemination of
artificial intelligence applications in medicine:a visualization study. Chin J
Evid Based Med, 2021, 21(8): 973-979. doi: 10.7507/1672-2531.
202102036.

WANG G, LIU X, LIC, etal. A noise-robust framework for automatic
segmentation of COVID-19 pneumonia lesions from CT images. IEEE
Trans Med Imaging, 2020, 39(8): 2653-2663. doi: 10.1109/TMI.2020.
3000314.

YAN K, WANG X, LUL, etal. DeepLesion: automated mining oflarge—
scale lesion annotations and universal lesion detection with deep learning.
J Med Imaging (Bellingham), 2018, 5(3): 036501. doi: 10.1117/1.JMI.5.3.
036501.

FRKTE, W6, BRI, 45 —FhEE T Faster R-CNN AR RS, 1518 4 &
8 EVAR RN GB35 U1 R 2 2 4R (B2 ), 2023, 54(5): 915-922.

doi: 10.12182/20230960106.

ZHENG T L, YANG N, GENGSS, et al. An improved object detection
algorithm for thyroid nodule ultrasound image based on Faster R-CNN. J
Sichuan Univ (Med Sci), 2023, 54(5): 915-922. doi: 10.12182/
20230960106.

REN S, HE K, GIRSHICK R, et al. Faster R-CNN: towards real-time
object detection with Region Proposal Networks. IEEE Trans Pattern
Anal Mach Intell, 2017, 39(6): 1137-1149. doi: 10.1109/TPAMI.2016.
2577031.

Al-ANTARIM A, AI-MASNIM A, KIM T S. Deep learning computer-
aided diagnosis for breast lesion in digital mammogram. Adv Exp Med
Biol, 2020, 1213: 59-72. doi: 10.1007/978-3-030-33128-3_4.

REDMON J, DIVVALA S, GIRSHICK R, et al. You only look once:
unified, real-time object detection//Computer Vision & Pattern
Recognition. Las Vegas, NV, USA: IEEE, 2016: 779-788. doi: 10.1109/
CVPR.2016.91.

UNVER HM, AYAN E. Skin lesion segmentation in dermoscopic images
with combination of YOLO and GrabCut algorithm. Diagnostics (Basel),
2019, 9(3): 72. doi: 10.3390/diagnostics9030072.

REDMON J, FARHADI A. Yolov3: an incremental improvement. (2018-
04-08)[2023-03-12]. https://doi.org/10.48550/arXiv.1804.02767.

CAO Z, DUANL, YANG G, et al. Breast tumor detection in ultrasound

images using deep learning//International workshop on, patch-based
techniques in medical imaging. Cham: Springer, 2017: 121-128. doi: 10.
1007/978-3-319-67434-6_14.

[17] WEIL, DRAGOMIR A, DUMITRU E, et al. SSD: single shot MultiBox
detector. Cham: Springer, 2016. doi: 10.1007/978-3-319-46448-0_2.

[18] QIUJJ, YINJ, QIAN W, ef al. A novel multiresolution-statistical
texture analysis architecture: radiomics-aided diagnosis of PDAC based
on plain CT images. IEEE Trans Med Imaging, 2021, 40(1): 12-25. doi:
10.1109/TMI1.2020.3021254.

[19] BOCHKOVSKIY A, WANG CY, LIAO HY M. Yolov4: optimal speed
and accuracy of object detection. (2020-04-23)[2023-03-12]. https://arxiv.
org/abs/2004.10934.

[20] KEYS R. Cubic convolution interpolation for digital image processing.
IEEE Trans Acoust Speech Signal Process, 1981, 29(6): 1153-1160. doi:
10.1109/TASSP.1981.1163711.

[21] HU]J, SHEN L, SUN G. Squeeze-and-excitation networks//2018
IEEE/CVF conference on computer vision and pattern recognition. Salt
Lake: IEEE, 2018: 7132-7141. doi: 10.1109/CVPR.2018.00745.

[22] WOOS, PARK]J, LEE]J Y, et al. CBAM: convolutional block attention
module. Cham: Springer, 2018. doi: 10.1007/978-3-030-01234-2_1.

[23] TANM, PANGR, LE Q V. EfficientDet: scalable and efficient object
detection//2020 IEEE/CVF conference on computer vision and pattern
recognition (CVPR). Seattle: IEEE, 2020: 10778-10787. doi: 10.1109/CVPR
42600.2020.01079.

[24] ZHOU X, WANG D, KRAHENBUHL P. Objects as points. (2019-09-
25)[2023-03-12]. https://doi.org/10.48550/arXiv.1904.07850.

[25] GEZ, LIUS, WANGF, et al. Yolox: exceeding yolo series in 2021.
(2021-08-06)[2023-03-11]. https://doi.org/10.48550/arXiv.2107.08430.

[26] WANG Q, WU B, ZHU P, et al. ECA-Net: efficient channel attention
for deep convolutional neural networks//2020 IEEE/CVF conference on
computer vision and pattern recognition (CVPR). Seattle: IEEE, 2020:
11531-11539. doi: 10.1109/CVPR42600.2020.01155.

