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Robust Object Detection from Indoor Environmental Factors
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Abstract

In this paper, we propose a detection method of reduced computational complexity aimed at separating the
moving objects from the background in a generic video sequence. In generally, indoor environments, it is difficult
to accurately detect the object because environmental factors, such as lighting changes, shadows, reflections on
the floor. First, the background image to detect an object is created. If an object exists in video, on a previously
created background images for similarity comparison between the current input image and to detect objects
through several operations to generate a mixture image. Mixed-use video and video inputs to detect objects. To
complement, the objects detected through the labeling process to remove noise components and then apply the
technique of morphology complements the object area. Environment variable such as, lighting changes and
shadows, to the strength of the object is detected. In this paper, we proposed that environmental factors, such
as lighting changes, shadows, reflections on the floor, including the system uses mixture images. Therefore, the
existing system more effectively than the object region is detected.

A= (object detection), HIEAAH 2EE(background image modeling), E&l3  mixture image)
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Fig. 2. The algorithm that generates the background image
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