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ABSTRACT At present, network image communication is still restricted by channel coding, image and
multimedia transmission and other key technologies. Therefore, the transmission process needs to convert
the image signal into a digital signal, and then use the relevant band compression technology to reduce these
signals to narrow the occupied frequency band, that is, to reduce the amount of information to be transmitted
in synchronous transmission. Wavelet transform is a powerful tool for image compression because of its low
entropy, multi-resolution, decorrelation and flexible base selection. In this paper, a method of multimedia
image compression based on biorthogonal wavelet packet is proposed, which includes the establishment
of linear phase biorthogonal wavelet basis, the selection of 3 or 4 levels of wavelet decomposition and
reconstruction stage, and the combination of improved band division and preservation strategy. Finally,
a compression test is performed based on the selected wavelet basis function and the optimal decomposition
and reconstruction layers of the standard test image, which enables to obtain a more ideal compression ratio.

INDEX TERMS Multimedia image compression, biorthogonal wavelet, multimedia transmission, discrete
cosine transform.

I. INTRODUCTION
Artificial intelligence is mostly concentrated in large-scale
computing clusters such as cloud computing centers, and the
end-to-cloud transmission delay has become a wall of intelli-
gent services [1], [2]. In order to make the intelligence closer
to users and better serve people, edge intelligence emerged at
the historic moment, that is, combining intelligent technology
and edge computing technology, pushing intelligent services
from cloud computing centers to edge devices to improve
the quality of intelligent services [3], [4]. Although data
storage technology has been developing, the performance of
computers has been increasing, and the channel transmission
bandwidth has been continuously widened, but it still cannot
keep up with people’s requirements for data compression
to reduce physical storage space [5], [6]. More and more
people have higher requirements for changing demand for
channel utilization. The current multimedia image commu-
nication transmission technology enables large-capacity data

The associate editor coordinating the review of this manuscript and

approving it for publication was Zhihan Lv .

transmission to be implemented in a more flexible manner,
and has more options for image compression transmission
technology. In order to save network bandwidth resources,
some researchers have proposed various methods to reduce
data transmission in different environments, which aremainly
manifested in edge cloud collaboration and model compres-
sion [7], [8]. The reason why wavelets have great advantages
in the field of signal processing is that wavelets conversion
can obtain a multi-resolution description of the signal, and
having a rich wavelet basis to adapt to signals with different
characteristics, which has become a powerful tool for analyz-
ing and studying non-stationary signals [9], [10]. The wavelet
analysis method used for signal and image compression has
a high compression ratio and fast compression speed. After
compression, the characteristics of the signal and image are
kept unchanged, and it can resist interference during the trans-
mission process [11], [12]. Adaptive filtering and other fields
have been widely used, and it is one of the most active applied
research fields [13], [14]. This paper studies the relation-
ship between the approximation and balance of biorthogonal
wavelets, and uses the lifting format to construct biorthogonal
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balanced multiwavelets and use them for multimedia image
compression to reduce data transmission.

The special contributions of this paper include:
• Edge intelligence and existing wavelet algorithms

are reviewed, and their advantages and disadvantages are
analyzed.
• Based on the theory of wavelet analysis, this paper

introduces the decomposition and reconstruction algorithm
of biorthogonal wavelet packet, including wavelet trans-
form and its important properties, multi-resolution analy-
sis method, two-dimensional Mallat fast decomposition and
reconstruction algorithm, wavelet packet algorithm, etc.
• This paper discusses several key links in wavelet mul-

timedia image compression, including evaluation of image
quality, selection of filters, and determination of decomposi-
tion levels, wavelet packet image compression, and boundary
problems.
• A biorthogonal balanced multiwavelet is constructed by

using lifting scheme for image compression. The linear phase
biorthogonal wavelet basis for multimedia image compres-
sion is determined from two aspects of smoothness and filter
length.

The rest of this paper is organized as follows. Section 2 dis-
cusses related work, followed by characteristic analysis of
wavelet transform and construction of 2D wavelet transform
in Section 3. The multi-media image compression algorithm
based on double orthogonal wavelet is discussed in Section 4.
Section 5 shows the experimental results, and Section 6 con-
cludes the paper with summary and future research directions.

