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In order to improve the image denoising ability, the wavelet transform (WT) and independent component analysis (ICA) are both
introduced into image denoising in this paper. Although these two algorithms have their own advantages in image denoising, they
are unable to reduce noises completely, which makes it difficult to achieve ideal effect. Therefore, a new image denoising method
is proposed based on the combination of WT with ICA (WT-ICA). For verifying the WT-ICA denoising method, we adopt four
image denoising methods for comparison: median filtering (MF), wavelet soft thresholding (WST), ICA, and WT-ICA. From the
experimental results, it is shown that WT-ICA can significantly reduce noises and get lower-noise image. Moreover, the average
of WT-ICA denoising image’s peak signal to noise ratio (PSNR) is improved by 20.54% compared with noisy image and 11.68%
compared with the classical WST denoising image, which demonstrates its advantage. From the performance of texture and edge
detection, denoising image byWT-ICA is closer to the original image.Therefore, the newmethod has its unique advantage in image
denoising, which lays a solid foundation for the realization of further image processing task.

1. Introduction

Noise can be interpreted as the factor which hinders the
people’s sense organ from understanding and accepting the
source information. In the process of the image’s acquisition
and transmission, due to pollution by Gaussian noise, the
image quality is declined seriously. It would produce unfavor-
able effects on the following image processing, such as seg-
mentation, compression, and image understanding.The pur-
pose of image denoising is to remove noises, while keeping
themain characteristics of information at the same time, such
as texture and edge information of image in order to improve
the quality of image. Previous studies showed that when the
peak signal to noise ratio (PSNR) of a simulation image is
lower than 14.2 dB, the probability of false detection of image
segmentation is more than 0.5%, and the estimated error of
parameters is more than 0.6% [1].

The conventional image denoising methods were based
on different statistical characteristics of noise and signal,
using the low-pass filters for denoising. In the spatial domain,
when the statistics characteristics of noise are unknown, local
smoothing operator is selected for denoising. The advantage

of thismethod is that images can be processed in parallel, and
less computation time is needed while the drawback is that
the selection of window size affects the ability of denoising
[2]. If the statistical characteristics of noise are known in the
frequency domain, theWiener filter [3] and least square filter
[4] can be used to perform global denoising. But using this
method, we need to know the statistical model of noise and
signal. As we cannot use simple stochastic process to describe
statistical model of image in real applications, the computa-
tional cost is relatively high. Low pass filtering method can
eliminate the noise effectively, but it can also make the image
edge fuzzy at the same time. There are some other denoising
methods based on level set, morphological filter, andMarkov
model [5–7]. To reduce Gaussian noises, many scholars have
proposed a series of denoising algorithm, including improved
wavelet denoising method [8], improved ICA denoising
method [9, 10], improved morphology denoising method [6,
11], method based on neural network [12], and filtering algo-
rithm for improved denoising method [13, 14]. However, the
Gaussian noise reduction was still a critical problem, as it was
difficult to be removed completely.
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In this study, the wavelet transform (WT) and inde-
pendent component analysis (ICA) are introduced to image
denoising, and a kind of WT and ICA-based fusion method
for denoising (WT-ICA) is proposed. The new method uses
wavelet threshold denoising method to remove Gaussian
noise in image; then, it applies ICA to separate the image
maximumly into image source signal and noise; finally, it
applies wavelet transform to denoise the separated image
source signal again. In this way, the new denoising method
can get the lower noise image as result. TheWC-ICA denois-
ing method achieves the full integration of the advantages of
WT and ICA. In the experiments, to obtain different noisy
images, we selected three images and added different noises.
In order to better verify the denoising ability of the new
method, the experiment adopts median filtering (MF),
wavelet soft thresholding (WST), ICA, andWT-ICA for com-
parison. The experimental results indicated that the quality
of processed image is greatly improved. The new method
can well preserve image texture features and edge details.
The PSNR is improved obviously and the obtained low noise
image is more conductive for further recognition. In order to
explain the effect of noise reduction, we calculate the PSNR
and perform edge detection on images, the results of which
demonstrate the superiority of the WT-ICA algorithm. The
new method has a unique advantage in the denoising Gaus-
sian signals in image, which lays a solid foundation for the
further image processing task.

