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Abstract

Rain in bad weather becomes very challenging issue for automated driver assistance
systems, security applications and many other computer vision algorithms. Number of rain
removal algorithms have been proposed in these years but none of them has been able to
increase the accuracy to large extent. In this paper a novel algorithm has been proposed where
the slowly varying back ground scenes are taken for analysis. One part of the algorithm is
based on the detection of rain pixels and the other part is removing them such that the
original image must not lose its originality. Initially one background is modelled by taking
the intensities of neighbourhoods of pixels. Then rain is detected by comparing each pixel
with the modelled back ground followed by updating the background. The detected rain
pixels are repaired with the help of some temporal neighbours. The results are promising to
prove the work.

Subject Classification: 68T05 Learning and adaptive systems in artificial intelligence.

Keywords: Rain, Temporal correlation, Background modelling.

1. Introduction

Removing rain drops in video is a tough task due to the random
spatiotemporal distribution of rain and also the fast movement of rain.
While removing rain drops from a video, at first it is required to detect
rain drops correctly and then to remove it. The rain drop characteristics
are being studied in atmospheric sciences [1-5]. As described in [6] rain is
being detected using a probabilistic model with the help of some features
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derived from rain analysis. In [9] a rain removal algorithm has been
proposed which includes both temporal and chromatic properties of rain
in video. A pixel does not contain rain drops throughout the video as per
the temporal property of rain. Further change in R, G and B values in the
rain affected pixels are nearly equal [9]. Using the above said property
rain streaks can be detected and removed from static and dynamic videos
whereas the videos are assumed to be taken from stationary cameras. Both
light and heavy rain conditions have been analysed in their algorithm.
According to Garg and Nayar [10] rain drops are spatially distributed, fall
at high velocities and due to its reflection and refraction a sharp change in
intensity is observed. Also rain drops undergo through motion blur due
to time exposure of camera parameters. So they combined the dynamics
of rain and rain photometry. In [11], a method of detection of rain has been
explained where they have addressed only in the irradiance light field
requiring three consecutive frames for computing temporal correlation
of rain. Bernum et. al. [12] proposed a physical model of rain drops for
determining the general shape and brightness of a single streak. They
have analysed the statistical properties of rain in frequency domain, so as
to supress the detected frequency components. In [14] a linear model for
rain streaks has been proposed considering two factors; one, the intensity
of the candidate pixel and the other is the background intensity. In the
detection process, the neighbouring non rain pixels plays a vital role
because the intensity variation between rain pixels and adjacent non rain
pixels is significant. In [15] Sumit Kumar et. al. considered the intensity
difference as the only parameter to detect rain streaks. A method for
removing rain from a single image has been proposed in [16] where the
gradient magnitude and direction of rain streaks are taken utmost care
of. In this model, the rain pixels are considered to be of high frequency
components which is removed by using a rain mask. The single image
rain streak removal using depth of field and sparse coding method have
been proposed by Xiao et. al. [17]. According to them the image has been
decomposed with the combination of Short Time Fourier Transform (STFT)
and bilateral filtering. Then the depth of the field saliency map of the
image is being used to reduce rain residue in low frequency components
and miss-matching is ignored. Another rain removal algorithm to remove
rain from dynamic back ground videos has been proposed where the
algorithm comprises of motion segmentation of dynamic scene [18].
Here the photometric and chromatic constraints are being used for rain
detection. To remove rain particles a filtering approach is adopted by
considering the motion occlusion in both temporal and spatiotemporal
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directions. A nonlinear model for de raining the rain affected single
image frame has been proposed by Li et. al. [19]. For nonlinear rainy
image decomposition, the screen blend model of Photoshop is being used.
U-Dense Net model for rain detection and residual dense block for rain
removal is being used. A rain map model has been proposed by Park et.
al. [20]. The rain map is calculated by performing difference operation
among the adjacent frames. A low pass filtering in saturation channel of
HSV color space is performed for refining rain map. Hakkim proposed
a method of low rank recovery to remove rain from videos [21]. He has
used the Lagrangian multipliers method to detect the rain particles and
tried to solve it through convex optimization form. Samantaray et. al. [23]
proposed a neighbourhood based noise cleaning method which depends
on spatial neighbourhood of pixels. In our rain removal algorithm we have
considered the spatial relationship between pixels for detecting rain pixels
as it is quite obvious that the intensity of rain affected pixel increases in
comparison with its spatial neighbourhoods. In [24] Hove proposed a
method which says that even if some data in our data base are degraded,
then also our prediction based on these degraded data are not going to be
affected that much. Tadesse et. al. [25] proposed Fuzzy decision making
variables approach with the help of a mathematical example for decision
making related issues. Using this decision making approach we can also
try to predict a pixel being rain or non-rain but we need to model a rain
drop first which is a difficult task. S Gupta et. al. [26] proposed the least
square support vector machine algorithm for software maintainability
prediction with the help of some data sets. Also we can predict the rain
and non-rain pixels with the same support vector machine if we would
have a good data set for real time analysis. A K. Dubey et. al. [26] tried
to find out a face recognition method where 1000 classes are there with a
available data set. In our approach though we have only two classes but
we do not have a data base which can help us in identification process.
So the classifier based approach may not be suitable for rain detection
algorithm.

