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Abstract 

Rain removal from a video is a challenging problem and has been recently investigated extensively. Nevertheless, the 

problem of rain removal from a single image was rarely studied in the literature, where no temporal information among 

successive images can be exploited, making the problem very challenging. In this paper, we propose a single-image-

based rain removal framework via properly formulating rain removal as an image decomposition problem based on 

morphological component analysis (MCA). Instead of directly applying conventional image decomposition technique, 

we first decompose an image into the low-frequency and high-frequency parts using a bilateral filter. The high-

frequency part is then decomposed into “rain component” and “non-rain component” by performing dictionary learning 

and sparse coding. As a result, the rain component can be successfully removed from the image while preserving most 

original image details. Experimental results demonstrate the efficacy of the proposed algorithm. 

 

Introduction 

In this project, we propose a single-image-based rain streak removal framework [1]-[2] by formulating rain streak 

removal as an image decomposition problem based on MCA [3]. In our method, an image is first decomposed into the 

low-frequency and high-frequency parts using a bilateral filter. The high-frequency part is then decomposed into “rain 

component” and “non-rain component” by performing dictionary learning and sparse coding based on MCA. The 

major contribution of this paper is three-fold: (i) to the best of our knowledge, our method is among the first to achieve 

rain streak removal while preserving geometrical details in a single frame, where no temporal or motion information 

among successive images is required; (ii) we propose the first automatic MCA-based image decomposition framework 

for rain steak removal; and (iii) the learning of the dictionary for decomposing rain steaks from an image is fully 

automatic and self-contained, where no extra training samples are required in the dictionary learning stage. 

 

Motivation 

So far, the research works on rain streak removal found in the literature have been mainly focused on video-based 

approaches that exploit temporal correlation in multiple successive frames [4]-[6]. Nevertheless, when only a single 

image is available, such as an image captured from a digital camera/camera-phone or downloaded from the Internet, a 

single-image based rain streak removal approach is required, which was rarely investigated before. Moreover, many 

image-based applications such as mobile visual search, object detection/recognition, image registration, image stitching, 

and salient region detection heavily rely on extraction of gradient-based features that are rotation- and scale-invariant. 

Some widely-used features (descriptors) such as SIFT (scale-invariant feature transform) [7], SURF (speeded up robust 

features) [8], and HOG (histogram of oriented gradients) [9] are mainly based on computation of image gradients. The 
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performances of these gradient-based feature extraction schemes, however, can be significantly degraded by rain 

streaks appearing in an image since the rain streaks introduce additional time-varying gradients in similar directions, as 

examples shown in Figs. 1-2. In addition, visual attention models [10] compute a saliency map topographically 

encoding for saliency at each location in the visual input that simulates which elements of a visual scene are likely to 

attract the attention of human observers. Nevertheless, the performances of the model for related applications may also 

be degraded if rain streaks directly interact with the interested target in an image, as an example shown in Fig. 3. 

 

   
(a)                                                           (b)                                                           (c)                                                          (d) 

 
(e)                                                            (f) 

Fig. 1. Examples of interesting point detection: (a) the original non-rain image; (b) the rain image of (a); (c) SIFT interesting point detection for (a) (169 points); (d) 
SIFT interesting point detection for (b) (421 points); (e) SURF interesting point detection for (a) (131 points); and (f) SURF interesting point detection for (b) (173 

points). 

 

 
(a)                                                          (b) 

Fig. 2. Applying the HOG-based pedestrian detector released from [14] to: (a) the original rain image (4 pedestrians detected); and (b) the rain-removed version 
(obtained by the proposed method) of (a) (5 pedestrians detected). 

 



  
(a)                                                          (b) 

Fig. 3. Applying the visual attention model-based blob detector released from [15] to: (a) the original rain image (only 2 people partially marked in the 5 more 

remarkable people); and (b) the rain-removed version (obtained by the proposed method) of (a) (the 5 more remarkable people marked). 

