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Abstract

Traditional deraining and desnowing methods typically do not consider parame-
ter adaptivity. To improve the effectiveness of video rain and snow removal, an
adaptive parameter is incorporated into the matrix completion model of Kim’ s
method, and an adaptive rain and snow removal algorithm based on matrix com-
pletion is proposed. First, the main contributions of Kim’ s method are briefly
described; second, the adaptive parameter is added to the second term of the
classical Kim model; finally, the effectiveness and superiority of this parameter
are validated using various rainy and snowy videos, and grid search is employed
to identify the parameter that yields the optimal deraining effect. Experimental
results demonstrate that the added adaptive parameter can effectively remove
rain and snow from videos.
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Abstract: Traditional methods for removing rain and snow typically do not
consider parameter adaptation. To improve the effectiveness of video deraining
and desnowing, this paper adds an adaptive parameter to the matrix completion
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model of the Kim method and proposes an adaptive deraining and desnowing
algorithm based on matrix completion. First, we briefly describe the main
contributions of the Kim method. Second, the adaptive parameter is added
to the second term of the classic Kim model. Finally, various rain and snow
videos are used to verify the validity and superiority of the proposed parameter,
and a grid search method is applied to find the parameter that yields the best
rain removal performance. Experimental results demonstrate that the added
adaptive parameter can effectively remove rain and snow from videos.

Keywords: video deraining and desnowing; rain streak removal; adaptive pa-
rameter; sparse representation; matrix completion

0 Introduction

Video deraining and desnowing represents an important research problem in digi-
tal image processing and computer vision, with widespread applications in video
surveillance, intelligent transportation, and military reconnaissance. When ac-
quiring video image information under adverse weather conditions, imaging sys-
tems are affected by fog, haze, rain, snow, and other atmospheric phenomena,
leading to reduced image contrast, blurring, and loss of critical information.
Consequently, the accuracy and reliability of subsequent video analysis and pro-
cessing are compromised [?, ?]. In recent years, with improvements in computer
hardware performance, the proliferation of big data, and the expansion of video
image applications, an increasing number of researchers have focused on the
application and study of video deraining and desnowing. A comprehensive sur-
vey of rain removal techniques in videos [?] describes numerous methods and
research advances, demonstrating that video deraining has become a focal issue
attracting widespread attention from the research community.

Kim et al. [?] proposed a video deraining and desnowing algorithm based on
temporal correlation and low-rank matrix completion (hereinafter referred to
as the Kim method for brevity). The Kim method can effectively detect and
remove rain and snow streaks. Tian et al. [?] applied global and local properties
of snowflake removal scenes to eliminate snow from videos, using correlation
features of snowflakes to separate them from other moving objects, and pro-
posed a snow removal method based on low-rank decomposition. Wei et al. [?]
introduced a simple yet refined model for removing rain streaks from videos,
encoding rain streaks as random knowledge and formulating the problem using
patch-based mixture of Gaussians (P-MoG). The P-MoG model demonstrates
good performance across various video deraining tasks. However, when test
videos contain fast-moving objects, this method fails to remove all rain streaks
and may even produce blurred results. Li et al. [?] extracted two intrinsic fea-
tures of rain streaks: repetitive local patterns sparsely distributed at different
locations in the video and multi-scale structures, and formulated these features
as multi-scale convolutional sparse coding (MS-CSC). The MS-CSC model typi-
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cally decomposes the rain layer into rain streaks at different levels with physical
significance. The MS-CSC method is simple and effective for static scenes, but
for videos with complex moving objects or significant camera shake, it can cause
image blurring and reduced contrast.

Nevertheless, due to factors such as background complexity, morphological char-
acteristics of rain and snow, motion speed, density of rain/snow streaks, and
wind direction, video deraining and desnowing still faces many challenges in
practical applications. Moreover, the dynamic complexity of adverse weather
and variations in shooting scenes pose significant technical challenges for rain
and snow removal. Consequently, numerous problems remain to be solved in
the application research of video deraining and desnowing.

To address these issues, this paper proposes an adaptive deraining and desnow-
ing algorithm based on matrix completion. This method improves upon the Kim
method by specifically investigating the parameter adaptation problem that the
original method neglected. In this paper, we use “rain” to denote both rain and
snow, as the deraining algorithm is equally applicable to snow removal.

1 Preliminary Knowledge

This paper adds an adaptive parameter to the classic Kim model and obtains
initial and refined rain maps based on the principles of rain map extraction and
optimization in the Kim method. First, an optical flow estimation algorithm
[?] is used to obtain the initial rain or snow map, and sparse representation
techniques [?] are applied to decompose the initial rain map into basis vectors.
Then, an SVM classifier [?] categorizes these basis vectors into rain streaks
and outliers. Finally, by removing outliers, the initial rain map is optimized,
and input frames are marked as a binary matrix according to corresponding
thresholds.

