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ABSTRACT

In this paper, we present a novel algorithm for restoration
of noisy video sequences. A video sequence is first trans-
formed into an optimal 3D wavelet domain using basis func-
tions adapted to the contents of the sequence. Assuming that
all the major spatiotemporal frequency phenomena present
in the sequence produce high amplitude transform coeffi-
cients, a modified form of the BayesShrink thresholding
method is used to suppress the noise. In order to reduce
the effects of Gibbs phenomenon in the restored sequence,
translation dependence is removed by averaging the restored
instances of the shifted sequence. The algorithm yields pro-
mising results in terms of both objective and subjective qual-
ity of the restored sequence.

1. INTRODUCTION

It is often desirable to remove noise from video sequen-
ces captured in noisy environments or corrupted by noise
during transmission, in broadcast and surveillance applica-
tions to name only a few. Noise removal by thresholding
in the wavelet domain, a method also known as the wavelet
shrinkage [1, 2], has become increasingly popular in recent
years. The wavelet thresholding approach works in three
steps: taking the discrete wavelet transform of a noisy sig-
nal, thresholding the wavelet coefficients, and taking the in-
verse discrete wavelet transform to estimate the original sig-
nal. Two methods are commonly used: hard and soft thresh-
olding. In hard thresholding, all wavelet coefficients below
a threshold are set to zero, assuming that the suppressed
coefficients were the only ones most affected by noise. In
the case of soft thresholding, all coefficients below a chosen
threshold are set to zero, and the magnitude of the remain-
ing coefficients is decreased by the threshold value, the as-
sumption being that all coefficients were affected by noise.
Regardless of which thresholding method is employed for
denoising the signal, the algorithm is fast and offers the
advantage that both compression and restoration of a sig-
nal can be achieved simultaneously. This general approach
to signal restoration can also be applied to the removal of

noise in a noisy video sequence by thresholding the coef-
ficients of three-dimensional (3D) spatiotemporal wavelet
transform of the sequence. The case for thresholding in spa-
tiotemporal wavelet domain is supported by the fact that cer-
tain errors in motion estimation can be overcome by includ-
ing the temporal direction in the realm of wavelet domain.
Recent attempts to solve the video restoration problem have
included combined spatial and temporal wavelet denoising
[3], and the use of thresholding in non-separable transform
domains, such as oriented 3D ridgelets [4] and 3D complex
wavelets [5].

Although wavelet shrinkage performs significantly bet-
ter than most other commonly used denoising methods, vi-
sual quality of the restored image (or video) can sometimes
suffer from ringing type of artifacts, vallyes around the edges,
due to the Gibbs phenomenon. The shift-variant nature of
the wavelet transform worsens the effect of the Gibbs phe-
nomenon, resulting in unpleasant artifacts. Translation in-
variant (TI) wavelet denoising of Coifman and Donoho [6]
was developed to counter such artifacts by averaging out
the translation dependence. Another feature of wavelet de-
noising is that it imposes a fixed dyadic wavelet basis on
all types of input signals. Not only can the use of dyadic
wavelets result in a blurred reconstruction, it can also limit
the analysis of a locally occurring phenomenon in the fre-
quency domain. The solution to this problem lies in the use
of basis functions which are well localized in frequency as
well as time (for 1D signals in time). For a video sequence,
basis functions (separable or otherwise) with good localiza-
tion in both space-time and spatiotemporal frequency are
sought. In another relevant paper [7], we have developed a
non-separable 3D representation termed as the planelet ba-
sis and studied its application to the video denoising prob-
lem. In this paper, we present a novel algorithm based on
the 3D extension of translation invariant denoising using
an adaptive wavelet packet representation for restoration of
noisy video sequences. Comparative results show that our
algorithm achieves significant gains over the state-of-the-art
denoising techniques in terms of both SNR and visual qual-
ity of the restored video sequence for all three standard test
video sequences at different levels of noise.



2. WAVELET PACKETS IN 3D

The ability of wavelet packets to capture locally occurring
frequency phenomena in a signal has led to their success-
ful application to many problems including image coding
[8, 9]. The fundamental idea is to relax the restricted de-
composition of only the lowpass subband and allow the ex-
ploration of all frequency bands up to the maximum depth.
The discrete wavelet packet transform (DWPT) of a 1D sig-
nal x of length N can be computed as follows

w2n,d,l =

∑

k

gk−2l wn,d−1,k l = 0, 1, . . . , N2
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− 1
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where d = 1, 2, . . . , J − 1 is the scale index, with J =
log

2
N , n and l respectively denote the frequency and posi-

tion indices, {hn} and {gn} correspond to the lowpass and
highpass filters respectively for a two-channel filter bank
and the transform is invertible if appropriate dual filters {h̃n},
{g̃n} are used on the synthesis side. These equations can be
used to compute full wavelet packet (FWP) tree of the signal
decomposition. However, this implies that a large number
of combinations of basis functions is now available to com-
pletely represent the signal. A tree-prunning approach such
as [10] can be used to efficiently select the best basis with
respect to a cost function.

The 3D DWPT can be computed by applying above equa-
tions separably in all three directions to get the FWP decom-
position up to the coarsest resolution of subbands. The best
basis can be selected in O(N log N) time, where N denotes
the number of samples (frame resolution times the number
of frames) in the video sequence. Given the goal here is to
capture the significant spatiotemporal frequency phenom-
ena in a video sequence, we used the Coifman-Wickerhauser
entropy [10] as a cost function to select the best basis.