II. RELATED WORK
Networkmultimedia image data compression requires collab-
oration between edges, establishes a secure communication
mechanism, enhances data sharing and collaboration capa-
bilities between edge devices, and improves service quality
while protecting data privacy [15], [16]. Compared to cloud
computing, edge computing sinks computing resources and
efficient services to the edge of the network, which has
lower latency, lower bandwidth consumption, higher energy
efficiency, and better privacy protection. Under the existing
technical conditions, in order to achieve fast or real-time
processing, transmission, and storage of data and improve
communication capabilities, the only solution is to effectively
compress and process multimedia data and study how to use
the redundancy inherent in the data itself. The technology of
irrelevance and irrelevance enables a large file to be decom-
posed or converted into a smaller data file without losing
important information. The purpose of multimedia image
compression research is to seek high compression ratio, less
distortion during network transmission and recovery process,
etc [17], [18]. With the rapid development of information
technology, image compression and transmission technology
has a broader prospect, and it also brings more immense
challenges. For a long time, the traditional discrete cosine
transform (DCT) encoding image compression method has
shortcomings, such as the compression efficiency of the

image is not high, the compressed image needs to be decom-
posed into pixel blocks to bring inevitable block effect, and
so on [19]. However, with the advent of wavelet conversion,
defects such as the square effect described above have been
effectively rectified [8]. In the application of multimedia
image compression, wavelets maintain energy in orthogonal
performance, and symmetry is suitable for the visual system
of the human eye, and makes the signal easy to process
at the boundary [20], [21]. The filter corresponding to the
tightly supported wavelet is a FIR Device. However, wavelet
analysis still has many issues as far as image compression
is concerned, such as generating large wavelet coefficients
way too easily at the image’s boundary and so on [22].
Orthogonal wavelets on balanced intervals solve these prob-
lems to a certain extent. Biorthogonal wavelet bases have
characteristics such as linear phase, large vanishing moment,
and appropriate energy concentration [23]. They have a wide
range of applications in image processing [24].

From the early 1950s of the last century, the research
on image compression coding started. This first generation
of research is mainly based on the entropy principle of
information theory. This method has relatively low com-
pression efficiency. Therefore, in the subsequent research of
image compression coding technology, transformation pro-
cessing was introduced. The most commonly used is the DCT
transformation [25], [26]. It is precisely because the DCT
transformation has a moderate complexity and the coding
effect of the transformed image is good. Therefore, the DCT
transformation is the core transformation algorithm of many
international image coding standards [27], [28]. After 1990,
the rapid development of multimedia application technology,
digital Internet, andmobile communications, and image com-
pression and coding technology suitable for Internet trans-
mission began to be widely used. At the same time, the rapid
growth of related marginal disciplines and the continuous
emergence of new disciplines have also contributed to image
compression. The study of technology has injected new vital-
ity. Combining theories of computer vision, neural network,
wavelet analysis, and fractal geometry has become a new
approach to image compression algorithm research. With
the continuous research on transformation, wavelet trans-
form has been widely studied and applied because of its
high compression efficiency, fast compression speed and no
interference during transmission. Now the wavelet transform
algorithm in image compression coding has become a main-
stream direction in the research of image compression cod-
ing technology [29]. From a signal processing perspective,
as a new time-frequency analysis tool, wavelet overcomes
the shortcomings of the Fourier analysis method that can
clearly reveal the frequency characteristics of the signal but
cannot reflect the local information in the time domain. The
description of properties is important both in theory and in
practical applications. When using wavelet to perform time-
frequency analysis, it has relatively local and time-frequency
characteristics and multi-resolution analysis characteristics,
which makes it relatively easy to process non-stationary
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signals [30]. Even though the short-duration Fourier conver-
sion can partially locate the time, because the window size
is fixed, it is only suitable for stationary signals with small
frequency fluctuations and not for non-stationary signals with
large frequency fluctuations [31], [32]. The wavelet conver-
sion can automatically adjust the window size according to
the level of the frequency. It is an adaptive time-frequency
analysis method that can perform multi-resolution analy-
sis. Wavelet analysis is a new discipline that has developed
rapidly since the foundation work of Y. Meyer, S. Mallat,
and I. Daubechies, etc. since 1986. It is the product of
the epoch-making development of traditional Fourier analy-
sis. In 1988, Mallat introduced the idea of multi-resolution
analysis to wavelet analysis, construction of wavelet func-
tions, decomposition and reconstruction according to wavelet
transforms, thereby successfully unifying the construction
of specific wavelet functions before that, and giving the
general approach to constructing orthogonal wavelets [33].
At the same time, Dr. Daubeehies used multi-resolution
analysis to construct orthogonal wavelets with limited
support. T. chamitchian constructed the first biorthogonal
wavelet basis. As a special wavelet, the biorthogonal com-
pactly supported set wavelet can have compact support,
high vanishing moment, and symmetry at the same time. Its
development process has been accompanied by the devel-
opment of wavelet, and its construction theory has received
extensive attention and research. Biorthogonal wavelet bases
with tightly supported sets make wavelet analysis more
suitable for signal processing. The lifting format is a
bi-orthogonal wavelet construction method based entirely on
the time domain. Compared with the spectral decomposition
method, the lifting format has a fixed wavelet construction
formula. It is not only simple and easy to understand, but
also versatile and flexible implementation of wavelet conver-
sion [34], [35].

