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Abstract

The input of UNet and UNet variant network in CT image segmentation task is a single slice in CT
image sequence, or a multi-view image of a single slice, and the feature relationship between CT im-
age sequences is not considered, a new CSI-UNet lung nodule segmentation method is proposed. The
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network takes multiple continuous CT slices as input and fully considers the characteristics be-
tween the segmented target slice and the adjacent slices. The CSI-UNet model improves the encoder
of UNet, so that it can accept multiple continuous CT image slices. In the skip connection structure,
the newly proposed independent and general continuous slices layer fusion module CSF-Block is
introduced to complete feature extraction and probabilistic fusion, so as to obtain more accurate
segmentation results. In the experiment, LUNA16 lung nodule segmentation public data set was used
to train and verify the network and UNet model. Finally, Dice coefficient and MIoU are used to evaluate
the segmentation results. On the test set, Dice coefficient and MIoU in UNet model can reach 79.59%
and 78.81% respectively, and CSI-UNet model can reach 85.56% and 84.72% respectively. The
experimental results show that CSI-UNet can accurately segment the nodule region on the chest CT
image.
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PEH T a0 U-Net [10]. SegNet [11]Z (7511 CNN WZSBERL, FHEUS AR . JR1M, X 2L T77EAUY
EZ4E CT B BT o, HBZATHEESEFH =4EE, SBOFERRRAASK. Ak, 2
B SR HUE A =4k CT JFFUE RN, f&5E] 3D CNN &4, XA dknl it e, (Hia
XTSRRI, RR2 GPUL AFEE, IXESTHREBEIEIR ] T 3D CNN M4 Z 4Ll e 4
&, b gk,
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CT BUE AT IR« ARAE D& Bl e 2 5 Jifi 0 45 1 A B A 7 B R T Bk o AR T — P Bt it v
R BB CSI-UNet BEAUHESE , 42— Fh CSF-Block e HESE rh AT A SRR E B &, T-5
I CT EUE RIS, HAH AR T T 2D CNN (3 HIMESE, FH445E T 3D CNN 5 EIHE
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Figure 1. CSI-UNet structure
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Figure 2. Residual structure
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3.2. CSF-Block £5#4

CSF-Block 1% N\ JZ#K Input )= (Feature Map, N x H x W x C), & N M E, #iEl C, =5
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Figure 3. CSF-Block structure
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Figure 4. Channel attention module structure
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Figure 5. Pretreatment process
5. FALIBLIE

4.3. TNIBER

VRIEHEFE(Confusion Matrix, WIRZEREFE), 2 —MH N x N FHEREEASRR R %45 R it
ATV B — Pl b A% 3K o AR ST BEUR 20 B T — A 70/ 2R AR, TR, FH 2 x 2 IR A R BRI T VP4
TRIEFERE WAL 1, Horr, T 403K True, F{R3K False, P 43 Postive, N 8% Negative.

Table 1. Confusion matrix

F* 1 REERE

e =1 e =0
H%fE =1 TP FN
HIH =0 FP N

7 BG4 2040k, 43 Dice AHALL &% (Dice Similariy Coefficient, DSC) 1152 3 Hi(Mean Intersection
over Union, MloU)Z& kP vkt pe, Bk A1), K (©2):

Dice=— 20 ())
FP+2TP +FN
k
MloU = 1 > P 2)
k+1Z% FN+FP+TP

4.4. SRRREER

SO 0 73 E 5095 CSI-UNet 5 UNet. UNet++. Dense-UNet. Swin-UNet i#E47%FH,  DAREEEAS
[E P4 (11 k. K 5-fold cross validation, Z%iIlZ5KH] Adam b, 221508 0.0002, Hikek %k
NAE X, BOE BN ReLU, e KIEARVKEL epoch #24 200 %¢, batchsize #24 40. 7E Window10 “F-&
AR, 5454 Nvidia GeForce RTX 3060 Ti, CPU i Core i7-12700K, WTEA 32G, 4wfLiE =
4y Python 3.8, )&% >JHESEy Pytorch 1.8.0.
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Figure 6. Comparison diagram of segmentation results
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Table 2. Evaluation index of different models of confusion matrix
%= 2. SRIBHEEAEIREAEMNIEFR

UNet UNet++ Dense-UNet Swin-UNet CSI-UNet
Train_Dice 81.47 84.69 87.10 82.85 88.39
Train_MloU 81.82 84.32 85.64 81.46 86.27
Dice 79.59 82.45 83.28 80.61 85.56
MioU 78.81 80.46 82.13 79.42 84.72

M 2 AR, AEAERIAR SRR RIS O T , ASCRIAAE Dice Al MloU fibn NI THAh k2%, AEL UNet
$#&TF T 5.97%- 5.91%, MM St CSI-UNet B85 8 1 5 2 1) =45 U, IF HAEW] 1 H o FR 2
FEFHRI R ENA R . Swin-UNet RIUALAL T UNet, Xt el Re R HFEE R AN, BASHOIGAE KL
o M7 Zetfil 75 M EEINZRI epoch 2 & i m] DLE— 0 B S 7 SRS AL O PR RE, Wi SIcH R R
HEp MBS RO WD R B R . X T PR PEAT AR, I ZRAT R SO BT SR, U
SRS, IR INZRARXT AR, JRARI LR AAE AR 2 1, [, &SR0 HIR R
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Figure 7. Model training curve
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Table 3. Residual module ablation experiment

% 3. BRERRIHASE

EEEM Bk ZER R
Dice 80.47 85.56
MloU 79.38 84.72

5. &ig

Fli 28755 ) 3 B TSNV BIZ WA 3 0 B RIPE T . AR XIESE CT BB BIHERAHE L
AU AR EE T Z A OC R, R T — RS UNet 23 #1071 BT HsRie R W, %077k ERE BRI
RiF, 2EIRERAH, Dice HELREAMN MioU #A R . EALFIRBAAE ENAL, BT HEES
IR AR SNSRI 78 70 BORHAIE, BT LAIZ 7% AR PR T CT MRI ERAESY T 524, X1
JERE. REMATPTER. 535b, BT RMEEL, BRI A RE T RIS 1T 1 2 R
TP T TAR B R XHZ I A HEZRAE AN (R R Kt 4 BRIt 7T, DAY IR AG B 4y PR i 5 70 3 TR e
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