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Moving Shadow Detection using Deep Learning
and Markov Random Field

Jong Taek Lee*,

ABSTRACT

Hyunwoo Kang*, Kil-Taek Lim'

We present a methodology to detect moving shadows in video sequences, which is considered as a
challenging and critical problem in the most visual surveillance systems since 1980s. While most previous
moving shadow detection methods used hand-crafted features such as chromaticity, physical properties,
geometry, or combination thereof, our method can automatically learn features to classify whether image
segments are shadow or foreground by using a deep learning architecture. Furthermore, applying Markov
Random Field enables our system to refine our shadow detection results to improve its performance.
Our algorithm is applied to five different challenging datasets of moving shadow detection, and its
performance is comparable to that of state-of-the-art approaches.

Key words: Moving Shadow Detection, Convolutional Neural Network, Markov Random Field,
Surveillance System, Object Detection
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Fig. 1. Flowchart for moving shadow detection,
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Fig. 2. An illustration of our CNN architecture,
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Table 1. The shadow detection rates(n) and shadow discrimination rates (¢) for proposed algorithms(DNN,
DNN+MRF) and conventional algorithms(DNM, RMSDAP)

Method Campus Hallway Lab Room CAVIAR
n/ g[%] n/ %] n/ %] n/ %] n/ %]
DNM 829/ 86.7 -/ - 76.3 / 89.9 786 / 90.3 -/ -
RMSDAP 338 / 91.0 883 / 964 -/ - -/ - 89.7 / 96.4
DNN 74.3 / 849 89.6 / 92.2 86.2 / 84.3 80.3 / 93.7 84.0 / 937
DNN+MRF 74.1 / 8.8 90.3 / 91.6 873 / 84.3 824 / 938 84.7 / 939
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Fig. 1. Qualitative shadow detection results of the proposed method,
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