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REAIE PR 326 A DX 1AL 190 246 O 2 i 6 X SRR A P EH 22 13 1 006 T 4% 4 1Y Cascade R-CNN ( region convolutional
neural networks ) i & =5 BT BEREA R ARG 5 53 50 03 SCHAT NS, B5R A SCEALTE DeepLesion 04 46 1 EAT 40
W, ZEIRE, 7e D3R 4 1 A S 349 46 U KS o 83.15% , /- EI LI 25 SR 5 B L hn & B o 5 F 3 B iR 228
1.27 mm,ﬁﬁj—iqzﬂjl%ﬁjﬂ 1. 69 mm, 73 #PEREDE T MULAN ( multitask universal lesion analysis network for joint lesion
detection, tagging and segmentation ) A1 Auto RECIST( response evaluation criteria in solid tumors ) , H.f Wi i 154
IFEAEDAL 91.7 ms, £5iE X T MO CT BUR A SCBRI B R4 i A6 5 23 B HERE , JF HL 10 i [7) 42 2%
B HERPRAEZE0 S DeeplLesion $UIRHIERIAY CT BIESLBURALASIN 5 73 %] A SCRERITE — 2 L B2 b RE I i B2
57 NGV IR A 23807 CT R R K

SRR R ) ST RALIBTZ S (CT) R i kEAS I 5 5%k 1 ; DeepLLesion

Multiorgan lesion detection and segmentation based on deep learning

Li Shengdan, Bai Zhengyao”

School of Information Science and Engineering, Yunnan University, Kunming 650091, China

Abstract: Objective Most of the computed tomography ( CT) image analysis networks based on deep learning are designed
for a single lesion type, such that they are incapable of detecting multiple types of lesions. The general CT image analysis
network focusing on accurate, timely diagnosis and treatment of patients is urgently needed. The public medical image set is
quite difficult to build because doctors or researchers must process the existing CT images more efficiently and diagnose dis-
eases more accurately. To improve the performance of CT image analysis networks, several scholars have constructed 3D
convolutional neural networks (3D CNN) to extract substantial spatial features which have better performances than those of
2D CNN. However, the high computational complexity in 3D CNN restricts the depth of the designed networks, resulting in
performance bottlenecks. Recently, the CT image dataset with multiple lesion types, Deeplesion, has contributed to the
universal network construction for lesion detection and segmentation task on CT images. Different lesion scales and types
cause a large burden on lesion detection and segmentation. To address the problems and improve the performance of CT

image analysis networks, we propose a model based on deep convolutional networks to accomplish the tasks of multi-organ
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lesion detection and segmentation on CT images, which will help doctors diagnose the disease quickly and accurately.
Method The proposed model mainly consists of two parts. 1) Backbone networks. To extract multi-dimension, multi-scale
features, we integrate bidirectional feature pyramid networks and densely connected convolutional networks into the back-
bone network. The model’ s inputs are the combination of CT key slice and the neighboring slices, where the former pro-
vides ground truth information, and the latter provide the 3D context. Combining the backbone network with feature fusion
method enables the 2D network to extract spatial information from adjacent slices. Thus, the network can use features of the
adjacent slices and key slice, and network performance can be improved by utilizing the 3D context from the CT slices.
Moreover, we try to simplify and fine tune the network structure such that our model has a better performance as well as low
computational complexity than the original architecture. 2) Detection and segmentation branches. To produce high-quality,
typical proposals, we place the features fused with 3D context into the region of proposal network. The cascaded R-CNN
(region convolutional neural network ) with gradually increasing threshold resamples the generated proposals, and the high-
quality proposals are fed into the detection and segmentation branches. We set the anchor ratiosto1:2, 1: 1, and2 : 1,
and the sizes in region of proposal networks to 16, 24, 32, 48 | and 96 for the different scales of lesions. We take different
cascaded stages with different value of intersection over union such as 0.5, 0. 6, and 0. 7 to find the suitable cascaded sta-
ges. The original region of interest (ROI) pool method is substituted with ROI align for better performances. Result We
validate the network’ s performance on the dataset DeepLesion containing 32 120 CT images with different types of lesions.
We split the dataset into three subsets, namely, training set, testing set, and validating set, with proportions of 70% ,
15% , and 15% , respectively. We employ the stochastic gradient descent method to train the proposed model with an initial
learning rate of 0. 001. The rate will drop to 1/10 of the original value in the fourth and sixth epoch (eight epochs in total
for training) . Four groups of comparative experiments are conducted to explore the effects of different networks on detec-
tion and segmentation performance. Multiple network structures such as feature pyramid networks (FPN) , bidirectional fea-
ture pyramid networks ( BiFPN) , feature fusion, and different number of cascade stages and segmentation branch are con-
sidered in our experiments. Experimental results show that BiFPN can function well in the detection task compared with
FPN. Moreover, detection performance is greatly improved by using the feature fusion method. As the number of cascaded
stages increases, detection accuracy drops slightly, while the performance of segmentation improves greatly. In addition,
the networks without a segmentation branch can detect lesions more accurately than those with a segmentation branch.
Hence, we recognize a negative relationship between detection and segmentation tasks. We can select different structures
for distinct requirements on detection or segmentation accuracy to achieve satisfying results. If doctors or researchers want to
diagnose lesions more accurately, the baseline network without a segmentation branch can meet the requirements. For more
accurate segmentation results, baseline network with three cascaded stages network can achieve the goal. We present the
results from the three-stage cascaded networks. The results show that the average detection accuracy of our model on the
DeepLesion test set is 83. 15% , while the average distance error between the segmentation prediction result and the real
weak label of response evaluation criteria in solid tumors (RECIST) ’s endpoint is 1. 27 mm, and the average radius error
is 1. 69 mm. Our network’s performance in segmentation is superior to the multitask universal lesion analysis network for
joint lesion detection, tagging, and segmentation and auto RECIST. The inference time per image in our network is 91. 7 ms.
Conclusion The proposed model achieves good detection and segmentation performance on CT images, and takes less time
to predict. It is suitable for accomplishing lesion detection and segmentation in CT images with similar lesion types in the
DeepLesion dataset. Our model trained on DeepLesion can help doctors diagnose lesions on multiple organs using a
computer.