2. Method of WT-ICA Fusion Denoising

Gaussian white noise is considered as the main image noise.
The denoising of Gaussian signal is difficult, which has
attracted the attention of many scholars. They proposed
numerous image denoising methods, some of which have
been used to process images and reduce Gaussian noises,
and some achievements have been obtained. However, these
methods are still unable to reach the ideal denoising effect [15,
16]. In this study, the WT and ICA are introduced into image
processing simultaneously. In order to reduce noise pollution
of images to the maximum extent, this study tries to combine
these two methods together for image denoising.

2.1. Wavelet Denoising. Wavelet transform has good proper-
ties of localization both in the time and frequency domains.
This characteristic can not only characterize the texture and
structure of images at different resolution levels, but also
contributes to the edge detection. Therefore, wavelet-based
denoising can extract and preserve the edge information,
which plays an important role in vision at the same time. It
takes the lead in realizing nonlinear transform denoising of
image. It is one of the hotspots in image processing field, and
more and more new methods are proposed.

All thewavelet denoisingmethods follow the basic princi-
ple: the wavelet coefficients of image source signal and noise
have different properties at different scales. By constructing
the corresponding evaluation criteria,WTusesmathematical
methods to process the corresponding wavelet coefficients
of noise signal in the wavelet domain. This study adopts
the wavelet threshold denoising method, and the evaluation
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Figure 1: Flow chart of wavelet denoising.

criterion is the predetermined threshold. That is, we process
wavelet coefficients according to a predetermined threshold.
If wavelet coefficients are less than a predetermined thresh-
old, these coefficients resulting from the noise thus can be
ignored. Otherwise, it is regarded that wavelet coefficients are
caused by the image signal source; thus, these coefficients are
kept or expanded, and then we reconstruct and restore them.
Finally, the low noise image is obtained.

On the one hand, from the mathematical point of view,
wavelet denoising belongs to function approximation in the
essence. On the other hand, it can seem as a signal filtering
problem when it is analyzed from the signal perspective.
Therefore, the wavelet denoising is actually an integration of
image features extraction and image low-pass filter. Figure 1
is the flow chart of wavelet denoising.

Suppose the noisy image signal is

𝑓 (𝑖, 𝑗) = 𝑠 (𝑖, 𝑗) + 𝑛 (𝑖, 𝑗) , (1)

where 𝑠(𝑖, 𝑗) is the image source signal and 𝑛(𝑖, 𝑗) is the noise
signal that follows 𝑁(0, 𝜎2). When performing the discrete
wavelet transform of observational image signal 𝑓(𝑖, 𝑗), the
wavelet coefficients are also composed of two parts: the
correspondingwavelet coefficients of image source signal and
the corresponding wavelet coefficients of noise signal.

The essence of image threshold denoising is to apply one-
dimensional wavelet transform to rows and columns of image
and then to perform threshold denoising of one-dimensional
signal. When making discrete sampling to the row vector as
in formula (1),𝑁 discrete points signal 𝑓(𝑛) can be obtained.
The discrete wavelet transform is

𝑊𝑓(𝛼, 𝑘) = 2−𝛼/2
𝑁−1
∑
𝑛=0

𝑓 (𝑛) 𝜓 (2−𝛼𝑛 − 𝑘) . (2)

In the above formula,𝑊𝑓(𝛼, 𝑘) is the wavelet coefficient,
and𝛼 is decomposition scale. Similarly, thewavelet transform
is performed on the column vectors.

This study adopts wavelet soft threshold denoising
method, the basic idea of which is carried out as follows.

Step 1. Apply wavelet transform to the two-dimensional
image signal, select the appropriate wavelet basis and decom-
position layer 𝛼, and calculate the decomposition of signal 𝑓
to the 𝛼 layer.
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Figure 2: Flow chart of ICA denoising.

Step 2. Conduct the threshold quantization to the decom-
posed high frequency coefficients, choose an appropriate
threshold for each layer 1 ∼ 𝛼, and make the soft threshold
quantization to the high frequency coefficients of the layer.

Step 3. Calculate the reconstruction of two-dimensional sig-
nal according to the low frequency coefficients in the 𝛼 layer
of the wavelet decomposition and the high frequency coeffi-
cient modified from 1 to 𝛼 layer of each layer, and obtain the
low noise image.

