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Lung Nodule Segmentation And Diagnosis

 Lung cancer is one of the most frequently diagnosed cancers in the world,
approximately 70% of which are diagnosed at advanced stages.

« An accurate segmentation mask and diagnosis result can greatly reduce the
diagnostic time.

* Due to the complex visual characteristics of lung nodules, the segmentation
accuracy of existing methods cannot meet the clinical needs of radiologists.

* Due to the lack of interpretable diagnosis results, radiologists are often
confused about the automatic malignancy prediction results.
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End-to-End Multi-Task Learning

Architecture
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.- End-to-End Multi-Task Learning

Multi-Channel Input

CT Image SLIC OTSU







.- Experiments

Lung Nodule Segmentation

TABLE I
COMPARISON BETWEEN OUR FRAMEWORK AND EXISTING METHODS ON
THE LIDC-IDRI DATASET.

Nodule (GT) Ours Baseline  Nodule (GT) Ours Bascline

Method Strategy DSC Tol
H. Liu et al. |34] FCN U-Net 77.84
H. Liu et al. |34] FCN V-Net 79.59
H. Cao et al, [22 Dual-branch Resnet 82,74
Amonim et al, |21] Multi-ornientation L-Net 83.00 | 76.00
Tang et al. [5] 3D DUNN 83.10 | 71.85
Astaraki et al. [35] 2-Channels U-Net 85.86
Baseline Single-Channel Single-Task | 84.96 | 7499
Mulu-Task Single-Channel Mulu-Task | 86.19 | 76.75
Ours Multi-Channel Multi-Task | 86.43 | 77.14

Visualized segmentation results of the proposed framework (red color)
and baseline (blue color, single-channel single-task). The green color
represents the ground truth.
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lung nodule diagnosis

TABLE 111
MEDICAL FEATURES AND MALIGNANCY PREDICTION RESULTS,

Non-Explainable Methods Texture Spiculation Lobulation Margin Sphericity Calcification Subtlety Malignancy
3D Multi-Scale + RF ||E;|] - - - - - - - BO.84
3D Multi-Crop [37] - - - - - - . 87.14
Interpretable Methods - - - - - - - -

3D Dual-Path-Dense HSCNN [E|I 83.4 - - 72.50 55.20 90,80 71.90 8420
XK-Caps [@I 93.10 75.23 T70.69 84.14 85.14 - 20.39 BH.39
Owrs single-channel 87.32 93.57 94.38 T8.52 67.70 94.07 67.51 B6.33
Ours multi-channel 89.00 93.75 94.75 TE.88 65.63 94.07 7077 87.07

Nodu | Sub Cal Sph | Mar | Lobu | Spicu | Tex | Mali
A 1/1 1/1 1/1 1/1 0/0 0/0 1/1 1/1
B 1/1 1/1 1/1 1/1 1/1 0/0 1/1 1/1
C 0/0 1/1 0/0 1/1 0/1 0/0 1/1 0/0
D 0/0 1/1 1/1 0/0 0/0 0/0 1/1 0/0
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