1.1 Initial Rain Map Extraction

The Kim method employs an optical flow estimation algorithm to obtain the
initial rain map because optical flow can find dense motion fields between two
consecutive frames [?]. The method then warps the previous frame to the cur-
rent frame using the estimated optical flow field, thereby compensating for mis-
matched information between consecutive frames. Optical flow estimation is
typically formulated as a minimization problem with the following energy func-
tion:

E, = / BT (%) — Ly(x + u(x))2)dx + A /Q BTy ()2 + Vg (x)[2)dx

Q
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where u is the optical flow field; A is a regularization parameter, set to A = 1 here;
1 is a penalty function with v(2?) = V2 + 0.001; I; and I, are image frames;
the first term is the data term measuring similarity between corresponding pixels
in the source and target frames; and the second term is the smoothness term
constraining neighboring pixels to be similar.

Given image frames Ij_,, I}, and I}, we can define the pre-warped frame I,

and post-warped frame I, ., using equations (2) and (3):

jprcv (X) = kal (X + uprcv (X>>

Inext (X) = Ik+1 (X + Upext (X))

where u,,., (x) is the optical flow vector from frame I, ; to I}, and u,.(x) is

the optical flow vector from frame I to I;_ .

The Kim method attempts to select pixel values similar to the original pixel val-
ues in the current frame and describes this selection through a labeling process,
assigning a binary label I(x) to each pixel using equation (4):

_ Oa if |Ik(x) - Iprcv(x)| < |Ik(x) - Incxt(x)|

I(x) = .
1, otherwise

Finally, the Kim method obtains the initial rain map R, as the difference image

between the current frame and the best warped frame using equation (5):

Ry (%) = max(I,(x) = Ipyey (%), 0)

1.2 Rain Map Optimization

To obtain a more accurate rain map, the Kim method optimizes the initial rain
map by removing outliers. Optimizing the initial rain map before thresholding
can effectively suppress outliers and reliably detect valid rain streaks. The
method applies thresholding to the optimized initial rain map to obtain a binary
rain mask, where different thresholds yield different binary masks.

The Kim method further optimizes the initial rain map using directional and
morphological characteristics of rain streaks. Morphological Component Anal-
ysis (MCA) [?, ?] decomposes a given signal into basis vectors based on sparse
representation, then reconstructs the signal using only selected basis vectors.
Sparse representation techniques can effectively eliminate overlapping outliers
in rain streaks. Given an initial rain map R with n pixels, and considering a
p X p block around each pixel, we construct an m X n matrix R where each
column represents a block. Selected basis vectors can be sparsely represented
through a dictionary by constructing an overcomplete dictionary D € R™*P
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composed of p basis vectors of dimension m. The dictionary is then iteratively
updated and sparse representation is solved [?]:

1
Ar = in —|R— DA% + p|A
arg min SR~ DA + plAl,

where A is the coefficient matrix. Assuming A is sparse, the Kim method obtains
the optimal coefficient matrix A* by solving optimization problem (7). Orthogo-
nal Matching Pursuit [?] is used to find sparse coefficients by iteratively selecting
basis vectors that produce the maximum inner product with the residual signal.
After dividing basis vectors in dictionary D into rain streaks and outliers, the
Kim method uses only rain streaks to reconstruct the rain-free image.

The Kim method applies kernel regression [?] to analyze block structures based
on Singular Value Decomposition (SVD) and finds the best matching kernel for
the intensity distribution in each block. The gradient values of pixel x; are used
to compute the covariance matrix C;:

04:

K2

Yoew, (g ()T X Ly 9n(¥)g,(x)T
erwi gv(x)gh <X>T erwi gv(x)gv(x)T

where W, is the block corresponding to the i-th basis vector in dictionary D;
g, (x) and g, (x) represent the horizontal and vertical gradient values of pixel x.
SVD is applied to covariance matrix C; to analyze the structure and orientation

of the kernel:

_ cosf;, —sind,| [pu, O] | cosf;, sinb,| .
Ci=Vi [sin 6, cosb, ] {0 z/j [ sinf, cos GJ Vi

where 0, is the rotation angle; p, and v; are the two eigenvalues representing
kernel scales along the major and minor axes.