2. Rain Characteristics

Water droplets which moves in high velocities are collectively
known as rain. These droplets are random in nature. As per the detailed
discussion in various atmospheric sciences regarding the characteristics
of rain drops, the diameter of each droplet varies from 0.lmm to 3.5 mm
[1-5]. According to Marshall-Palmer distribution [3], the drop size varies
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or increases exponentially and hence the density of rain drops decrease
exponentially with the increase in radius. Initially the drop appears
spherical and gradually it becomes a spheroids. In [6] the size of the rain
drop is assumed to be of uniform. It was concluded from the experiment
that the rain drop appears to be a streak and it lasts for a maximum of five
consecutive frames in a video sequences.

The rest of the paper is organized as follows: the background
extraction and modelling is discussed in Section 3. In Section 4, the
methodology adopted for rain detection is discussed thoroughly; the
technique for rain drop removal from the scene with model up gradation
is discussed in Section 5; the methodology for ground truth generation
from rain affected video is detailed in Section 6. Result and analysis of
our proposed algorithm and future direction for the improvisation of the
proposed algorithm as conclusion is discussed in Section 7 and Section 8
respectively.

3. Back Ground Extraction and Modelling

In this piece of work, we have assumed the shape and size of the rain
drop to be uniform throughout the frames under consideration. Also it is
assumed that the rain drops move in a uniform speed and it lasts up to
three frames for better visual perception.

We have taken a videos where the back ground is varying slowly.
So it is trivial that the back ground is assumed almost static and the rain
drops create a positive fluctuation of intensity about mean over the image.
The method of background extraction from a slowly varying background
or static background video essentially requires the appearance of
dependencies in consecutive rain pixels [7].

Let us consider N nos of frames from such a slowly varying back
ground video. So the extracted background (BG) will be

BG = f(x, ) = median(v(x, , ) M
wherei=1,2,3...N, V(x,y).

Here f(x, y) is the extracted background image without rain from
the N initial frames and v is the initial stack of frames. Figure 1 shows
one of the initial rain affected frames from the video sequences and the
corresponding extracted back ground for set of frames.

It is a well-known fact that the neighbouring pixels share similar
information and hence their statistical correlation do not vary significantly.
Consider mxm neighbourhood of a pixel at (x, y) from BG.
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R={r,1,1,...1,} (2)

Where 1, i=1,2,3..n are the pixels from the mxm neighbourhood of
location (x, y) and the pixels of r,are arranged in descending order. So the
background can be modelled as:

8, y,1:mxm)=r,Vi 3)

Here g represents the newly formed stack of frames of size
(xxyx(mxm)) which we refer to as initial back ground model.

4. Rain Detection

As we have seen in Section 3, we now have g(x,y,mxm)which we
may refer as stack of back ground modelled frames. As rain gives positive
fluctuations in intensity, the pixels will definitely suffer increase in
intensity in comparison to its neighbours.

To distinguish between whether a pixel is rain affected or not, a
comparison is made satisfying an empirically chosen but fact driven
threshold value, say T1. It can be inferred from various literature that the
significant change in intensity value will result if the difference in intensity
of a pixel and its surrounding pixels must be around 15-20 percent of
maximum grey scale intensity value of a pixel.

Hence,

C=a pixel is classified to be rain affected

=|current(x,y)—g(x,y,mxm)|>T1 (4)

and
Count(C)>T2 forV(x,y) (5)

Where current (x, y) is the pixel under test at location (x, y) and
g(x,y,mxm)is the back ground frames as derived from equation (3).
T2 is the threshold value which consider the fact that if 40-50 percentage
of neighbouring pixel values are different then no need of any further
counting and that pixel can be classified as rain pixels. Figure (2) shows
the rain affected pixel and detected rain mask of frame no 101 from
“Highway” video and frame no 47 from “Canoe” video.

