A Generic Deep Architecture for Single Image Reflection Removal
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Challenges Observation
> Single image reflection removal: » Edge information plays a very important role in many low-level
. Underdetermined, weighted combination of scenes from  VIsion tasks, such as
- - » layer separation (reflection removal
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training the deep neural network. ” } 2o * }’,‘;’;} 4
» Naively mixing two natural images by scaling different j o 1 A | B Jf
layers with Welghts summed to 1 does not work! . Image filtering (image smoothing)
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* Slow running time of traditional image smoothers. e
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networks: Unsatisfactory quality (PSNR < 35).

Contributionl: Cascaded Edge and Image Learning Network (CEILNet)

Instead of predicting images directly, we separate
: Nput Image Nput Image
the end-to-end FCN into two sub networks: i ° P g

» Target edge prediction :I_> _L':I__’

* Target image reconstruction 13 blocks

Both tasks are much more easier and learned with

the similar CNN structure, 32-layer FCN.

v' Edge map represents the color difference
between the 4 adjacent pixels.
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Contribution2: Reflection Image Synthesis Pipeline

1. R « gauss_blur,(R) with o~U(2,5)

2.1<R+B

3. m < mean({I(x,c)|I(x,c) > 1,Vx,Vc = 1,2,3}) ¥ /L

4. R(x,c) « R(x,c) —y-(m—1),Vx,V¢;ysetas 1.3 __

5R<C liP[0,1] (T?) = Tl

Note m is adaptively-computed, and subtracted by R. Step 1 Step 2 Step 3 Step 4,5 Step 6
Ablation Study of Deep Network Performance Evaluation of Reflection Removal Task

Demonstration of necessity of I- » Guess which is real and which is synthetic?

CNN by replacing it with traditional
method Domain Transform (DT) ,
and importance of E-CNN by using
I-CNN only:.

MSE PSNR SSIM

DT + input image edge 124.41 27.38 0.806
DT + pred. edge by E-CNN 51.26 31.17 0.964
DT + GT edge 45.67 31.66 0.971
[-CNN only 37.79 32.58 0.969
[-CNN only (64 layers) 31.86 33.33 0.973
[-CNN with input edge (64 layers) 22.50 34.86 0.979

CEILNet 13.34 37.10 0.989

Performance Evaluation of Image Smoothing Task
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CEILNet Quality BLF IBLF Lo RGF RTV WLS WMF L; Ave
ponp | XulS 3502 3297 3166 3249 3568 3392 29.62 32.62
Ours 4376 3818 37.10 42.05 44.03 4139 3970  36.99  40.40

sopv Xuls 0976 0962 0966 0950 0.974 0963  0.960 0.964

Ours 0995 0989 0989 0991 0994 0994 0989 0982  0.990

Test ime (s) BLF IBLF RGF Lo WMF RTV WLS L Xul5 Liul6 Ours

QVGA (320x240) 0.03 0.11 0.22 0.17  0.62 0.41 0.70 32.18 0.23 0.07 0.03
VGA (640x480)  0.12 0.40 0.73 0.66  2.18 1.80 3.34  212.07  0.76 0.14 0.12
720p (1280x720) 034  0.97 [.87 243  4.98 5.74  13.26 90436 2.16 0.33 0.35

Input edge ' GT edge Pred. edge by E-CNN


https://github.com/fqnchina/CEILNet