An SVM classifier is applied for classification. To train the SVM, the Kim
method uses 3072 positive samples composed of valid basis vectors and 3072
negative samples composed of outlier vectors. After SVM classification, the
initial rain map R is optimized to obtain a more accurate rain map R. Following
SVM classification, the Kim method replaces all outlier vectors in the original
dictionary D with zero vectors to obtain a new dictionaryAb. A new matrix
R is then constructed by multiplying the new dictionary D with the optimal
coefficient matrix A*:

R = DA*

Finally, the Kim method generates a binary rain mask M from the optimized
rain map R using equation (11):
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() = {1, if R(x) > ¢

0, otherwise

1.3 Rain Streak Removal

The Kim method treats video deraining as a low-rank matrix completion prob-
lem. First, the current frame I, is divided into disjoint blocks. For each block
bfc, the method searches for L similar blocks from each of the four consecutive
neighboring frames Ij,_,, I,_;, I}, and I, ,. Finally, an incomplete matrix
BL is constructed by concatenating the given block bL in the current frame with
its L most similar blocks from adjacent frames:

Ul ph ly lr,
Bk - [bk:’ bk—Q’ bk’—Q’ Tt bk+2]

where bfc is any block after decomposition, and each column in matrix ch rep-
resents a block.

A binary rain mask matrix M }ﬂ is defined for matrix BL as:

l _ l Iy Iy lr
My, = [mg,myl 5,mp? 5, myls)

where vectors in matrix M} are composed of corresponding binary rain mask
values from equation (11) and expressed as column vectors.

Low-rank matrix completion techniques [?, ?, ?] are applied to find a completed
matrix X ,i from the incomplete matrix Bff. The desired completed matrix X,lC
should minimize the nuclear norm subject to the following constraints:

minimize | X[, subject to Pqo(XL)= Py(B.)

where P, is a projection operator that extracts elements from the input matrix
at rain-free pixel locations and places elements from the current estimate X! at
rainy pixel locations.

An additional constraint is proposed: rain-free pixel values should be smaller
than rainy pixel values. The following constrained matrix completion problem
is formulated:

minimize | XL|, subject to Pq(XL) = Po(BL), Pac(XL) > Pq.(BL)

The Expectation-Maximization (EM) algorithm is applied to solve this con-
strained optimization problem. In the Expectation step (E-step) at iteration ¢,
a completed matrix is constructed:
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Y = Py (B}) + Po. (X))

where the first term extracts elements from the input matrix at rain-free pixel
locations, and the second term places elements from the current estimate X
at rainy pixel locations.

In the Maximization step (M-step), X (t+1) is updated as a low-rank approxima-
tion of Y® through singular value decomposition:

Y® = VAWT

where V and W are rotation matrices, and A is a diagonal matrix composed of
singular values.

X1 ig updated as a low-rank approximation of Y *):

XD = 70, (YD) = VI (MWT

where 7, is an operator that truncates each singular value in A to 0 if it is
smaller than threshold k.

The Kim method iterates between the E-step and M-step until the following
stopping criterion is satisfied:

Yy (t+l) _ y(t)
Iy -yl
Y
where ¢ = 0.05 represents the mean absolute difference between pixel values.
The method uses elements from the resulting optimal completed matrix X ,lc to
replace rain pixels in the input block bfg, thereby removing rain streaks from the
video.

Since the Kim method does not consider parameter adaptation, this paper adds
an adaptive parameter 7' to the second term of the Kim model (18) to obtain
an improved matrix completion model:

minimize | X}, subject to Po(X}) = Po(BL), Poe(X}) > T+ Poo(BY)

Experimental results demonstrate that the adaptive parameter T" added to the
second term of the Kim model significantly impacts video deraining perfor-
mance.
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2 Experiments and Results Analysis

The experiments in this paper are divided into three parts. The first part uses
two synthetic datasets to verify the effectiveness of the added adaptive parame-
ter and determine the optimal parameter search range. The search range for this
experiment is 0.5-1.5 (determined through extensive preliminary experiments),
with a step size of 0.1, using grid search. The second part uses two synthetic
rain videos with different rain streak sizes to further verify the superiority of the
adaptive parameter. Based on the first experiment, the optimal search range is
determined to be 0.980-1.020, with a step size of 0.005, using grid search to find
the parameter yielding the best deraining effect. The third part validates the
effectiveness and superiority of the adaptive parameter on natural rain video
sequences and snow video sequences extracted from TV dramas.

In these datasets, the natural rain video sequences were captured by
moving cameras. The TV drama video sequences were extracted using
video editing software. The synthetic video sequences were downloaded
from http://www.changedetection.net/.  The synthetic datasets include
“Boats,” “Highway,” “Niagara,” and “Port,” where “Niagara” is from the Kim
method’ s dataset. Adobe After Effects [?] was used to synthesize different types
of rain streaks. Natural video sequences and extracted TV drama sequences
are named according to the characters appearing in them, while synthetic video
sequences retain their original dataset names. After experiments, six Image
Quality Assessment (IQA) metrics are used to evaluate the deraining effect
after adding the adaptive parameter: PSNR [?], SSIM [?], MS-SSIM [?], VIF
[?], FSIM [?], and UQI [?].