III. 2D WAVELET TRANSFORM AND ITS FAST
ALGORITHM
A. CHARACTERISTIC ANALYSIS OF WAVELET TRANSFORM
Compared with Fourier transform, wavelet analysis is a local-
ized transform of time and frequency, thus can effectively
extract information from the signal. It solves many problems
that Fourier cannot by conducting multi scale analysis to
function or signal through functions such as expansion and
translation, etc. The essential difference between the two is
that Fourier only considers the one-to-one mapping between
time domain and frequency domain, which represents the
signal with the function of a single variable. Wavelet analysis
fundamentally overcomes the shortcoming of only describing
the signal as a single variable by analyzing nonstationary
signals with combined time-scale function [36], [37].

Continuous Wavelet Transform (CWT) is defined
as follows,

W (a, b) =

∞∫
−∞

x (t)
1
√
a
ψ

(
t − b
a

)
dt (1)

In which, a and b control the two transforms of the wavelet.
a can extend the signal in time and change the center fre-
quency of wavelet transform.

Let the center frequency of parent wavelet be ‘‘Fc’’, then
equivalent signal frequency (pseudo-frequency) of the sub
wavelet is Feq = Fc

/
a1t (‘‘Fc’’ is the wavelet center fre-

quency of scale 1, ‘‘a’’ is the scale, ‘‘delta t’’ is the sampling
interval) or Feq = Fcfs

/
a (‘‘fs’’ is sampling frequency).

The center frequency refers to the frequency of the wavelet
transform. The smallest frequency is the frequency of the
wavelet, which can represent the frequency of the middle part
of the wavelet and the energy of the wavelet [19].
a = 1 is the basis wavelet. When a < 1, the time

domain compresses, the bandwidth increases and the fre-
quency increases. When a > 1, the time domain stretches,
the bandwidth decreases and the frequency decreases. In fact,
the bandwidth is only related to ‘‘a’’, and the time width ∗

frequency width is a constant. The larger the scale, the lower
the frequency, the higher the time resolution, the lower the
frequency resolution; the smaller the scale, the higher the fre-
quency the lower the time resolution, the higher the frequency
resolution. This characteristic is important [38].