When the absolute value of the wavelet coefficients is
larger than a given threshold, let the soft threshold function
minus the threshold; otherwise, it is set to 0.This is described
as

𝑤
𝛼,𝑘

=
{
{
{

sgn (𝑤
𝛼,𝑘

) ⋅ (
𝑤𝛼,𝑘

 − 𝜆) ,
𝑤𝛼,𝑘

 > 𝜆,

0,
𝑤𝛼,𝑘

 ≤ 𝜆.
(3)

Among them, in the threshold function, 𝑤
𝛼,𝑘

is the
𝑘th wavelet coefficients in the 𝛼 scale, 𝑤

𝛼,𝑘

is the wavelet
coefficient after treatment with threshold function, and 𝜆 is
the threshold defined as

𝜆 = 𝜎√2 ln𝑀×𝑁, (4)

where 𝜎 is noise standard deviation.𝑀 and 𝑁 are rows and
columns of the image pixel, respectively.

2.2. ICA Denoising. ICA is widely used in the blind source
signal separation, such as the cocktail party problem [17, 18].
As the development of ICA research, it has broad applications
[19, 20]. Under certain conditions, ICA can well separate
hidden source signal from mixed signal. When it is used for
image processing, the main task is to extract image source
signal from noisy image and to achieve the denoising effect.
The basic idea of ICA noise reduction is to regard the noisy
image as a mixture of two independent signal sources which
are image source signal andnoise signal. For image denoising,
ICA separates the image source signal from the noise signal
with less loss of image details and achieves the purpose of
noise reduction.

The flow chart of ICA denoising is shown in Figure 2.
Assume that the ICA model with noise is

𝑥 = 𝐴𝑠 + 𝑛. (5)

Among them, 𝑥 is the observed image signal, 𝑠 = [𝑠1, 𝑠2,
. . . , 𝑠
𝑛

]𝑇 is the image source signal, 𝑛 = [𝑛1, 𝑛2, . . . , 𝑛𝑚]
𝑇 is the

noise signal, and 𝐴 is a mixed matrix of order𝑚 × 𝑛. 𝑠 and 𝑛
are independent of each other.

The mixing matrix is estimated by the method of max-
imum likelihood. However, in the ICA model with noise, it
is not enough to estimate only the mixing matrix. By the
inversion of formula (5), we can get

𝑊𝑥 = 𝑠 +𝑊𝑛. (6)

This is the estimation of independent component which
contains noise. However, it is expected that the estimation
is an independent component of source signal 𝑠

𝑖

, and the
component is allowed to achieve optimum in some extent,
that is, to contain the minimum noise.

This study uses FICA algorithm for image denoising.The
basic steps are as follows.

Step 1. Use the training set V without noise to estimate the
ICA base vector of V, where V = 𝐴𝑠. Obtain estimations
of union 𝐴 and order 𝑊

0

= 𝐴−1; then, calculate 𝑊 =

𝑊
0

(𝑊𝑇
0

𝑊
0

)−1/2.

Step 2. Estimate each component probability density 𝑠
𝑖

=

𝑤𝑇
𝑖

V. Apply ICA transform to the original signal with noise,
and calculate the sparse transform projection 𝑌 = 𝑊𝑋 based
on transform matrix𝑊.

Step 3. Use the maximum likelihood function of contraction
𝑔
𝑖

to get denoising estimation 𝑠
𝑖

= 𝑔
𝑖

(𝑦
𝑖

).

Step 4. Take an inversion to transform; then, get low image
noise estimation𝑋 = 𝑊𝑇𝑆.

Thus, it can be seen that ICA is to decompose the image
under certain criterion into a series of basis vectors that are
not related to each other, and then choose a certain amount
of basis vectors to reconstruct image referring to the criterion
which finally achieves the image denoising.

2.3. WT-ICA Denoising

2.3.1. The Idea of Fusion Denoising. In order to achieve better
denoising performance, this study further combines wavelet
transform with ICA and proposes a new denoising method
based on WT and ICA (WT-ICA). Given the original signal
𝑋 of image with noise, the newmethod first uses wavelet soft
threshold denoising algorithm to remove the part of Gaussian
noise, which can be regarded as the first image denoising.
In order to minimize information loss, it cannot perform
continuous wavelet transform denoising. The ICA is applied
to the obtained images with less noise to make a maximum
separation of the image source signal and noise signal; then,
it completes the ICA denoising. The image processed by ICA
can maintain a low distortion. However, there still exist some
noises in the current images obtained; thus, the wavelet soft
threshold denoising is used again to obtain higher-quality
image source signal.
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Figure 3: Flow chart of WT-ICA denoising.