 

Proposed Automatic Single-Image-Based Rain Streaks Removal Framework 

Fig. 4 shows the proposed single-image-based rain streak removal framework, in which rain streak removal is 

formulated as an image decomposition problem. In our method, the input rain image is first roughly decompose into 

the low-frequency (LF) part and the high-frequency (HF) part using the bilateral filter [11], where the most basic 

information will be retained in the LF part while the rain streaks and the other edge/texture information will be 

included in the HF part of the image as illustrated in Figs. 5(a) and 5(b). Then, we perform the proposed MCA-based 

image decomposition to the HF part that can be further decomposed into the rain component [see Fig. 5(c)] and the 

geometric (non-rain) component [see Fig. 5(d)]. In the image decomposition step, a dictionary learned from the 

training exemplars extracted from the HF part of the image itself can be divided into two sub-dictionaries by 

performing HOG [9] feature-based dictionary atom clustering. Then, we perform sparse coding [12] based on the two 

sub-dictionaries to achieve MCA-based image decomposition, where the geometric component in the HF part can be 

obtained, followed by integrating with the LF part of the image to obtain the rain-removed version of this image as 

illustrated in Figs. 5(e) and 5(f). 

 

 
Fig. 4. Block diagram of the proposed rain streak removal method. 

 



   
(a)                                                            (b)                                                          (c)                                                            (d) 

   
(e)                                                           (f)                                                               (g) 

Fig. 5. Step-by-step results of the proposed rain streak removal process: (a) the low-frequency (LF) part of the rain image in Fig. 1(b) decomposed using the 

bilateral filter [11] (VIF = 0.33); (b) the high-frequency (HF) part; (c) the rain component; and (d) geometric component. Combining (d) and the LF part shown in 

(a) to obtain: (e) the rain-removed version for the rain image shown in Fig. 1(b) (VIF = 0.50); (f) the rain-removed version for the rain image shown in Fig. 1(b) 
with extended dictionary (VIF = 0.52); and (g) the rain-removed version for the rain image shown in Fig. 1(b) via the K-SVD-based denoising [16] (VIF = 0.46). 

 

Algorithm: Single-Image-Based Rain Streaks Removal 

Input: a rain image I. 
Output: the rain-removed version            of  . 
1. Apply the bilateral filter to obtain the LF part     and HF part    , such that          . 

2. Extract a set of image patches                , from    . Apply the online dictionary learning for sparse 

coding algorithm to solve  
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to obtain the dictionary     consisting of the atoms that can sparsely represent             . 

3. Extract HOG feature descriptor for each atom in    . Apply K-means algorithm to classify all of the atoms into two 

clusters based on their HOG feature descriptors. 

4. Identify one of the two clusters as “rain sub-dictionary,”       and the other one as “geometric sub-dictionary,” 

     . 

5. Apply MCA by performing OMP to solve 
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for each patch    
    , k = 1, 2, …, P,  in     with respect to     [           ] . 

6. Reconstruct each patch    
  to recover either geometric component    

  or rain component    
  of     based on the 

corresponding sparse coefficients obtained from Step 5. 

7. Return the rain-removed version of I  via                  
 . 

 

Experiments 

Because we cannot find any other single-image-based approach, to evaluate the performance of the proposed algorithm, 

we first compare the proposed method with a low-pass filtering method called the bilateral filter proposed in [11], 

which has been extensively applied and investigated recently for image processing, such as image denoising. Besides, 

to demonstrate that existing image denoising methods cannot well address the problem of single-image-based rain 



removal, we also compare the proposed method with the state-of-the-art image denoising method based on K-SVD 

dictionary learning and sparse representation proposed in [16] based on the assumption that the standard deviation of 

noise, which is assumed to be Gaussian distributed, can be known in advance, with a released source code available 

from [17] (denoted by “K-SVD-based denoising”). In rain removal applications, the standard deviation value of the 

rain noise is usually unknown. To estimate the standard deviation of the rain noise, for a rendered rain image with a 

ground-truth, we direct calculate the deviation of each rain component patch as an initial value, whereas for a natural 

rain image, we use the rain component obtained from the proposed method to estimate the initial value. We then 

manually tune the value around the initial value to ensure that most of the rain streaks in the rain image can be removed. 

We collected several natural or synthesized rain images from the Internet with ground-truth images (non-rain 

versions) for a few of them. To evaluate the quality of a rain-removed image with a ground-truth, we used the visual 

information fidelity (VIF) metric [13] which has been shown to outperform PSNR (peak signal-to-noise ratio) metric. 

