O
ot
Sk
>
=
ol
rr
Mo
A
|

- 2021 =8 E7|=s5t35 FA

A4 Y BFEAS

Al-based X-ray diagnostic system implementation to
shorten the diagnosis process of emergency patients
suspected of lung disease

Haengbok Chung*, Saeyoun Choi*, and Hieonn Kim*
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Abstract

Due to the global pandemic, the number of emergency patients continues to increase. More than half (56%) of
patients visiting the emergency room are undergoing x-ray imaging. However, the time required for chest x-ray
diagnosis in the emergency room takes about an hour, which is very long for emergency patients who need proper
emergency treatment within golden time. In the case of system in this paper, x-ray imaging, which omits additional
tests, is shortened to two stages of diagnosis, and the diagnosis speed of diagnosis is drastically shortened to around
12 seconds. To implement this, Classification and Detection-based Web Service was implemented, and Synthetic
Medical X-ray Data were created using PGGAN to improve Classification performance. It is expected that these
system will be used to improve the efficiency of medical process such as specifying problematic area, reducing x-ray

processing time, and accurate disease classification in the emergency case.
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Fig. 1. Diagnosis before and after using service

# Disease Percentage

1 Atelectasis 74%

2 Cardiomegaly 68%

3 Effusion 56%
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Fig. 3. Result of diagnosis
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