The bandwidth and center frequency of the bandpass filter
change along with the scaling factor ‘‘a’’. When ‘‘a’’ is
smaller, the center frequency is larger and the bandwidth
becomes wider. When ‘‘a’’ is larger, the center frequency
becomes smaller and the bandwidth becomes narrower [39].
This characteristic of wavelet transform has important appli-
cation value for local characteristic analysis of signal f (t).
Where the signal changes slowly, it’s mainly low-frequency,
and the frequency range is narrow. The band-pass filter of
wavelet transform is equivalent to the larger ‘‘a’’ case. Con-
versely, where the signal changes suddenly, it is mainly high-
frequency, with a wide frequency range, and the band-pass
filter of wavelet transform is equivalent to the smaller ‘‘a’’
case. In summary, when the scaling factor changes from
small to large, the range of filtering frequency changes from
high to low. Therefore, the wavelet transform has a zoom
characteristic [40], [41]. Fig. 1 is a structure chart generated
by continuous wavelet transform.

B. CONSTRUCTION OF 2D WAVELET TRANSFORM
Let the discrete Fourier transform of sequence {qn} be
q̂(ω),which satisfy the Fourier transform of γ (t) ∈ l2(R) as
follows,

γ̂ ω =
1
√
2
q̂
(ω
2

)
ϕ̂
(ω
2

)
(2)

Define two 2D separable functions as follows,{
ϕ1 (x, y) = ϕ (x) γ (y)
ϕ2 (x, y) = ϕ (x) γ (y)

(3)

Let the discrete Fourier transform of sequence {ln} be
l̂(ω),which satisfy the Fourier transform of ε̃(t) ∈ l2(R) as

67356 VOLUME 8, 2020



T. Liu, Y. Wu: Multimedia Image Compression Method Based on Biorthogonal Wavelet and Edge Intelligent Analysis

FIGURE 1. Structure chart generated by continuous.

follows,

ˆ̃ε (ω) =
1
√
2
l̂
(ω
2

)
ϕ̂
(ω
2

)
(4)

Define the other two 2D separable functions ϕ̃1 (x, y) and
ϕ̃2 (x, y) as follows,{

ϕ̃1 (x, y) = ϕ̃ (x) ε̃ (y)
ϕ̃2 (x, y) = ε̃ (x) ϕ̃ (y)

(5)

If ĥ(ω)|2 + ˆ̃g (m) ĝ∗(ω) = 2, and q̂(ω)l̂∗(ω) =

2+ |ĥ(ω)|2/2, then ϕ1(x, y), ϕ2(x, y) and ϕ̃1(x, y), ϕ̃2(x, y)
must be two-dimensional binary wavelet, and equals to its
re-constructional wavelet.

If g = g̃, q̂(ω) = l̂(ω),then ϕ(t) = ϕ̃(t), γ (t) = ε̃(t),
and ϕ1(x, y) = ϕ̃1(x, y), ϕ2(x, y) = ϕ̃2(x, y). In this case,
ϕ1(x, y), ϕ2(x, y) must be two-dimensional binary wavelet,
and equals to its re-constructional wavelet.

|l̂(ω)|2 =
2+ |ĥ(ω)|2

2
(6)

Especially, when ĥ(ω) =
√
2
√
∅̂m(2ω)

/
∅̂m(ω) =

√
2
[
cosω

/
2
]m+1 e−iεω/2, then
||l̂(ω)|2 = 1+

(
cos

ω

2

)2m+2
(7)

Let

l̂(ω) =

2+
∣∣∣ĥ(ω)∣∣∣2
2


1/2

(8)

Then

ln =
1
2π

∫ π

−π

l̂ (ω) einωdω (9)

Wavelet transform basis has both frequency local prop-
erty and time local property. The multi-resolution trans-
form of wavelet transform can be decomposed on multi-
ple scales, and it is convenient to observe the character-
istics of signal at different scales (resolution) at different
times. Using wavelet for compression, after wavelet trans-
form, the statistical characteristics are improved to eliminate
the correlation between rows and columns [42]. Wavelet
bases (scale function and wavelet function) can be gener-
ated by given filter coefficients. Some wavelet bases are
orthogonal and some are non-orthogonal. Some are symmet-
rical, and some are asymmetrical. The approximate coef-
ficient and detail coefficient of wavelet can be directly
derived by filtering coefficient, without the need to know
the wavelet basis function exactly, so that the calculation is
simplified, which is the basis of wavelet decomposition and
reconstruction [43].