Besides, we also compare our method with a video-based rain removal method based on adjusting camera parameters 

proposed in [6] (denoted by “video-based camera see”), which should outperform most of other video-based techniques 

without adjusting cameras. We captured some single frames from the videos released from [6] and compared our 

results with the ones of [6] from the same videos. For each video released from [6], the preceding frames are rain 

frames, followed by succeeding rain-removed frames in the same scene. We pick a single rain frame from the 

preceding frames for rain removal and compared our results with the rain-removed one [6] of a similar frame from the 

succeeding frames in the same video (no exactly the same frame is available for comparison). The rain removal results 

are shown in Figs. 5-25. The simulation results demonstrate that although the bilateral filter can remove most rain 

streaks, it simultaneously removes much image detail as well. The proposed method successfully removes most rain 

streaks while preserving most non-rain image details in most cases. Moreover, the simulation results also demonstrate 

that the performance of the proposed methods is comparable with the “video-based camera see” method when rain 

streaks are obviously visible in a single frame. Moreover, we also demonstrate the significance of the proposed method 

with extended dictionary by calculating the VIF values for selected image regions, as shown in Fig. 26. 
 

    
(a)                                                        (b)                                                    (c)                                                       (d) 

    
(e)                                                        (f)                                                      (g)                                                      (h) 

   



(i)                                                           (j)                                                       (k) 

Fig. 6. Rain removal results: (a) the original non-rain image (ground-truth); (b) the rain image of (a); (c) the rain-removed version of (b) via the bilateral filter [11] 

(VIF = 0.31); (d) the HF part of (b); (e) the rain sub-dictionary for (d); (f) the geometric sub-dictionary for (d); (g) the rain component of (d); (h) the geometric 
component of (d); (i) the rain-removed version of  (b) via the proposed method  (VIF = 0.53); (j) the rain-removed version of (b) via the proposed method with 

extended dictionary (VIF = 0.57); and (k) the rain-removed version of (b) via the K-SVD-based denoising [16] (VIF = 0.51). 

 

    
(a)                                                            (b)                                                           (c)                                                            (d) 

      
(e)                                                           (f) 

Fig. 7. Rain removal results: (a) the original non-rain image; (b) the rain image of (a); the rain-removed versions of (b) via the: (c) bilateral filter [11] (VIF = 0.21); 
(d) K-SVD-based denoising [16] (VIF = 0.21); (e) proposed method (VIF = 0.36); and (f) proposed method with extended dictionary (VIF = 0.38). 

 

    
(a)                                                            (b)                                                          (c)                                                            (d) 

 
                              (e)                                                            (f) 

Fig. 8.  Rain removal results: (a) the original non-rain image; (b) the rain image of (a); the rain-removed versions of (b) via the: (c) bilateral filter [11] (VIF = 0.09); 

(d) K-SVD-based denoising [16] (VIF = 0.16); (e) proposed method (VIF = 0.20); and (f) proposed method with extended dictionary (VIF = 0.20). 
 



    
(a)                                                           (b)                                                          (c)                                                          (d) 

   
                                (e)                                                             (f) 

Fig. 9.  Rain removal results: (a) the original non-rain image; (b) the rain image of (a); the rain-removed versions of (b) via the: (c) bilateral filter [11] (VIF = 0.29); 
(d) K-SVD-based denoising [16] (VIF = 0.38); (e) proposed method (VIF = 0.56); and (f) proposed method with extended dictionary (VIF = 0.60). 

 

    
(a)                                                             (b)                                                             (c)                                                             (d) 

Fig. 10.  Rain removal results: (a) the original rain image; and the rain-removed versions of (a) via the: (b) K-SVD-based denoising [16]; (c) proposed method; and 

(d) proposed method with extended dictionary. 

 

    
(a)                                                           (b)                                                               (c)                                                          (d) 

Fig. 11.  Rain removal results: (a) the original rain image; and the rain-removed versions of (a) via the: (b) K-SVD-based denoising [16]; (c) proposed method; and 

(d) proposed method with extended dictionary. 
 



    
(a)                                                             (b)                                                          (c)                                                            (d) 

Fig. 12.  Rain removal results: (a) the original rain image; and the rain-removed versions of (a) via the: (b) K-SVD-based denoising [16]; (c) proposed method; and 

(d) proposed method with extended dictionary. 
 

    
(a)                                                              (b)                                                         (c)                                                             (d) 

Fig. 13.  Rain removal results: (a) the original rain image; and the rain-removed versions of (a) via the: (b) K-SVD-based denoising [16]; (c) proposed method; and 
(d) proposed method with extended dictionary. 

 

    
(a)                                                              (b)                                                         (c)                                                             (d) 

Fig. 14.  Rain removal results: (a) the original rain image; and the rain-removed versions of (a) via the: (b) K-SVD-based denoising [16]; (c) proposed method; and 

(d) proposed method with extended dictionary. 