Key words: deep learning; computed tomography (CT) images; lesion detection; lesion segmentation; DeepLeison
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Fig.1 The Mask R-CNN framework( He et al. , 2017)
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Fig.9 Ground truth, RECIST, detection and

segmentation results
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Table 1 Comparison of detection accuracy ( sensitivity) and ablation studies on the test set of

DeepLesion among different methods

/%

T MR S REAS B
WIRPA ¥H
0.5 1 2 4

ULDor( Tang % ,2019) 52. 86 64. 8 74. 84 84.38 69. 22
3DCE( Yan % ,2018a) 62. 48 73.37 80.7 85.65 75.55
RetinaNet( Zlocha % ,2019) 72.15 80. 07 86. 4 90. 77 82.35
MULAN = ( Yan %,2019) - - - - 84.24
FPN JCRHERE G 65. 88 75. 67 82.25 87. 46 77. 81
BiFPN JoHRHE Rl & 67.00 76.2 82.94 88. 09 78. 56
FPN 74. 96 82.45 87.13 91.21 83.94
BiFPN ( FE/EM 4 ) 75. 47 82.76 87.85 91.00 84.27
BiFPN (ZEAERIZ%) + o4 # 75. 61 82.89 88.25 92. 09 84.71
BiFPN + I Y B B 72.42 81.9 87.36 91.41 83.27
BiFPN + SRIK P BBt + o411 73.37 82.61 87.89 91.67 83. 89
BiFPN + 203t = BBt 73.09 81.33 87.03 91.16 83. 15
BiFPN + 21k = Bt + Joor 73.85 81.54 87.37 91.28 83.51

L PR R 25 B R AL 4

&2 AREFiETE DeepLeison X & FH5> El 1 BE
(FENRE )L EHBSEIEHR
Table 2 Comparison of segmentation accuracy ( error)
and ablation studies on the test set of DeepLesion

among different methods

/mm
Auto RECIST( Tang %,2018) - 1.71
MULAN = ( Yan %,2019) 1.43 1.97
BiFPN ( FEAMER %) 1.49 2.07
BiFPN(JEMEMIZ) + SR B B 1.38 1.88
BiFPN( E:EMIZE) + ZK = KBt 1.27 1. 69

TE PRSI RARER, - 7 FoRZIHR IR AT

4.4 BEBLLFE IS 43 BN L R

& 10 /2 BiFPN 23K =B Bt 28 7 DeepLesion
TSR A 23 TN 455 SR , €2, P o RELHE 1K Bl 2
IR ELSARTHE A RECIST , HoAt 3 (1,26 718 0 285 T
MEER B Ron i e, &l 10

¢ = T FOR IR AR AN TR, O IR R RIS

x3 AREFESEEGERRE
Table 3 Comparison of inference time

per image among different methods

/ms
i I W AR HE DRI IR ]

MULAN * ( Yan %,2019) 102.2

BiFPN ( FEfEM 2% ) 95.7

BiFPN (JEIHEMZ%) + S MR B 93.8

BiFPN (JEMERI4%) + ZIBt =B Bt 91.7

T L R R L4 5

AP R TR TR/ NS S AL, AR SCIR 4 G
N5 73 B R A, T0I 45 SR A AT e B 45 L0
b, L AT BE TN H RE A BE BB A bR A, AN
B 10 () , ORI RT LU H 260 B0 45 2R ) 7 =
DI LU S 25 SN U 0 R A kb, LA R O
0.949, TiE 10(b) o, Ze 5 G 45 R bnic—
AR BARE X, HABEREh 0. 912, 47 AT RBJ& AR AR 1 1) &

2729



PEERRBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol.26 ,No. 11,Nov. 2021

B 20,984 BE1£0.975 F1£0.996
(a) Mz HbAE (b) JPRERG AL (c) HFRFRAL

BEFEE0.982
(d) "B gkt

BE{FEE0.969
() TR LYkt

EHE0.949
(O Bkt

E 10 sciessip

Fig. 10 The experiment results

((a)abdomen lesion; (b)liver lesion; (¢) lung lesion; (d)kidney lesion; (e ) soft tissue lesion; (f) pelvis lesion)
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