[27] YANGL, ZHANGRY, LIL, etal. SimAM: a simple, parameter-free
attention module for convolutional neural networks//International
Conference on Machine Learning. PMLR, 2021.

[28] GUOMH, XUTX, LIU JJ, et al. Attention mechanisms in computer
vision: A survey. Comput Vis Media (Beijing), 2022, 8(3): 331-368. doi:
10.1007/S41095-022-0271-Y.

(2023 - 09 — 05Uk, 2023 — 12 - 29f& 1)

ik x| A
FEBERI ASCH R AU B 4 Rl
4.0 bR AT PMY (CC BY-NC 4.0), FEAIE E i

https://creativecommons.org/licenses/by/4.0/
OPEN ACCESS This article is licensed for use under Creative Commons
Attribution-NonCommercial 4.0 International license (CC BY-NC 4.0). For more

information, visit https://creativecommons.org/licenses/by/4.0/.

© 2024 (PUJIRAF2EAR (BRI YAmAREE WU A

Editorial Office of Journal of Sichuan University (Medical Science)


http://dx.doi.org/10.12182/20230960301
https://doi.org/10.12182/20230960301
http://dx.doi.org/10.12182/20230960104
http://dx.doi.org/10.12182/20230960104
http://dx.doi.org/10.12182/20230960104
http://dx.doi.org/10.12182/20230960104
https://doi.org/10.12182/20230960104
https://doi.org/10.12182/20230960104
http://dx.doi.org/10.12182/20230960104
http://dx.doi.org/10.12182/20230960104
https://doi.org/10.12182/20230960104
https://doi.org/10.12182/20230960104
http://dx.doi.org/10.7507/1672-2531.202102036
https://doi.org/10.7507/1672-2531.202102036
https://doi.org/10.7507/1672-2531.202102036
http://dx.doi.org/10.7507/1672-2531.202102036
http://dx.doi.org/10.7507/1672-2531.202102036
https://doi.org/10.7507/1672-2531.202102036
https://doi.org/10.7507/1672-2531.202102036
http://dx.doi.org/10.1109/TMI.2020.3000314
http://dx.doi.org/10.1109/TMI.2020.3000314
https://doi.org/10.1109/TMI.2020.3000314
https://doi.org/10.1109/TMI.2020.3000314
http://dx.doi.org/10.1117/1.JMI.5.3.036501
https://doi.org/10.1117/1.JMI.5.3.036501
https://doi.org/10.1117/1.JMI.5.3.036501
http://dx.doi.org/10.12182/20230960106
http://dx.doi.org/10.12182/20230960106
http://dx.doi.org/10.12182/20230960106
http://dx.doi.org/10.12182/20230960106
https://doi.org/10.12182/20230960106
http://dx.doi.org/10.12182/20230960106
http://dx.doi.org/10.12182/20230960106
https://doi.org/10.12182/20230960106
https://doi.org/10.12182/20230960106
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1007/978-3-030-33128-3_4
http://dx.doi.org/10.1007/978-3-030-33128-3_4
https://doi.org/10.1007/978-3-030-33128-3_4
http://dx.doi.org/10.1109/CVPR.2016.91
http://dx.doi.org/10.1109/CVPR.2016.91
http://dx.doi.org/10.3390/diagnostics9030072
https://doi.org/10.3390/diagnostics9030072
https://doi.org/10.48550/arXiv.1804.02767
http://dx.doi.org/10.1007/978-3-319-67434-6_14
http://dx.doi.org/10.1007/978-3-319-67434-6_14
http://dx.doi.org/10.1007/978-3-319-46448-0_2
http://dx.doi.org/10.1109/TMI.2020.3021254
https://doi.org/10.1109/TMI.2020.3021254
https://arxiv.org/abs/2004.10934
https://arxiv.org/abs/2004.10934
http://dx.doi.org/10.1109/TASSP.1981.1163711
https://doi.org/10.1109/TASSP.1981.1163711
http://dx.doi.org/10.1109/CVPR.2018.00745
http://dx.doi.org/10.1007/978-3-030-01234-2_1
http://dx.doi.org/10.1109/CVPR42600.2020.01079
http://dx.doi.org/10.1109/CVPR42600.2020.01079
https://doi.org/10.48550/arXiv.1904.07850
https://doi.org/10.48550/arXiv.2107.08430
http://dx.doi.org/10.1109/CVPR42600.2020.01155
http://dx.doi.org/10.1007/S41095-022-0271-Y
https://doi.org/10.1007/S41095-022-0271-Y
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

	1 材料和方法
	1.1 数据集
	1.2 整体框架
	1.3 细节上采样
	1.4 视觉注意力
	1.5 评价指标及评价标准

	2 结果
	2.1 与先进方法的对比结果
	2.2 消融实验结果

	3 讨论
	参考文献