5. Model Up gradation and rain removal
It is evident from the previous section, that equation (5) distinguishes
between a pixel whether it is rain affected or not. Obviously if the pixel
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is not affected by rain i.e. if Count(C) < T2, then the same pixel can be
considered as background pixel. If we want to update the frame we need
to update the current pixel with any of the set of pixel from the pixel stack
of the same location which will be helpful in rain detection from next
frame by modelling as described in equation (6).

8(x,y,r)=current(x,y) foranyrandom i (6)

As the pixel stack contains many pixels so any incorrect information
which could wrongly inserted to the neighbourhood stack model does
not affect the accuracy of the algorithm to large extent. The accuracy of
the algorithm is largely affected if any sudden change in back ground
creates a remarkable change in illumination and reflectance components.
Also the accuracy gets hampered if the back ground contains significant
illumination components having more illumination than rain. As explained
in [6], the variation in intensity produced by the rain drops is symmetric
about the mean. If we remove the affected pixels directly, then there is a
possibility of leaving behind a black patches in the image. This results a
distorted image. Hence removing the affected pixel may not be the right
way in this case. Looking at the symmetry nature of the rain pixels, the
following equation (7) is used for supressing the high intensity rain pixels.

Figure 1

(a) rain affected frame (no-30) from video “High way” (b) corresponding back
ground (c) rain affected frame (no-35) from video “Canoe” (d) corresponding
back ground
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Figure 2

(a) rain affected frame (no-31) from video “High way” (b) corresponding
detected rain mask (c) rain affected frame from video “Canoe”(no-36) (d) cor-
responding detected rain mask

®

Figure 3

(a) original frame (b) rain mask (c) rain rendered frame
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Where h(x, y) is the intensity of location (x, y) after rain component is
supressed, H(x,y) is the rain affected frame and z is the temporal location.

Pseudo Code:
1. Choose a video sequence {V( )}
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such that {V()} =v(x,y,z)

for xeX, yeY and zeZ, x x y is the spatial dimension of the video frame
and Z is the no of frame.

Select the initial N nos of original frames for generating background-
neighbourhood planes:

(@) {F()}=v(x,y,N), forall xeX, yeY

(b) Applying median filter of length N at each spatial location in the
temporal direction, such that the filtered frame f, is created, i.e.

{F, OV = £, (x,y,7)
={ov(x, y, med(N))}

for all xeX, yeY
The dimension of F, () isx x y

(c) Select a neighbourhood size of mxm at a pixel location (x, y) in
the {F med( )}

(i) For each (x, y) on {F, ()}, sort its neighbourhood pixels in
descending order of magnitude starting from the left hand
corner.

(ii) If (x, y) happens to be at the boundary of {F,( )}, then
duplicate the pixel values symmetrically around (x, v).

(d) The BG-NH (background - neighbourhood) planes will
be generated such that R,. . (x,y,7)=f..(xvk) the
plane considering k" neighbouring pixel of (x,y), where
k=1,2,3...(mxm)

For any other rain affected frame v(x, y, z), such thatz=N+1, N + 2,
.z,

C(x,y,z)=v(x,y,z")such thatz’=N+1,N+2, .z

If1C(x, y,2) = Rye o 0y, 7) 1> T,

thenC,=C,+1,

further if C; > T, then C(x, y, z) is the rain affected pixel
else R,. \.(x,y,7,)=C(x,y,z) is a background pixel

For each detected rain pixels in a frame of video sequence v(x, y, z)
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V ,=Avg(x,y,N-k:N~-k), where (x, y) represents the rain
detected pixel locations, N is the frame where we want to detect rain
and k is empirically decided

6. Result validation

To validate the performance of our algorithm we need to create the
ground truth which is a crucial and important stage in rain detection
algorithm. Unless we do not know the ground truth of the video frames
it is impossible in our part to estimate the performance of our algorithm.
To create the ground truth it is necessary to create the rain mask, then
to render the rain mask suitably in the video frames. In [7] Sonia. et. al.
proposed a method of rain mask generation for static back ground videos.
But in our case the video frames are slowly varying. So to generate the
rain mask and ground truth we have adopted the rain rendering method
explained in [8].Individual rain masks need to be generated for each video
frames by assigning wind velocity and rain density. After generation
they need to be rendered suitably to the frames to create a realistic rain
appeared video. To do that, all the frames are converted to YIQ plane. The
reason behind this is that we need to work in intensity plane only and the
chrominance components are later added for good visual representations.
Then it is being normalized and power law transformation is applied to
darken it as explained in equation (8).