We apply the wavelet soft threshold denoising again,
which is different from the classical secondwavelet denoising.
For the two wavelet threshold denoising methods in this
study, we make independent component analysis on the low
noise image which is obtained from the first step in order to
maximize the elimination of noise interference and enhance
the denoising performance.

2.3.2. The Basic Steps of the Fusion Algorithm. In this study,
based on the idea ofWT and ICA integration, we propose the
WT-ICA fusion method for image denoising. The flow chart
is shown in Figure 3.

The basic steps of fusion image denoising are as follows.

Step 1. Apply wavelet transform to the two-dimensional
image signal, and calculate the decomposition of signal 𝑋 in
the 𝛼 layer.

Step 2. Choose an appropriate threshold for each layer 1 ∼ 𝛼,
and conduct the soft threshold quantization to the high
frequency coefficients of the layer.

Step 3. Calculate the reconstruction of two-dimensional
signal according to the low frequency coefficients in the 𝛼
layer of the wavelet decomposition and the high frequency
coefficient modified from the first to the 𝛼 layer of each layer
to get low noise image𝑋.

Step 4. Use source image training set without noise to
estimate ICA-based vector and get the mixing matrix 𝐴.

Step 5. Apply ICA transform and the maximum likelihood
estimation to remove the noise estimation for low noise
image.

Step 6. Apply inverse transform of ICA to get image source
signal estimation𝑋.

Step 7. Repeat Steps 1–3 to get lower noise image.

3. Experimental of Image Denoising

3.1. The Original Image. In order to validate the newmethod,
we selected three groups of images in the experiments, as

shown in Figure 4. The pixel of standard lenna image in
Figure 4(a) is 512 × 512. To further verify the performance,
the Red Fuji apple image is selected, as shown in Figure 4(b)
which is captured by a certain type of apple harvesting robot
in natural environment. The camera model is the SONY
CYBERSHOT. The scenic image in Figure 4(c) is captured
by CANON ESO 600 D. For subsequent validation of image
denoising, three representative images are selected. These
three color images are converted to grayscale images, which
are shown in Figure 5.

3.2. Noise Reduction Experiments. The experimental opera-
tion platform in this study is described as follows: the host
configuration: CPU Intel Core2 Duo E7300 2.66GHz, RAM
1.99GB, Intel graphics G33/G31 ECF runtime environment:
MATLAB R2012a.

In order to better verify the new method, the fol-
lowing denoising methods are adopted in the experiment:
median filtering denoisingmethod (MF), wavelet soft denois-
ing method (WST), ICA denoising method, and WT-ICA
denoising method.These four denoising methods were com-
pared to each other.The window size for MFmethod is 3 ∗ 3.
The decomposition scale forWSF denoising method is 3.The
window size for orthogonal ICA transform is 8 ∗ 8.

3.2.1. Experiment 1. In order to better verify the validation of
the proposed denoising method, the denoising comparison
among four methods on the standard image of lenna is illus-
trated in Figure 6. The lenna gray image is superimposed to
Gaussian white noise with zeromean and different intensities
(𝜎
𝑛

2 = 0.001, 0.01, 0.05, 0.1) so that the noisy images are
obtained. Under different noise levels, as shown in Figure 6,
we get noise reduction results by using different denoising
methods. Figures 6(a)–6(d) list the images with noise and
noise reduction results with the condition of 𝜎

𝑛

2 equal to
0.001, 0.01, 0.05, and 0.1. From the first to the fifth columns
of each row, they are noisy image (NI), denoising results
obtained by median filtering (MF) method, WST denoising
method, ICA denoising method, and WT-ICA denoising
method, respectively.

3.2.2. Experiment 2. In order to further verify the effec-
tiveness of our algorithm, the Gaussian white noises with
zero mean and different intensities (𝜎

𝑛

2 = 0.01, 0.05, 0.1)
are superimposed on the gray image of apple, respectively,
to get noisy images. Then, a comparison is made among
noisy images obtained by using median filtering denoising,
soft threshold denoising, ICA denoising, and WT-ICA noise
reduction method, respectively. The above four denoising
methods are used to denoise the added noisy image. The
denoising results are shown in Figures 7(a)–7(c). The order
of Figure 7 is the same as that in Figure 6.

