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Near-miss Scene Detection from Event Recorder Data
Using Video and Sensor
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Abstract: In this paper, we propose a method to automatically detect near-miss scenes using multi-modal
data including video and sensor data from event recorder data collected by vehicles. Our method encodes
image and sensor data at each time-step into efficient feature representation via convolutional neural net-
works and fully-connected networks. Also, it can handle sequential information of the concatenated features
of them by using recurrent neural networks. In our experimental evaluation of near-miss scene detection from
real event recorder data, we demonstrate that our proposed method shows higher detection performance than
three methods of without using sensor, video, or sequential information.
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Fig. 1 Network architecture of near-miss scene detection.
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Fig. 2 Accuracy for number of inputting frames in each

method.
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