After wavelet decomposition, a series of sub-images with
different resolution can be obtained, and sub-images with
different resolution have different frequencies. Most of the
points on high-resolution (i.e., high-frequency) sub-images
are close to 0. The higher the resolution, the more obvious
the phenomenon is. It should be noted that in N-level 2D
wavelet decomposition, the higher the decomposition level
of sub-image, the lower the frequency. Fig. 2 is coefficient
value of db3 wavelet continuous transform with different
scales.
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FIGURE 2. Coefficient value of db3 wavelet continuous transform with
different scales.

IV. REALIZATION OF MULTI-MEDIA IMAGE
COMPRESSION BASED ON DOUBLE ORTHOGONAL
WAVELET
A. CONSTRUCTION OF DOUBLE ORTHOGONAL WAVELET
The discrete wavelet transform of x (t) is

WTx (j, k)=
∫
x (t) ψj,k (t) dt=

〈
x (t) , ψj,k (t)

〉
, j, k ∈Z

(10)

Let dj(k) = WTx(j, k),then dj(k) is called wavelet coeffi-
cient, that is the DWT of x(t). Re-construct x(t) with dj(k)
can get,

x(t) =
∞∑
j=0

∞∑
k=−∞

dj(k)ψ̂j,k (t)

=

∞∑
j=0

∞∑
k=−∞

〈
x(t), ψj,k (t)

〉
ψ̂j,k (t) (11)

In which, ψ̂j,k (t) is the dual wavelet of ψj,k (t). It can be
seen that, wavelet ψj,k (t) is used for signal analysis while
dual wavelet ψ̂j,k (t) is used for signal synthesis. In the case
of orthogonal wavelet, ψ̂j,k (t) = ψj,k (t).
In the case of a double orthogonal filter set, decomposing

filter(H0, H1) and re-constructing filter (Ĥ0, Ĥ1) will gen-
erate two scale functions (ϕ, ϕ̂) and two wavelet functions
(ψ , ψ̂). in which, ϕ and ψ represent the decomposition of

signals, while ϕ̂ and ψ̂ refer to the re-construction of signals.
The relationship between them and H0, Ĥ0,H1, Ĥ1 are all
follows,

ϕ(t) =
√
2
∞∑

n=−∞

h0(n)ϕ(2t − n) (12)

ϕ̂(t) =
√
2
∞∑

n=−∞

ĥ0(n)ϕ̂(2t − n) (13)

ψ(t) =
√
2
∞∑

n=−∞

h1(n)ϕ(2t − n) (14)

ψ̂(t) =
√
2
∞∑

n=−∞

ĥ1(n)ϕ̂(2t − n) (15)

And

8(2ω) =
1
√
2
H0(ω)8(ω) (16)

8̂(2ω) =
1
√
2
Ĥ0(ω)8̂(ω) (17)

9(2ω) =
1
√
2
H1(ω)8(ω) (18)

9̂(2ω) =
1
√
2
Ĥ1(ω)8̂(ω) (19)

The relationship between orthogonal filter sets H0(ω) and
H1(ω) is as follows,

H
∗

0 (ω)Ĥ0(ω)+ H
∗

0 (ω + π )Ĥ0(ω + π ) = 2 (20)

Let l = 0, then the relationship between the decomposition
and re-construction filters are as follows,

H1(z)= z−1Ĥ0(−z−1), or H1(ω)=e−jωĤ
∗

0 (ω+π ) (21)

Ĥ1(z)= z−1H0(−z−1), or Ĥ1(ω)=e−jωH
∗

0 (ω+π ) (22)

As in orthogonal wavelets, it also requires ϕ(t) and ϕ̂(t)
be low pass, ψ(t) and ψ̂(t) be band pass. Correspondingly,
it requires H0(z) and Ĥ0(z) be low pass, H1(z) and Ĥ1(z) be
high pass, that is,

H0(ω) = Ĥ0(ω) |ω=π = 0 (23)