s=cr’ (8)

Where s represents the output intensity value corresponding to input
intensity r with a suitably chosen 7 value which is 7 for better visual effect.
Then rain masks are created by assigning suitable velocities to rain drops
and assigning suitable sizes. In this way the rain masks are created and
then they are rendered to the darkened frames as explained in equation
(9) and equation (10)

X=Y+Z )

Where X represents the output intensity plane after addition of rain,
Y represents the background and Z represents the rain mask for the frame
which is calculated as per the following equation.

Z = a(K - BY) (10)
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Where K is the normalized, generated blurred mask. The value of
£0 (0,0.039) and «6(0,0.5). Figure 3 represents the rain masks and the
rain affected frames as explained in this section.

7. Result and Analysis

In our algorithm the simulation is done in two videos with slowly
varying background. One is “High way” video and the other is “Canoe”
video. These two videos are taken with an assumption that the back
ground remain static for initial couple of frames and then starts varying
slowly. We have simulated all the work in MATLAB R2016a environment.
We have also analysed all the qualitative and quantitative performances
and compared it with the existing method.

Initially rain is being added synthetically in the videos as explained
in Section 6. The method we have adopted also fits suitable in other non-
rain videos. Some examples of rain rendering in other fast varying back
ground videos are shown in Figure 4. As explained in Section 3, initially
we have taken fifteen frames to calculate the back ground from the rainy
videos. Once back ground is calculated then rain detection starts.

All the work has been done in intensity plane. The videos taken for
simulation contains 240 x 320 pixels per frame each. The rain candidate
pixels are being detected from the first frame as per the method explained
in Section 3. The threshold values T1 and T2 are fact driven threshold
values selected empirically as described in Section 4. The model is being
up graded after each frame is being considered for analysis.

Afterrainisbeing detected from a frame, the quantitative performance
of the algorithm is calculated with the help of positive fraction [22] which
states that the number of correctly classified pixels divided by total
number of rain affected pixels. Table 1 shows a comparison of the proposed
algorithm with the spatiotemporal algorithm [6] for two different videos.
Table 1 shows the values of positive fraction for frame number ‘112" from
“High way’ video and frame number ‘115" from “Canoe” video which
clearly shows that our algorithm gives better result. Also the positive
fraction values of consecutive frames of two videos are shown in Figure 5.

The detected rain pixels are then being in painted in such a way
that the original content of the image must not be de graded or blurred.
The result shows qualitatively good for a value of P=4. Choosing higher
values of P may degrade the image. Qualitative results for “Canoe” video
is shown in Figure 6. In this video one frame 967 is shown for qualitative
analysis. Figure 7 shows the qualitative analysis for “High way” video for
a random frame no 149.
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Figure 4

(a) original frame from football video (frame no-25) (b) rain rendered frame (c)
original image (google) (d) rain rendered image

For Canoe Way Video For High Way Video
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Figure 5

Positive fraction of a couple frames taken from Canoe and Highway video

Table 1

Positive fraction of two particular frames from two videos

Positive Fraction in %

Videos Tripathy et al method Proposed Method

Canoe 88.23% 91.26%
High way 85.91% 92.56%
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Figure 6

(a) frame no 967 from Canoe video (b) gray scale frame (c) rain mask for the
frame (d) rain rendered gray scale frame (e) rain removed gray scale frame
(f) rain removed RGB frame frame

Figure 7

(a) frame no149 from High Way video (b) gray scale frame (c) rain mask for the
frame (d) rain rendered gray scale frame (e) rain removed gray scale frame
(f) rain removed RGB frame frame
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8. Conclusion

In this paper, we have proposed a highly effective, novel rain removal
algorithm. This algorithm works in intensity plane which makes it robust.
We do not consider the velocity, droplet size of rain pixels. Also here the
rain capturing camera is moving slowly as per the scene. Quantitative
result shows the higher accuracy of the algorithm. As we are working on
intensity plane, so the complexity of the algorithm is reduced. The rain
removal algorithm in real time may help the driver in driving automated
vehicles. The accuracy of the algorithm may be improved in future by
considering more realistic situation.
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