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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, input video is converted into JPEG image with constant size. We 
propose a single-image-based rain removal framework via properly formulating rain removal as an image decomposition problem 
based on bilateral filter and k means algorithm. Instead of directly applying a conventional image decomposition technique, the 
proposed method first decomposes an image into the low- and high-frequency (HF) parts using a bilateral filter. The HF part is 
removed in rain image then decomposed into a “k means algorithm”. As a result, the rain component can be successfully removed 
from the image while preserving most original image details. Finally images converted into video format. Experimental results 
demonstrate the efficacy of the proposed algorithm 
 
 
 Index Terms – k means,bilateral filter. 
 
 
 
 

I.  Introduction 
 

  Different weather conditions such as rain, snow, haze or fog will cause complex visual effects of spatial or temporal domains 
in images or videos[1]. Such effects may significantly degrade the performances of outdoor vision systems relying on image/video 
feature extraction or visual attention modeling, such as image registration, event detection, object detection, tracking, and 
recognition, scene analysis and classification, image indexing and retrieval, and image copy/near-duplicate detection[2]. To the 
best of our knowledge, current approaches are all based on detecting and removing rain streaks in a video. This paper is among the 
first to specifically address the problem of removing rain streaks in a single image[2]. Note that rain removal in an image may also 
fall into the category of the problem about image noise removal or image restoration. Hence, in the following subsections, we first 
briefly review current vision-based (video-based) rain removal approaches and image noise removal, followed by presenting our 
motivations of single-image-based rain streak removal and contribution of the proposed method[8]. 
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2. Rain removing using Bilateral Filter 

                A bilateral filter is a non-linear, edge-preserving and noise-reducing smoothing filter for images[25]. The intensity value 
at each pixel in an image is replaced by a weighted average of intensity values from nearby pixels.[3] This weight can be based on 
a Gaussian distribution. Crucially, the weights depend not only on Euclidean distance of pixels, but also on the radiometric 
differences (e.g. range differences, such as color intensity, depth distance, etc.). This preserves sharp edges by systematically 
looping through each pixel and adjusting weights to the adjacent pixels accordingly. Adobe Photoshop implements a bilateral filter 
in its surface blur tool. GIMP implements a bilateral filter in its Filters-->Blur tools; and it is called Selective Gaussian Blur'.[11] 

The bilateral filter is defined as 

 

where the normalization term 

 

    
    Filtering is perhaps the most fundamental operation of image processing and computer vision. In the broadest sense of the 
term "filtering",[11] the value of the filtered image at a given location is a function of the values of the input image in a small 
neighborhood of the same location. For example, Gaussian low-pass filtering computes a weighted average of pixel values in the 
neighborhood, in which the weights decrease with distance from the neighborhood center. Although formal and quantitative 
explanations of this weight fall-off can be given, the intuition is that images typically vary slowly over space, [10]so near pixels 
are likely to have similar values, and it is therefore appropriate to average them together. The noise values that corrupt these 
nearby pixels are mutually less correlated than the signal values, so noise is averaged away while signal is preserved. The 
assumption of slow spatial variations fails at edges, which are consequently blurred by linear low-pass filtering.  
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3. Rain removal identification using Kmeans Algorithm 
 

The intensity histogram of a pixel in a video taken by a stationary camera exhibits two peaks. K-means clustering algorithm 
can be used to identify the two peaks[25]. For each pixel in the image, its intensity over the entire video is collected to compute its 
intensity histogram. Then, K-means clustering with K = 2 is applied. The two initial cluster centers wb for background and wr for 
rain are initialized to be the smallest and the largest intensities of the histogram. The distance d between the intensity I of pixel p 
and cluster center w is computed as:  
During K-means clustering, pixel p is distributed to the background cluster if d(Ip, wb) < d(Ip, wr); otherwise, it is distributed to 
the rain cluster. After distributing the intensities of the pixels, the center of cluster C is updated as follows:  

