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Face hallucination algorithm via combined learning
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Abstract: Most of the existing deep learning based face hallucination algorithms only use a single network partition to
reconstruct high-resolution output images without considering the structural information in the face images, resulting in the
lack of sufficient details in the reconstruction of vital organs on the face. Therefore, a face hallucination algorithm based on
combined learning was proposed to tackle this problem. In the algorithm, the regions of interest were reconstructed
independently by utilizing the advantages of different deep learning models, thus the data distribution of each face region was
different to each other in the process of network training, and different sub-networks were able to obtain more accurate prior
information. Firstly, for the face image, the superpixel segmentation algorithm was used to generate the facial component
parts and facial background image. Secondly, the facial component image patches were independently reconstructed by the
Component-Generative Adversarial Network (C-GAN) and the facial background reconstruction network was used to generate
the facial background image. Thirdly, the facial component fusion network was used to adaptively fuse the facial component
image patches reconstructed by two different models. Finally, the generated facial component image patches were merged
into the facial background image to reconstruct the final face image. The experimental results on FEI dataset show that the
Peak Signal to Noise Ratio (PSNR) of the proposed algorithm is respectively 1.23 dB and 1. 11 dB higher than that of the
face image hallucination algorithms Learning to hallucinate face images via Component Generation and Enhancement
(LCGE) and Enhanced Discriminative Generative Adversarial Network (EDGAN). The proposed algorithm can perform
combined learning of the advantages of different deep learning models to learn and reconstruct more accurate face images as
well as expand the sources of image reconstruction prior information.
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Fig. 1 Outline of face hallucination via combined learning

C-GAN FH TR B EMR S 4 45 =F & 19 X8k, i CNN
W FHF 2 20 44 NI MG AE R 5645 8., T Fusion-Net WU 1]

TRl A 2 4 AR ALOEE R PR T B R A Y A
(B AR AR SCHR I 1 — o 2 ot 28 ) 246 il TR S ) 0



712

P EHUR A

% 40 %

REEMELL, A T 8T UL B IR, SR T EAR Y N 45 2540
INVLUEEE , Sy T Ak I R ) 52 2% B AR SN B e = 3,0 3R
7 NG LA B, 33 ST CLCER IS ) LC2 (87 ) AT C3 ()3
bt ST AR, FH DATIE AR SCRT 4R L B A R . )
BRI 2 iR

PN R[S

LS VRN
t t t t
[ NSRS | | R | | AR | |«

EH&LR) | | (C1-LR) (C2-LR) (C3-LR)

Y Y Y Y
| NN | [C1-GAN| [C2-GAN | [C3-GAN |

¥
é’g?ﬁ% [GAN-C1-SR|[GAN-C2-SR][GAN-C3-SR|

—| Fusion-Net(F1)
Fusion-Net(F2)

Fusion-Net(F3)

HER Y S2EhE

o

&2

Fig. 2 Flow chart of combined learning algorithm
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Fig. 3 Network structure of face Component Generative Adversarial Networks (C-GAN)
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Fig. 6 Subjective comparison of the proposed method with other algorithms on dataset FEI
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Tab. 3 Comparisonof PSNR,SSIM, VIF and testing time results of
different algorithms

Hk PSNR/dB SSIM VIF TR B ] /s
Bicubic 36. 25 0.9418 0. 6467 1.26
SRCNN 38.58 0.9529 0.6870 1.85
VDSR 39.54 0.9590 0.7144 1.44
LCGE 38. 55 0.9519 0.6875 237.00
EDGAN 38.67 0.9475 0. 6645 1.83
LRI 39.78 0.9614 0.7312 1.62
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