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Abstract

This paper proposes a method of restoring corrupted depth image captured by depth camera through unsupervised learning using
generative adversarial network (GAN). The proposed method generates restored face depth images using 3D morphable model
convolutional neural network (3DMM CNN) with large-scale CelebFaces Attribute (CelebA) and FaceWarehouse dataset for training
deep convolutional generative adversarial network (DCGAN). The generator and discriminator equip with Wasserstein distance for
loss function by utilizing minimax game. Then the DCGAN restore the loss of captured facial depth images by performing another
learning procedure using trained generator and new loss function.
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Fig. 1. Depth image used in minimax game. (a) Extracted depth image by using 3DMM CNN and CelebA dataset, (b) Depth image from
FaceWarehouse dataset
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(b)
. (a) 7I& DCGAN, (b) Wasserstein distanceE &gct
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Fig. 4. Comparison of generated facial depth image after performing minimax game using two different loss functions. (a) Original DCGAN, (b)
DCGAN with Wasserstein distance (Learning rate: 0.0002, iteration count: 10,000)
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Table 1. Hyper parameters used in minimax game and restoration

Hyper Parameters Values

Iteration Number 25,000
Batch Size 64
Regularization Weight (\) 0.1

0.0001, 0.00012, 0.00015,
0.00017, 0.0002

Adam optimizer

Learning Rate

Optimization Function

9
o)

s 54 of A3 stolw] kehv]E(hyper parame-
ter)S2 o2 X 19 A3k
18 62 119 49 (b))l A © ek 25,0008 A

2 7HA9) T2 S SR SR AT Bl
9 92 Zo] GAlelth £4E HEE BASE Ho) &
o B SRR S E AAAE AEa] 98 vy
U2 A E o Y BEES AEse] s
oF 1 A% 85802 AU Holg olgle] A2
2ol A4S AR

0%

#
30% :
45% -
57% : 55%
75% E
100%
T 7. 3|58 9= 20| FAoA & ME dakg Y| flaf 017l DpAZls
+uE 2, o o
7

. Eye, nose, mouth region of obtained facial depth image

9|

(d) (e)
a2l 6. K 71X SHEES 018610 shaE MEAIZ THE0El = 20| Y4k (a) 0.0001, (b) 0.00012, (c) 0.00015, (d) 0.00017, (e) 0.0002
Fig. 6. Generated facial depth image by trained generator using five different learning rates. (a) 0.0001, (b) 0.00012, (c) 0.00015, (d) 0.00017,

(e) 0.0002
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Fig. 8. Results of depth image restoration after corrupting the original depth image with binary masks with different area. (a) Original depth image,

(b), (c), (d) Restoration result after corrupting 40%, 50%, and 60% of eyes part width, (e), (f), (g) Restoration result after corrupting 20%, 30%,
and 40% on nose part width, (h), (i), (j) Restoration result after corrupting 20%, 30%, and 40% on mouth part width (Learning rate used in
minimax game: 0.00017, learning rate used in restoration: 0.00015)
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Table 2. Comparison of restoration results and original depth images for each part

Eyes Nose Mouth
Image Corruption Ratio (%) 40 50 60 20 30 40 20 30 40
PSNR (dB) 29.34 | 30.06 | 30.11 31.83 31.7 30.39 | 29.03 | 29.15 29.6

(b) (©)
It (a) RGB ¥4, (b) A I} 8 #SE Y= 20| LY, (c) 2AE F=ES
Fig. 9. Restoration result of real corrupted facial depth image. (a) RGB image, (b) Obtained corrupted facial depth image, (c) Restoration result
on loss part
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