K-means clustering is performed until converging to identify the clusters of background and rain intensities. The above 
method is appropriate for videos of stationary scenes taken by a stationary camera. For videos of stationary scenes taken by a 
moving camera, the method can still be applied after performing video stabilization to remove camera motion. Video stabilization 
is performed by warping every video frame to align with the first frame. [7]After removing rain, the stabilized video is 17 
destabilized by performing inverse warping to restore the original camera motion 

 

 
 

 
There are some possible ways to further improve the visual qualities of rain-removed images. In addition to collecting training 
exemplar patches from some training nonrain images for learning, we may extract training patches from the same or neighboring 
camera(s) when extending the proposed method to video rain removal. That is, we may extract exemplar patches from the 
neighboring rain-removed frames captured by intra/inter cameras in the same scene. Then, we can integrate the geometric sub 
dictionary obtained from the HF part itself and the extended dictionary learned from the recollected training patches to form the 
final geometric sub dictionary. Moreover, the shared-private factorization scheme proposed in may be used to further improve the 
performance of image decomposition. In two best leverage the information contained in each view of an image represented by 
multiple views/ modalities,[25] inspired by structured spare coding, the authors proposed an approach to learning factorized 
representations of multiview data in which the information is correctly factorized into components that are shared across several 
views and private to each view. The concept of shared-private factorization may be applied to further improve our work in two 
aspects.[18] First, a rain image can be segmented into several local regions with different local characteristics, which can be 
viewed as the multiple views.  
We may apply the multiview learning to learn a latent space that can separate the information (rain atoms) shared among several 
views from the information (unique nonrain atoms) private to each view. Then, the two dictionaries for rain removal can be 
accordingly identified. Second, rather than learning two disjoint private dictionaries without any 26 common atoms for the rain 
and nonrain components, the two dictionaries may share some common atoms (i.e., the shared dictionary). Soft clustering (e.g., the 
fuzzy C-means) rather than hard clustering, or shared-private factorization, can be used to obtain better sparse representations.  
 

4. K-means Clustering Algorithm for Rain Detection  
 
The intensity histogram of each pixel in video presents to be the Mixture Gauss Model.[6] Considering that K-means Clustering is 
an effective algorithm for Mixture Gauss Distribution, it can be used to confirm the locations of cluster centers which stand for 
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raindrops, background, and even the moving objects[3]. In order to accelerate the processing rate of rain detection in dynamic 
scenes, concise two peak histogram model than three-peak one is established.[15]  

5. Training K-means clustering for Stationary Scenes  
 
In stationary scenes, the intensity of each fixed pixel over the entire video is stored to compute the histogram[15]. Then the 
obtained histograms are trained with Kmeans clustering, where K equals 2. As to each histogram, two cluster centers ωb for 
background and ωr for raindrops are initialized to be the minimum and maximum of the intensity. The Euclid distance d standing 
for the distance between the intensity I in pixel p and the cluster center ω is computed as the following equation,  

 

Pixel p in frame n is divided in raindrop cluster, if d(Ip,ωr) is smaller than d(Ip,ωb); otherwise it is divided in background cluster. 
After that, the center of cluster C is updated as follows: 

 

K-means Clustering continues until the cluster centers converge. Considering the difference for recognition of raindrops between 
lower intensity background and higher one, we believe that higher intensity background appears, if distance between the higher ω 
and the maximum of the intensity is within the limit θl. In that case, the lower ω stands for ωb and the higher one stands forω r. 
The contrary case also works. When cluster centers are confirmed, pixel p in each frame can be considered to be the background 
or rain. If temporal property of histogram model is taken into account, the obtained cluster centers can be applied to further frames 
in video  
 