H1(ω) = Ĥ1(ω) |ω=0 = 0 (24)∫
ϕ(t)dt =

∫
ϕ̂(t)dt = 1 (25)∫

ψ(t)dt =
∫
ψ̂(t)dt = 0 (26)

Then

H0(ω)Ĥ0(ω) |ω=0 = 2, and H0(ω)= Ĥ0(ω) |ω=0 =
√
2

H1(ω)Ĥ1(ω) |ω=π = 2, andH1(ω)= Ĥ1(ω) |ω=π =
√
2

(27)
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From formula (16) and (17), below are generated,

8(ω) =
∞∏
j=1

H0(ω
/
2j)

√
2

(28)

8̂(ω) =
∞∏
j=1

Ĥ0(ω
/
2j)

√
2

(29)

From formula (18) and (19), below are generated,

9(ω) =
H1(ω/2)
√
2

∞∏
j=2

H0(ω
/
2j)

√
2

(30)

9̂(ω) =
Ĥ1(ω/2)
√
2

∞∏
j=2

Ĥ0(ω
/
2j)

√
2

(31)

From the above, it can be seen that in the case of double
orthogonality, the filter set and the two-scale difference equa-
tion each add a set of dual, that is, H0, Ĥ0; H1, Ĥ1; 8, 8̂
and 9, 9̂.
The decomposition equation and the reconstruction equa-

tion under the double orthogonal wavelet are as follows:

aj(n) = aj−1(n)∗h̄0(2n) =
∞∑

k=−∞

aj−1(k)h0(k − 2n) (32)

dj(n) = aj−1(n)∗h̄1(2n) =
∞∑

k=−∞

aj−1(k)h1(k − 2n) (33)

aj−1(n) = a′j(n)
∗ĥ0(n)+ d ′j (n)

∗ĥ1(n)

=

∞∑
k=−∞

aj(k)ĥ0(n− 2k)+
∞∑

k=−∞

dj(k)ĥ1(n− 2k)

(34)

In which, a′j(n), d
′
j (n) are respectively gained by aj(n), dj(n)

conducting second interpolation.

B. DETERMINATION OF OPTIMAL BASIS
In a J-layer wavelet packet, the quantity of wavelet packet
basis that can be constructed is 24

J−1
≤ BJ ≤ 2

49
48 4

J−1
.

The following methods are selected to construct the opti-
mal wavelet packet basis. Name M ({xk}) as cost function,
make the smallest basis of the wavelet library as the optimal
basis. According to Shannon entropy criterion, we can get
M (x) = −

∑
k
pk log pk , in which, pk =

|xk |2

‖x‖22
, when p =

0, p log p = 0. Since the information entropy is only semi-
additive, the addable function λ(x) = −

∑
k
|xk |2 lg|xk |2 is

introduced, then M (x) can be expressed as,

M (x) = ‖x‖2 λ(x)+ lg ‖x‖2 (35)

In this case, when λ(x) is the smallest, M (x) is also
the smallest. Here, the cost function is defined by entropy,
because under certainmean square error conditions, expM (x)
is proportional to the quantity of coefficients required to rep-
resent the signal. From the point of view of signal processing,
using the optimal method to search the optimal base process

is to use as few coefficients as possible to reflect as much
information as possible to achieve the purpose of feature
extraction.
The double orthogonal wavelet basis is called the optimal

double orthogonal wavelet basis when it satisfies that the
dimension of wavelet transform matrix M is the minimum
matrix, and has the highest order vanishing matrix at the
end of the decomposition with one or more free variables to
minimize maximum eigenvalue of A = MMT .

