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Abstract: The automatic tumor segmentation of PET-CT images through intelligent learning methods is an important research field to assist
doctors in formulating diagnosis and treatment plans. PET-CT images have the advantages of both PET and CT modalities. Traditional methods
mostly simply register and fuse the images of the two modalities to extract features, ignoring the irregular tumor boundary contour of neuroblas-
toma. To this end, a two—stage automatic segmentation framework structure model is proposed. Firstly, use 3D convolutional neural networks
to locate the tumor location; Then generate multimodal point cloud data near the segmented tumor area and extract the shape contour features
of the tumor; Finally, the features extracted by the two networks are fused to predict the final segmentation result. The proposed model was
compared with other multimodal methods on both proprietary and public datasets, and the experimental results verified the superiority and ef-

fectiveness of the proposed model, which can provide reference and inspiration for researchers studying the segmentation of neuroblastoma.
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Fig.1 PET-CT images of neuroblastoma
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Table 1 Comparative experiments among the proposed method and
various 3D methods

K1 FXFESSHIDFTENLERER

Approachs DSC/%  Presicion/%  Recall/% ToU/% HD/mm
3D U-Net 81.27 90.42 74.12 81.79 11.72
V-Net 81.83 89.37 71.52 81.77 14.62
Baseline 83.41 90.93 77.66 82.73 9.67
Ours 86.51 93.05 80.61 84.36 7.40

H Ot AT R, AR SO 4 7 BE AR DSC E Ol 86.51%, 1E
Presicion |4 93.05%, 7 Recall |- 4 80.61%, £ ToU K
84.36% , 7£ HD Ik 7.40 mm, A4 F HoAh )y 75 R B AL
25 b AR SO 5 B AE PET-CT 2856 285 4 28 1 41 i 98 4
FIE 55 b BAT TSR A 5E A ), IR A5 G IR AR AR R IE B
AEX,

42 SESHMEYRIR
AR SCSLH AL T it 2 RS RS T S AR A

BN Z B oy B M RE SCR g R an e 2 s . kT WL,
S CT MR A ROCR 22, DSC 2 78.16% 5 LA FH PET ]
1R BRI AT - T, DSC R 81.54% ; XU 25 & il 4 I /Y
BRI, DSC o 86.51% . S EW] , 75 PET-CT K {8 4k
i PET GO0 i 73 B 8 R T CT IR, 283
FRERL G+ 2 R AR E— PR AT ST

Table 2 Experimental results of different modal inputs

K2 FEESEAHIBRER

Approachs DSC/%  Presicion/%  Recall/% ToU/% HD/mm
PET 81.54 87.17 78.06 78.81 12.9
CT 78.16 82.91 77.21 79.99 28.88
PET-CT 86.51 93.05 80.61 84.36 7.40

43 NHYIEE EHELKRIE
T B UE A SO T 85 #E 1, 7F HECKTOR2021 3k 5
Ji# 19 PET-CT BMG8R 46 Lt A7 5600k, 5 CHUS #7344
VRN EAEE RV SR, SCIREE R N3 3 i .
Table 3 Experimental results of different methods on the Hecktor

2021 public dataset
R3 AEFETE Hecktor2021 AHHIFEE FHTLIEER %o

Approachs DSC Presicion Recall
SE-Based U-Net 75.1 81.6 75.1
nnU-Net 77.6 77.7 82.5
UNTER 73.7 78.3 75.6
Ours 75.2 82.8 72.8

F O AT L, T B B TR R A F R 4R 5 Tk DSC R T T
0.1% , {H 48 %% T nnU—-Net {4 DSC F&% T 2.4% ; 1E Presicion
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T %7 EAE PET-CT B A B B — 8 1& bk

(& 4 J& 758 T A< 3077 1 H Baseline 75 1% 5005 4 | 1] #0
TRgs 5 N BAMKYC R CT L PET & AR HAh 5 vk
OG5 IR AR SO IR g . ] O, A SO iR BT AR B 1A
F TR AT bR A B AR UE B T B A E e R A TR
TE A 350

Fig. 4 Visualization result
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