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Implementing a Depth Map Generation Algorithm by Convolutional
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Abstract

Depth map has been utilized in a varity of fields. Recently research on generating depth map by artificial neural network
(ANN) has gained much interest. This paper validates the feasibility of implementing the ready-made depth map generation by
convolutional neural network (CNN). First, for a given image, a depth map is generated by the weighted average of a saliency
map as well as a motion history image. Then CNN network is trained by test images and depth maps. The objective and

subjective experiments are performed on the CNN and showed that the CNN can replace the ready-made depth generation method.
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Fig. 1. Difference of conventional depth map methods and the proposed method. (a) The approach of the former and (b) diagram replacing a
customized depth map generation algorithm with CNN
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Fig. 2. Depth maps used in CNN training. (a) Input images and (b) generated depth maps
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Table 1. No. of frames for each video including training and test
frames

Video No. of frames Training 1
frames frames

Rainbow 33 26 7
ani 36 28 8
bird 60 48 12
birdfall 30 24 6
boat 300 240 60
football 132 105 27
girl 21 16 5
horse 71 56 15
ski 66 52 14
visor 22 16 6
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Fig. 5. Test images and subsequent depth maps made by the algo-
rithm of Ch. 2
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Fig. 6. Test Images and depth maps. (a) input image, (b) pixel depth map, (c) block-average ground-truth depth map, and (d) predicted block
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Fig. 7. Close-up of a girl depth map. (a) full depth map and enlarged (b) ground-truth and (c) predicted depth maps
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Table 2. Performance metric of ground-truth and predicted depths.
a=0.01, epoch=50

Video Ac‘(’;:)acy REL RMS log10
rainbow | 98.7500 0.0748 2.3700 0.0239
ani3 97.8929 0.0470 1.6637 0.0194
bird 98.6670 0.0296 1.9601 0.0110
birdfall | 98.3908 0.0758 22761 0.0216
boat 99.0440 0.0270 2.8310 0.0137
football | 99.4633 0.0284 1.4362 0.0106
girl 97.3490 0.0754 45239 0.0328
horse 98.1815 0.1219 2.7199 0.0286
ski 99,5465 0.0574 2.2816 0.2376
visor 98.4266 0.1481 2.9962 0.0170
Average | 98.5544 0.0685 25059 0.0416
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