C. LIFTING FORMAT OF DOUBLE ORTHOGONAL WAVELET
In general, wavelet does not have to be each other’s expan-
sion and translation, but still has the characteristics of the
first-generation wavelet, such wavelet is called the second-
generation wavelet, which can be constructed through lifting
scheme. After the image is decomposed by wavelet, the
resolution of its low frequency part is high, and the details
of its high frequency part are prominent. The wavelet lifting
format is implemented in four ascending and two scaling
steps, as follows,

(1) Forecast 1,

c1(2n+ 1) = x(2n+ 1)+ α[x(2n)+ x(2n+ 2)] (36)

(2) Lifting 1,

d1(2n) = x(2n)+ β[c1(2n− 1)+ c1(2n+ 1)] (37)

(3) Forecast 2,

c2(2n+ 1) = c1(2n+1)+γ [d1(2n)+d1(2n+2)] (38)

(4) Lifting 2,

d2(2n) = d1(2n)+ δ[c1(2n− 1)+ c1(2n+ 1)] (39)

(5) Coefficient scaling1,

c3(2n+ 1) = (1/K ) • c2(2n+ 1) (40)

(6) Coefficient scaling2,

d3(2n) = K • d2(2n) (41)

In which, α = −1.586134342, β = −0.0529801186, γ =
0.1882911075, δ = 0.443506852,K = 1.230174105 are the
transform operator for the lifting domain of each part.
The following is the decomposition of orthogonal wavelets

with two-order vanishing matrix,

h (z) = h0 + h1z−1 + h2z−2 + h3z−3 (42)

g (z) = −h3z2 + h2z1 − h1 + h0z−1 (43)

In which,

h0 =
1+
√
3

4
√
2
, h1 =

3+
√
3

4
√
2
,

h2 =
3−
√
3

4
√
2
, h3 =

1−
√
3

4
√
2

(44)

the multiphase matrix is

P (z) = P̃ (z) =
[
h0 + h2z−1 −h3z1 − h1
h1 + h3z−1 h2z1 + h0

]
(45)
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FIGURE 3. Wavelet transform of Woman2 image based on lifting scheme.

the factorization is

P (z) = P̃ (z)

=

[
1 −

√
3

0 1

] 1 0
√
3
4
+

√
3− 2
4

z−1 1

[ 1 z
0 1

]

×


√
3+ 1
√
2

0

0

√
3− 1
√
2

 (46)

Using Formula (46) as the decomposition of P(z), and the
multiphase matrix for analysis is

P̃ (1/z)t =


√
3+ 1
√
2

0

0

√
3− 1
√
2

[ 1 0
z−1 1

]
FIGURE 4. Local compression of Julia image using the algorithm
proposed in this paper.

×

 1

√
3
4
+

√
3− 2
4

z

0 1

[ 1 0
−
√
3 1

]
(47)
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the wavelet decomposition algorithm can be obtained as fol-
lows,

d (1)l = x2l+1 −
√
3x2l

s(1)l = x2l +
√
3/4d (1)l +

(√
3− 2

)
/4d (1)l+1

d (2)l = d (1)l + s
(1)
l−1

sl =
(√

3+ 1
)
/
√
2s(1)l

dl =
(√

3− 1
)
/
√
2d (2)l (48)

The reconstruction algorithm can be gained by reversely
operating and changing the corresponding symbol of the
decomposition algorithm.

d (2)l =

(√
3+ 1

)
/
√
2dl

s(1)l =
(√

3− 1
)
/
√
2sl

d (1)l = d (2)l − s
(1)
l−1

x2l = s(1)l −
√
3/4d (1)l −

(√
3− 2

)
/4d (1)l+1

x2l+1 = d (1)l +
√
3x2l (49)

Using lifting scheme for wavelet transform has the advan-
tage of simultaneous address operation, which can save a
lot of memory cost. This advantage is more obvious in
image processing. Another advantage is that it can improve
the speed of wavelet transform. Therefore, decomposing the
existing finite-length wavelet filter into basic lifting steps
can speed up the wavelet transform. Under the same hard-
ware condition, the operation time is reduced by half for
one-dimensional wavelet transform and one-quarter for two-
dimensional wavelet transform. This advantage is of great
practical value in situations with high real-time requirements.
Fig. 3 is wavelet transform ofWoman2 image based on lifting
scheme.