3.2.3. Experiment 3. We conduct the experiment 3 with the
mountain image. The procedure of experiment 3 is the same
as that of the experiment 2. The denoising results are shown
in Figures 8(a)–8(c).
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Figure 5: The original gray images.

3.3. Experimental Results and Analysis

3.3.1. Visual Analysis. In Figures 6–8, from the visual point of
view, it can be observed that four kinds of denoisingmethods
can reduce noises to a certain extent. But by comparing
the low noise images obtained from four kinds of denoising
methods, it can be seen that the denoising performance ofMF
method is relatively worse, the results of which retain more
noises and are fuzzy.Thedenoising results of theWSTdenois-
ing method and ICA denoising method are clearer than the
results of the MF denoising method, but there are still some
noises existing and the denoising is incomplete. Therefore,
to some extent, it needs to be further improved. Compared
to other three methods for noise reduction, the images
obtained by WT-ICA denoising method are the clearest
with lowest noise, the performance of which is the best.

3.3.2. The PSNR Evaluation. WT-ICA denoising method
greatly improves the performance of image restoration. The
visual quality has been greatly improved as well. However, as
the evaluation by human vision is subjective, it cannot verify
the real denoising performance in a fair and objective way.

In order to measure the performance of denoising algo-
rithm objectively, the PSNR of different images, mean square
error (MSE) of lenna, apple and mountain images by using
four denoising methods are listed in Tables 1 and 2, respec-
tively.These results are the average results of 20 times experi-
ments.

From both the results of PSNR and MSE, it can be
observed that the method proposed in this paper has obvious

Table 1: The PSNR comparison of different noise reduction meth-
ods.

Image 𝜎
𝑛

2 NI MF WST ICA WT-ICA

Lenna

0.001 30.2486 32.8937 31.2977 31.3042 35.8509
0.01 29.6274 28.4660 30.7974 29.7149 33.3217
0.05 27.7434 28.6445 30.1754 27.8348 33.1302
0.1 27.5489 28.2028 29.0964 28.2738 32.2946

Apple
0.01 28.6552 31.0486 31.7073 31.8736 35.5676
0.05 27.7477 31.0147 29.8020 31.8391 35.0163
0.1 27.5549 28.2936 30.1613 28.8020 33.1680

Mountain
0.01 27.8586 30.2643 30.5784 31.0982 33.6078
0.05 26.6541 30.0129 29.8475 28.8976 32.7673
0.1 25.9783 27.8951 28.1496 28.9571 32.0735

advantages compared with other methods. The PSNR is
improved by about 5∼8 dB, especially in high noise intensity;
that is, the signal-to-noise ratio is low,where the effect ismore
obvious and the advantage of this method can be reflected
more directly. The average of WT-ICA denoising image’s
PSNR is improved by 20.54% compared with noisy image,
and 11.68% compared with the classical WST denoising
image. Therefore, the advantage can be demonstrated obvi-
ously.

3.3.3. Texture Features Comparison. In order to verify the
characteristics of retaining image texture in this paper, the
joint statistical distribution of pixel and the edge gradient
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Figure 6: The denoising results of lenna.

Table 2:TheMSE comparison of different noise reductionmethods.

Image 𝜎
𝑛

2 NI MF WST ICA WT-ICA

Lenna

0.001 61.4078 33.3969 48.2288 48.1575 16.9040
0.01 70.8502 92.5712 54.1181 69.4370 30.2629
0.05 109.3291 88.8448 62.4513 107.0526 31.6272
0.1 114.3387 98.3551 80.0639 96.7604 38.3372

Apple
0.01 88.6262 51.0761 43.8886 42.2396 18.0435
0.05 109.2227 51.4765 68.0582 42.5766 20.4857
0.1 114.1801 96.3210 62.6538 85.6795 31.3531

Mountain
0.01 106.4683 61.1858 56.9168 50.4964 28.3335
0.05 140.4981 64.8321 67.3489 83.8147 34.3835
0.1 164.1536 105.5773 99.5681 82.6743 40.3395

with four kinds of denoising methods are calculated, and
the gray gradient cooccurrence matrix is used to extract

image texture features [21]. Taking lenna image with noised
intensity 𝜎

𝑛

2 = 0.01 as example, we calculate four typical
texture features: energy 𝑇

1

, correlation 𝑇
2

, grey entropy 𝑇
3

,
and moment of inertia 𝑇

4

, as shown in Table 3. In Table 3, OI
(original image) is the representation of the original image,
and the other codes are the same as Table 1. From the results,
the texture features of image processed byWT-ICAdenoising
method is closest to the original image, so the WT-ICA
denoising method is the best in retaining texture features.

