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[Abstract]

Since most medical emergencies including cardiac arrest and stroke happen unexpectedly, it is critical to recognize and respond
to the situations immediately. In this paper, we propose an Al-based system which recognizes automatically medical emergencies
where pedestrians fall unexpectedly due to their health problems captured in real-time video clips from CCTVs and locates the
geometric position on a map on a web page to provide with prompt first aids. To this end, we extend the YOLO (You Only Look
Once) network, a variant of the Convolutional Neural Network (CNN) which is suitable for 2D still images, not video. Though
many researchers have studied on the methods dedicated to recognize objects in video, with a belief that CNN is not enough to
recognize motions, we show that it is possible to build a robust but simple medical emergency detection system by extending the
YOLO network - a variant of CNN - that only handles 2D images. Also, we report the performance of the proposed system in

four performance measures in this paper.
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Fig. 1. Object Detection Process in YOLO
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Table 1. Data structure for labeling

Level 1 Level 2 Level 3 Level 4
folder
filename
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size width
height O3 4, Ho[ef 2pE ofA|(Yolo_mark A& 3| 74X)
Fig. 4. Sample for Data Labelling (from a Screenshot in
depth Yolo mark)
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Table 2. Configuration for Data Set

Size of Training Set Size of Test Set Total
981
original 651 285 1,266
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Table 3. Important Training Parameters

Parameters Values
batch 64
subdivisions 32
width 960
height 640
channels 3
momentum 0.9
decay 0.0005
angle 0
saturation 1.5
exposure 1.5
hue 0.1

Classification (prediction)

=R TP FN P=TP+FN
=
=i FP TN N=FP+TN
-1
(53- g P'=TP+FP | N'=FN+TN | Total=P+N=P"+N’
-
O3 5. =594
Fig. 5. Confusion Matrix
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Table 4. Evaluation

iteration precision recall lou mAP
800 0.61 0.08 0.4127 0.139382
20000 0.9 0.9 0.7139 0.932216
40000 0.87 0.88 0.7025 0.92986
60000 0.85 0.82 0.6768 0.894376
80000 0.87 0.92 0.709 0.953961
100000 0.85 0.87 0.6951 0.918128
120000 0.89 0.94 0.7293 0.95485
140000 0.86 0.91 0.6967 0.936966
160000 0.87 0.88 0.7011 0.933121
180000 0.85 0.93 0.6891 0.944179
200000 0.91 0.91 0.757 0.944822
220000 0.9 0.94 0.7456 0.966287
240000 0.85 0.9 0.6887 0.935802
260000 0.94 0.94 0.7799 0.957075
280000 0.91 0.9 0.7523 0.95913
300000 0.82 0.84 0.6629 0.886985
320000 0.89 0.89 0.7392 0.947542
340000 0.93 0.91 0.7879 0.968043
360000 0.91 0.88 0.7433 0.95602
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400000 0.94 0.83 0.7651 0.925723
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440000 0.92 0.89 0.7537 0.94
460000 0.96 0.94 0.812 0.966747
480000 0.95 0.94 0.8067 0.972924
500000 0.96 0.94 0.8114 0.966317
final 0.95 0.94 0.8069 0.967415
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