Figure 1 shows deraining results for the “Highway” sequence (with fast-moving
vehicles) and the “Boats” sequence (with complex moving objects). As shown,
different values of the adaptive parameter T' produce different deraining results.
When T = 0.5, almost no rain streaks are detected, and the image is covered by
a grid pattern, resulting in poor removal. When 7' = 1.0, the image is somewhat
blurred but essentially all rain streaks are removed. However, when T' = 1.5,
although all rain streaks are accurately detected, they are not removed from the
image. Only results for T'= 0.5,1.0, 1.5 are shown here. To better demonstrate
the effectiveness of our algorithm, detailed experimental results are presented
as line charts showing the six evaluation metrics for different parameter values.

Figure 2 compares deraining results of the Kim method and our proposed
method on the “Niagara” and “Port” sequences. The results show that im-
ages obtained with the adaptive parameter are closer to the ground truth. Al-
though the Kim method removes most rain streaks, many remain in the image.
This occurs because overlapping rain streaks in the input frame are relatively
thick and have large pixel values, making them difficult to remove. Adding the
adaptive parameter significantly improves deraining performance, leaving only
a small number of rain streaks in the results. These experiments confirm that
the adaptive parameter T substantially enhances video deraining effectiveness.
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Figures 3 and 4 show deraining results for different adaptive parameters on
“Highway” and “Boats,” respectively, with corresponding metric values. Due
to the large difference between PSNR values and the other five metrics, PSNR
is shown separately to better demonstrate the algorithm’ s effectiveness and
superiority. The metric values for parameters sampled across the search range
are compared with those of the input frame (marked as “Input”on the horizontal
axis). The comparison reveals that different values of the adaptive parameter T'
yield different metric values, with PSNR showing the most significant variation.
Therefore, experimental results on datasets “Highway” and “Boats” verify the
effectiveness of the adaptive parameter T" and establish its optimal search range
as 0.980-1.020.

Figures 5 and 6 show deraining results for parameters within the optimal search
range on “Niagara” and “Port,” respectively. The six evaluation metric values
for parameters sampled within this range are presented, along with comparisons
to the input frame and the Kim method. The results show that metric values
fluctuate only slightly within this range, essentially stabilizing. Deraining results
on datasets “Niagara” and “Port” demonstrate that the optimal parameter
value varies across different datasets, further validating the adaptability of T'.
It should be noted that results for 7' = 1.000 differ from the Kim method
because rain maps are re-extracted and optimized for each parameter value in
our experiments. If the same rain map were used, the results would be identical.
This reflects the adaptability and broad applicability of the parameter in real-
time applications.

To further verify the superiority of the adaptive parameter T', experiments were
conducted on a set of real snow videos extracted from TV dramas and a set of
natural rain videos captured by moving cameras. Due to advances in rain/snow
synthesis technology, snow in TV dramas is almost indistinguishable from real
snow. As shown in the input frames of Figure 7, the snow is heavy, with dense
and overlapping snow streaks. The desnowing results show that after adding
the adaptive parameter, almost all snow streaks are removed while faithfully
preserving image information. Only some shallow snow marks remain in densely
overlapped areas, but this does not affect image clarity or subsequent analysis.
Figure 7 also shows a boy walking in the rain. The binary rain mask reveals
very dense rain streaks. After adding the adaptive parameter, all rain streaks
are removed from the input frame, and the derained image is very clear. These
results demonstrate that the adaptive parameter can effectively remove rain and
snow from videos.

3 Conclusion

This paper improves upon the classic Kim method by adding an adaptive pa-
rameter T to the second term of the Kim model and proposes an adaptive
deraining and desnowing algorithm based on matrix completion. First, exper-
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iments verify the effectiveness of the added parameter, showing that different
values of the adaptive parameter produce different deraining results, and the
optimal parameter search range is determined. Second, grid search is applied
to find the parameter yielding the best deraining effect and compare it with
the Kim method. The derained results clearly show that adding the adaptive
parameter effectively improves video deraining performance. Finally, various
rain and snow videos are used to validate the effectiveness and superiority of
the adaptive parameter. Extensive experimental results demonstrate that the
added adaptive parameter is effective and significantly enhances video deraining
and desnowing performance. The algorithm completely preserves image infor-
mation while removing rain and snow and can be widely applied to various video
image deraining and desnowing problems.
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