 

    
(a)                                                              (b)                                                         (c)                                                             (d) 

Fig. 15.  Rain removal results: (a) the original rain image; and the rain-removed versions of (a) via the: (b) K-SVD-based denoising [16]; (c) proposed method; and 

(d) proposed method with extended dictionary. 
 



    
(a)                                                              (b)                                                         (c)                                                             (d) 

Fig. 16.  Rain removal results: (a) the original rain image; and the rain-removed versions of (a) via the: (b) K-SVD-based denoising [16]; (c) proposed method; and 

(d) proposed method with extended dictionary. 
 

    
(a)                                                              (b)                                                         (c)                                                             (d) 

Fig. 17.  Rain removal results: (a) the original rain image; and the rain-removed versions of (a) via the: (b) K-SVD-based denoising [16]; (c) proposed method; and 
(d) proposed method with extended dictionary. 

 

    
(a)                                                              (b)                                                         (c)                                                             (d) 

Fig. 18.  Rain removal results: (a) the original rain image; and the rain-removed versions of (a) via the: (b) K-SVD-based denoising [16]; (c) proposed method; and 

(d) proposed method with extended dictionary. 

 

    
(a)                                                              (b)                                                         (c)                                                             (d) 

Fig. 19.  Rain removal results: (a) the original rain image; and the rain-removed versions of (a) via the: (b) K-SVD-based denoising [16]; (c) proposed method; and 

(d) proposed method with extended dictionary. 
 



    
(a)                                                              (b)                                                         (c)                                                             (d) 

Fig. 20.  Rain removal results: (a) the original rain image; and the rain-removed versions of (a) via the: (b) K-SVD-based denoising [16]; (c) proposed method; and 

(d) proposed method with extended dictionary. 
 

    
(a)                                                              (b)                                                         (c)                                                             (d) 

Fig. 21.  Rain removal results: (a) the original rain image; and the rain-removed versions of (a) via the: (b) K-SVD-based denoising [16]; (c) proposed method; and 
(d) proposed method with extended dictionary. 

 

    
(a)                                                              (b)                                                         (c)                                                             (d) 

Fig. 22.  Rain removal results: (a) the original rain image; and the rain-removed versions of (a) via the: (b) K-SVD-based denoising [16]; (c) proposed method; and 

(d) proposed method with extended dictionary. 

 

    
(a)                                                              (b)                                                         (c)                                                             (d) 

Fig. 23.  Rain removal results: (a) the original rain image; and the rain-removed versions of (a) via the: (b) K-SVD-based denoising [16]; (c) proposed method; and 

(d) proposed method with extended dictionary. 
 



    
(a)                                                             (b)                                                          (c)                                                             (d) 

Fig. 24.  Rain removal results: (a) the original rain image; and the rain-removed versions of (a) via the: (b) video-based camera see method [6]; (c) proposed 

method; and (d) proposed method with extended dictionary. 
 

    
(a)                                                           (b)                                                            (c)                                                            (d) 

Fig. 25.  Rain removal results: (a) the original rain image; and the rain-removed versions of (a) via the: (b) video-based camera see method [6]; (c) proposed 
method; and (d) proposed method with extended dictionary. 

 

Groun-truth K-SVD Proposed Proposed with extended 
dictionary 
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(VIF = 0.39) 

 
(VIF = 0.61) 

 
(VIF = 0.70) 
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(VIF = 0.35) 

 
(VIF = 0.45) 

 
(VIF = 0.53) 

(d) 

Fig. 26.  Rain removal results of selected image regions. From left to right are the original non-rain image; and the rain-removed versions via the: K-SVD-based 

denoising method [16]; proposed method; and proposed method with extended dictionary. 

 

Conclusions 

In this paper, we have proposed a single-image-based rain streak removal framework by formulating rain removal as an 

MCA-based image decomposition problem solved by performing sparse coding and dictionary learning algorithms. 

Our experimental results show that the proposed method can effectively remove rain steaks without significantly 

blurring the original image details. For future work, the performance may be further improved by enhancing the sparse 

coding, dictionary learning, and partition of dictionary steps. For example, when performing sparse coding, some 

locality constraint may be imposed to guarantee that similar patches should have similar sparse codes/coefficients [18]. 

Moreover, the proposed method may be extended to remove rain streaks from videos or other kinds of repeated 

textures. 
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