6 .Exiting methods 

 
             We conducted experiments on several videos with rain to demonstrate the effectiveness of our algorithms[2]. In all 
experiments, we chose the photometric threshold c = 3 and the spatio-temporal correlation was computed using (11×11) 
neighborhoods over f = 30 frames. The rain segmentation has a temporal lag since 30 frames were used to compute spatio-
temporal correlation. Where a person is moving and speaking over the phone. Rain is visible through the window. The camera 
moves and zooms in on the person[2]. The detection task is challenging due to the fast moving textures. Despite these 
complexities, our algorithm robustly detects only pixels with rain. Note that we are unable to detect rain in pixels with a bright 22 
background (white wall) because the changes in intensities produced by rain are very low. and the differences between the 
derained and original frames. Similar results are shown for a clip from the movie. Despite the fast back and forth motion of the 
person‟s head and the book, our algorithm detects only pixels affected by rain. Results for a scene with raindrops falling and 
forming a pool of water. The ripples of water may be viewed as a temporal texture with frequencies similar to those produced by 
rain. Even in this case, the algorithm detects only pixels with rain. These examples demonstrate that our algorithm is effective for 
scenes with complex motions and at the same time is insensitive to time-varying textures that have temporal frequencies similar to 
those due to rain. We have developed a comprehensive model for the visual appearance of rain. [3]Based on this model, we 
presented efficient algorithms for the detection and removal of rain from videos. Note that simple temporal filtering methods are 
not effective in removing rain since they are spatially invariant and hence degrade the quality of the image in regions without rain. 
In contrast, our method explicitly detects pixels effected by rain and removes the contribution of rain only from those pixels, 
preserving the temporal frequencies due to object and camera Motions. The proposed algorithm can be used in a wide range of 
applications including video surveillance, video/movie editing, and video indexing/retrieval. Our models also have implications 
for efficient and realistic rendering of rain. Currently, we do not handle the steady effects of rain and we do not remove severely 
defocused rain streaks. In future work, we wish  

           To address these issues and also extend our analysis to other types of dynamic weather conditions such as snow and hail. 

 

7. The Application of Histogram on Rain Detection in Video  
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We used JVC GR-HD1 camera to take a video with different intensity of background, including moving objects. The former 
frames are of stationary scenes, while the latter frames contain moving objects. Mat lab 7.0 is applied to store the data, simulate 
the clustering and calculate the boundary[25]. Main parameters are estimated and filled in the following table, 

 

 

Based on the established histogram model and the algorithms of K-Means Clustering, rains in video are well detected and 
substituted by background information.  

 
Figure: Illustrates our results on rain detection and removal. 

 
In order to detect rain in video, improved histogram models containing temporal and spatial properties for stationary and dynamic 
scenes are established.[25] K-Means Clustering is applied to obtain the 24 centers of background and rain; moreover, a 
parameterized method is introduced in. Further research will be on real-time treatment using physical directional property and 
background segmentation, considering the misinformation of winged insects from motion-blurred rain and low-time 
processing[3][25]. 
 

8 .Experimental result 
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9. Conclusion 

 
It have proposed a single-image-based rain streak removal framework by formulating rain removal as an bilateral filtering and k 
means algorithms. The k means and bilateral filter of the proposed method is fully automatic and self-contained where no extra 
training samples are required in the sample image. We have also provided an optional scheme to further enhance the performance 
of rain removal by introducing an extended dictionary of nonfan atoms learned from nonfan training images. Our experimental 
results show that the proposed method achieves comparable performance with state-of-the-art video-based rain removal algorithms 
without the need of using temporal or motion information for rain streak detection and filtering among successive frames.  

For future work, the performance of our method may be further improved in terms of computational complexity and visual quality 
by enhancing the bilateral filter, k means processes. More specifically, since the dictionary learning and sparse coding consume 
most of execution time, the input image can be segmented into several local regions with different local characteristics such that 
the online dictionary learning for individual regions can be performed in parallel to accelerate the two processes by taking 
advantage of current multi core processor technology.[25] In addition, with the localized k means and bilateral filter, the number 
of patches of each local region for k means and the number of Atoms for bilateral will be significantly fewer than those for the 
whole-image-based removed, thereby further reducing the computational complexities of the two processes. Nevertheless, the 
impact of localized learning and sparse coding on rain removal performance needs in-depth investigation  
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