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Research Background
1. De-raining

Proposed methods
1. Residual Learning
Plane Net

Outdoor vision systems

Residual Net

Rain
Blurring effect and haziness
Rainy image

Clean image

Rainy image

Residual image

2. Two main approaches

Video-based

Single-image

Advantage:
Easy to detect rain
streaks

Advantage:
Low calculation cost

Disadvantage:
The redundant
temporal information

Disadvantage:
Less information for
detecting rain streaks




Speed up training process.
Solve tradeoff between accuracy and network depth.



Solve the dependency on image context

2. Composite models
Integration of two
composite models
Clean image: 𝒙

We focus on single-image based approach.

Non-linear screen
blend model

Rain noise: 𝒗

Conventional methods

Applicable to a wide
variety of real-world
images.

𝒚=𝒙+𝒗 −𝒙∘𝒗
Composite

1. Decomposition method

Linear additive
composite model

Common approaches decompose a image into high and
low frequency domain.

𝒚 = min 𝒙 + 𝒗, 𝟏
Rainy image: 𝒚

3. Generating rain noise
① Generate uniformly distributed random
numbers 𝒖 ∈ 𝒰 0, 1 .
Input rainy image

Y.Luo [1]

DerainNet [2]

Decomposition
＋ dictionary learning

Decomposition
+ 3-layer CNN

Leave rain streaks

Unnatural hue change

2. Problems


Hue change



Over fitting
Not applicable to various types of real images
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② Adjust the noise amount 𝜎𝑎 and crop
between 0 and 1.

𝑣𝑖 ← min max 𝜎𝑎 𝑢𝑖 − 𝜆 + 𝜆, 0 , 1
𝑠. 𝑡. 𝜆 = 0.5

③ Apply Gaussian filter. 𝒗 = ℱ𝑔 𝒗
④ The noise is scaled by threshold values.
𝑣𝑖 ← min max

𝑣𝑖 − 𝜎𝑇min
𝜎𝑇max − 𝜎𝑇min

,0 ,1

⑤ A motion filter and the adjustment of rain
scale are applied.
𝒗 ← 𝜎𝑠 ℱ𝑚 𝒗

Training

① Add rain streaks on 900 images.

𝑧1 = 𝜙 𝑾𝟏 ∗ 𝒚 + 𝒃𝟏
𝑧𝑙 = 𝜙 BN 𝑾𝒍 ∗ 𝒚 + 𝒃𝒍 , 𝑙 = 2, … , 𝐿
𝒚 − 𝒙 = 𝑾𝑳 ∗ 𝑧𝐿 −1 + 𝒃𝑳

Add 14
kinds of
rain steaks
Clean image
𝒙

𝒗(𝜎𝑇min , 𝜎𝑙 , 𝜎𝜑 )

2. Results on real-world data

Rainy image
𝒚

For clearer appearance, a de-hazing method is
applied as a post-processing.

② 264,000 patches are randomly collected.
𝒙𝟏 , … , 𝒙𝒏

𝒚𝟏 , … , 𝒚 𝒏

Clean patches
(50 × 50 × 3)

Rainy patches
(50 × 50 × 3)

Real-world rainy image

Dehazed rainy image

Y.Luo [1]

③ The depth and breadth of our network are
empirically set to 𝐿 = 20 and 𝑛𝑙 = 64.
④ Caffe software package is used for training.
iters.: 100,000 (8 hours), solver: Adam
1
𝐸 𝛩 =
2𝑁

DerainNet [2]

𝑁

𝒚𝒏 − 𝒙𝒏 − ℛ 𝒚𝒏 ; 𝛩

Ours

Ours
(estimated rain noise)

3. Impact of composite models

2
2,

Mixture of additive and blend model is the best.

𝑛=1

𝑠. 𝑡. 𝛩 = 𝑊1 , 𝑏1 , … , 𝑊𝐿 , 𝑏𝐿 ,

Experimental results
1. results on synthetic data
PSNR

Rainy image
(synthetic)

SSIM

Rainy
image

Y.Luo [1]

DerainNet
[2]

Ours

Rainy
image

Y.Luo [1]

DerainNet
[2]

Ours

umbrella

26.58

31.68

26.30

35.02

0.858

0.910

0.902

0.975

bird

18.37

23.77

19.23

28.83

0.729

0.815

0.847

0.940

BSD100

22.48

26.65

22.89

29.90

0.841

0.878

0.898

0.950

Urban100

22.71

26.21

22.71

29.49

0.888

0.891

0.888

0.949

Rainy image
(real-world)

Images

Additive
composite
model

Additive
composite
model

Screen blend
model

Proposed
(additive and
screen blend)

Screen blend
model

Proposed
(additive and
screen blend)

Conclusion

Ground Truth

DerainNet
PSNR: 26.30 [dB] SSIM: 0.902

Synthesized rainy image
PSNR: 18.37 [dB] SSIM: 0.729

Ours
PSNR: 35.02 [dB] SSIM: 0.975

Y.Luo [1]
PSNR: 23.77 [dB] SSIM: 0.815

Ours
(estimated rain noise)

Residual CNN for de-raining
 Residual learning and batch normalization
achieves favorable performance.


Our diverse rainy dataset make the model
applicable to real-world images.



Proposed method outperforms other state-of-theart methods quantitatively and qualitatively.

