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Abstract

Aiming at the problem of judging the depth levels of monocular images, a method based on the
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K-means clustering algorithm to judge the depth levels of monocular images is proposed. Through
image enhancement and image filtering, the purpose of optimizing the image to improve the con-
trast, retaining the detailed features and filtering the image noise is achieved. According to the
K-means clustering algorithm, the image is segmented by clustering pixels with similar gray val-
ues to achieve depth level division. In this experiment, different numbers of clustering centers are
selected for in-depth division and the results are compared. Experimental results show that the
depth level judgment method proposed in this paper has achieved relatively good results in some
geometric scenes.
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Figure 1. Image enhancement
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Figure 2. Mean filtering effect
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Figure 3. Flow chart of clustering algorithm
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