3.3.4. Comparison on Edge Detection. In order to further
verify the feasibility of four methods of image denoising,
noise intensity 𝜎

𝑛

2 = 0.01 is added to the lenna image
(original image, noised image, and image denoising of four
kinds of methods).The results of edge detection are shown in
Figure 9.TheCanny edge detection operator is themost com-
monly used edge detection operator, which is recognized as
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Table 3: The typical texture features comparison among different denoising methods.

Typical texture features OI NI MF WST ICA WT-ICA
𝑇
1

0.0011 0.0021 0.0018 0.0008 0.0008 0.0009
𝑇
2

−135.6152 −286.1320 −203.8348 −97.6614 −83.7051 −125.7223
𝑇
3

2.2555 2.3420 2.3105 2.2743 2.2647 2.2459
𝑇
4

(×10−4) 1.5099 1.4299 1.4373 1.4195 1.3884 1.4897

(a) 𝜎
𝑛

2

= 0.01

(b) 𝜎
𝑛

2

= 0.05

(c) 𝜎
𝑛

2

= 0.1

Figure 7: The denoising results of apple.

an excellent detection operator [22]. From Figure 9, it can
be seen that the edge detection results of WT-ICA denoising
method is able to extract the whole contour information of
the image, which is closer to the original image. Thus, the
proposed method is more effective to keep image texture and
edge details.

Through these experiments, we compare and analyze
noise reduction ability and the denoising effect of four differ-
ent methods in Figures 5–9 and Tables 1–3, where the perfor-
mances are evaluated from the visual and objective aspects,
respectively. All the results in this study show that the effect of
WT-ICA denoising method proposed is the optimal.

4. Conclusion and Discussion

The image denoising for Gaussian noise is a difficult problem
in the image processing. For this task, the wavelet transform
and independent component analysis are introduced into

image denoising at the same time. These two algorithms
have their own advantages in image denoising. However, it
is difficult to achieve the ideal effect as noise reduction is
incomplete. In order to better reduce the noise, we combine
the two advantages ofWT and ICA, and a new image denois-
ing method based on WT and ICA (WT-ICA) is proposed.
The experimental results show that the noises of low noise
image are significantly reduced by using WST and ICA noise
reduction, where the resulting image is clearer and the PSNR
is improved. The denoising effects of these two methods
are slightly better than those of the median filter denoising
method. However, these two methods of image denoising
are still incomplete, which need to be further improved. The
quality of image processed by WT-ICA image denoising
method is greatly improved, where the value ofMSE is further
reduced, and the PSNR about 1–5 dB is improved. This new
method retains image texture and edge details very well,
and the obtained low noise image is more conducive for
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Figure 8: The denoising results of mountain.

(a) OI (b) NI (c) MF

(d) WST (e) ICA (f) WT-ICA

Figure 9: Canny edge detector (lenna 𝜎
𝑛

2 = 0.01). Note: the symbols in Figure 9 are the same as Table 1.
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the further recognition and processing. It is demonstrated
thatWT-ICA denoising method is feasible.The effect is more
obvious especially in the case of high noise intensity, that is,
the signal-to-noise ratio is low.

Overall, there are lots of problems for image denoising
yet to be explored and solved. These problems should be
dealt with according to the specific image noise type by using
modern electronic equipment, such as spectrum analyzer,
or by selecting appropriate algorithms as image denoising
method [23, 24] such as partial differential equations that can
determine types of complicated noise. WT-ICA has become
one kind of research methods for image denoising. In this
paper, only Gaussian noise is discussed and the research on
non-Gaussian noise is waiting for further verification. Many
experts have turned to this research area, so it is necessary to
generalize the research results of Gauss noise to that of non-
Gaussian noise, which is still a difficult problem at present.

In machine vision, image denoising is an important step
in image processing. There are many other problems yet to
be solved, such as segmentation, recognition, and visual nav-
igation problems, which restrict the development of image
processing technology and need to be further studied.
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