V. TEST EXPERIMENTS AND ANALYSIS
A. SUBJECTIVE EFFECT ANALYSIS OF TEST
In this paper, the basic idea of double orthogonal wavelet for
multimedia image compression is to decompose the image
into sub-images with different space and frequency, and then
encode the sub-image coefficients. The energy of the image
is mainly concentrated in the low frequency part. The hor-
izontal, vertical, and diagonal parts characterize the edge
information of the original image, and possess obvious direc-
tional characteristics. The low-frequency part can be called as
brightness image. Most of the values on the high-resolution
sub-image are close to 0, and the higher the resolution,
the more obvious this phenomenon is. The most important
part to express the image is the low-frequency part, and
the wavelet decomposition just is used to remove the high-
frequency part and retain the low-frequency one. Fig.4 and
Fig. 5 are local wavelet compression processing of Julia and
Tree standard test images. Figs. 6-7 are the subjective effect of

FIGURE 5. Local compression of Tree image using the algorithm proposed
in this paper.
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FIGURE 6. Compression of Julia image using the algorithm proposed in this paper.
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FIGURE 7. Compression of Tree image using the algorithm proposed in this paper.
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TABLE 1. PSNR of Lena standard test image compression.

TABLE 2. PSNR of Cameraman standard test image compression.

the wavelet compression processing of Julia and Tree images
using the algorithm proposed in this paper.

In implementation, the discrete filter used bywavelet trans-
form should not be too long, otherwise it will affect the effect
of image compression. In order to deal with the boundary
problem properly, image wavelet decomposition should not
be too frequent, because the more frequent, the more obvious
the influence of boundary problem will be. In image com-
pression, the vanishing matrix of the filter is very important.
In general, when the tight support set is relatively short,
the vanishingmatrix of the wavelet filter at the decomposition
end should be as high as possible, but the vanishing matrix of
the reconstructed end wavelet filter can be relatively low.

B. OBJECTIVE EFFECT ANALYSIS OF TEST
In this paper, the simulation experiment of compression per-
ception reconstruction is carried out with international stan-
dard images such as Lena and Cameraman of size 256×256.
To eliminate the randomness of the experiment, the result is
averaged 100 times at the same sampling rate. PSNR was
used as the evaluation index of image quality. The simula-
tion experiment running environment is matlab, R2014a. the
hardware condition is the computer with running 4Gmemory
size and 3.2 GHz CPU.

FromTable 1 and Table 2, the following conclusions can be
obtained, for standard test images, the PSNR of this paper’s
algorithm is about 0.3 dB ∼0.9 dB better than that of PSNR
with arithmetic code SPIHT. PSNR with arithmetic code
SPIHT is about 0.2 dB ∼0.6 dB better than PSNR without
arithmetic code. The above results illustrate the effectiveness
of the double orthogonal wavelet algorithm. The experimen-
tal results show that the method adopted in this paper is
better than the traditional method in reconstructing the image

quality under the same compression ratio. The compression
ratio of this method is about 0.5 times higher than that of
the traditional method, and the human visual quality of the
reconstructed image is comparable to that of the traditional
method. In addition, the proposed compression method has
the characteristics of small storage and simple algorithm,
which is suitable for hardware implementation and conve-
nient for parallel processing. If the compression algorithm is
implemented by DSP, it can further improve the compression
speed and realize the real-time compression of multimedia
image data in the case of network transmission.

VI. CONCLUSION
Image compression represents the image data with the least
number of characters without losing the original information,
reducing the space occupied by the information. The goal is
ultimately to enable faster and more efficient transmission
of various image data to facilitate the next processing step.
Because edge intelligence is achieved through preprocess-
ing by network edge devices, the edge device can process
data with less time and speed, and can provide certain local
and offline service when faced with less computational task
requests. The wavelet transform can not only remove the
correlation in the image data, but also provides a goodmecha-
nism for utilizing the visual characteristics of the human eye.
The biorthogonal wavelet is particularly suitable for detecting
discontinuous points and lines of complex texture images.
In combination with edge intelligence methods, it can also
improve the quality of compressed images in multimedia
transmission. In this paper, the selected orthogonal wavelet
basis and the determined number of decomposition layers
are used for compression testing and comparative analysis of
standard images. The experimental results show that using
this method for multimedia image compression can not only
greatly increase the compression ratio, but also obtain better
reconstruction results.
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