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Pneumothorax detection and quantification in chest computed tomography images using a U-NET deep
learning segmentation algorithm WANG Shu-hao, YE Li-fang, YANG Ming-ming, et al. Department
of Radiology,the Sixth People’s Hospital affiliated to Shanghai Jiaotong University School of Medi-
cine,Shanghai 200233,China

[Abstract] Objective: To construct a deep learning segmentation algorithm using U-NET archi-
tecture based on CT images of pneumothorax patients,and evaluate its performance. Methods: The e-
mergency chest CT images from 2018 —2019 were retrospective collected and annotated by a radiolo-
gist,followed by another senior radiologist to revise and review the annotated pneumothorax content
as a gold standard.A deep learning algorithm was trained and tested using a five-fold cross-validation
method.Segmentation accuracy was evaluated at the pixel level by Dice coefficients,recall and compli-
ance,and volumetric error in pneumothorax quantification was assessed. The sensitivity of pneumotho-
rax regions and the number of false positive regions were evaluated at the region level for each patient.
Results: A total of 200 pneumothorax patients were enrolled,and the mean Dice coefficient, recall rate
and compliance rate were 0.789,0.794,and 0.820, respectively. For patients with total pneumothorax
greater than 300mL,the average Dice coefficient,recall and compliance rate can reach more than 0.89.
For patients with a total pneumothorax volume greater than 100mL,the relative error of pneumotho-
rax quantification was less than 10%.For the pneumothorax region with volume greater than 30mlL.,
the regional sensitivity could reach 100%. The average volume of false-positive regions was 2.3mL
(1.55~3.66ml.) ,and the average number of false-positive regions was 2.8 (2.06~4.23) per case.Con-
clusion; The U-NET deep learning segmentation algorithm showed acceptable performances at both
pixel and region levels, which can suggest as a potential tool in assisting emergency medical personnel
to reduce the workload.
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