3. THE RESTORATION ALGORITHMS

The effect of the Gibbs phenomenon can be weakened by
averaging the restored signal over a range of circular shifts
[6]. For this reason, we apply soft threhsolding to the 3D
wavelet packet coefficients of the shifted (in all three direc-
tions) noisy video sequence. A modified BayesShrink [11]
method is using to compute the optimal value of threshold
adaptively for each subband. Threshold θb for a subband of
length N in an L-level WP decomposition is given by

θb =
√

log N/L

(

σ2

√

max(σ2

b
− σ2, 0)

)

where σ2

b
is the subband variance, and σ2 is the noise vari-

ance. If σ2 is not known, a robust median estimate for noise

standard deviation σ̂ is obtained as follows

σ̂ = E{Σ̂}, σ̂i =
Median(|Yi|)

0.6745

where σ̂i ∈ Σ̂, Yi ∈ {Y}, set of all HHH bands in the
decomposition tree, and the mean E is taken only on the
smaller half of the sorted Σ̂ excluding the smallest value.

4. EXPERIMENTAL RESULTS

The above algorithm was tested against a number of other
algorithms for restoration of several standard video sequen-
ces, three of which are included here: Miss America, Hall,
and Football, all at a resolution of 1283. The video sequen-
ces were corruped with additive white Gaussian noise, with
the SNR of the noisy sequences being 0dB, 5dB, 10dB, and
15dB. Table 1 gives denoising results in terms of SNR for
these noisy sequences using the following algorithms: TI
soft thresholding in 2D wavelet domain (TIW2D), TI soft
and hard thresholding in 3D wavelet domain (TIW3D), 3D
wavelet packet (WP3D) with BayesShrink [11], both non-
TI and TI 3D wavelet packet (TIWP3D) with the modi-
fied form of BayesShrink described in the previous section,
and non-separable planelet [7] domain thresholding using
SUREShrink [2] method. Comparative SNR curves for in-
dividual frames for two of the test sequences are provided
in Figure 1. For all our experiments, the proposed algorithm
produces by far the best results in terms of both overall and
individual SNR. Some of the frames of the test sequences
restored by our algorithm and TIW3D-Hard, a 3D realiza-
tion of the algorithm in [6], are shown in Figure 2. While
TIW3D restores clean and smooth version of the original
frames, some of the details are restored by TIWP3D.

For comparison purposes, computational complexity for
each of the algorithms considered is also provided in Table
1. It is clear from this table that the planelet algorithm of
[7] is the least computationally expensive, whereas the TI
implementations of 3D wavelet and 3D WP are towards the
more expensive side with TIWP3D being the most expen-
sive due to the additional one-off cost of best basis selec-
tion.

5. CONCLUSIONS

In this paper, a novel algorithm for restoration of noisy video
sequences was presented. The algorithm works by finding
an optimal wavelet packet representation for a sequence and
averaging the results of thresholding by a modified form of
BayesShrink [11] method on shifted transform coefficients.
Experimental results suggest that the performance of the al-
gorithm is by far the best as compared to other methods
found in the literature, to the best of our knowledge. Al-
though its computational cost may be a limiting factor in
some applications, a less expensive version of the algorithm



Video Noise Denoising Algorithm (Transform+Thresholding)
Sequence (dB) TIW2D TIW3D TIW3D WP3D WP3D TIWP3D Planelet

Soft Soft Hard Bayes Proposed Proposed SURE
0 9.5 12.4 17.9 17.2 17.4 18.9 17.3
5 12.6 15.6 19.5 19.0 19.3 20.7 19.6

Miss America 10 15.3 18.1 21.5 21.1 21.5 23.0 21.5
15 18.1 20.3 23.9 23.1 23.8 25.2 23.5
0 5.3 11.0 14.7 14.8 15.0 16.7 14.8
5 9.4 13.4 16.6 17.2 17.3 18.9 17.2

Hall 10 11.7 15.5 19.0 19.5 19.8 21.3 19.5
15 14.2 17.7 21.7 22.1 22.5 24.1 21.8
0 5.9 9.4 11.9 11.9 12.0 12.8 12.1
5 8.5 11.1 13.1 12.9 13.3 14.3 13.2

Football 10 11.0 12.5 15.0 13.9 15.2 16.9 14.7
15 13.4 14.3 18.0 15.3 17.9 20.0 16.6

Computational – O(N+ O(N+ O(N+ O(N log N) O(N log N) O(N log N+ O(n)
Complexity l2N) l3N) +l3N) +l3N)

Table 1. SNR results for three standard video sequences and algorithms’ complexity
N and n respectively denote sequece size and planelet window size, and l denotes length of the wavelet filter.
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Fig. 1. Frame-by-frame comparative results (a) Miss America and (b) Football

(WP3D) with the proposed thresholding method produces
results comparable to the state-of-the-art at a lower cost. It
is perhaps worth noting that while being the least expen-
sive, the planelet method [7] produces SNR results which
are still comparable to those of TIW3D-Hard. These results
suggest that the localization of spatiotemporal frequency is
a desirable feature of the domain in which video sequences
are represented.
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