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Abstract- The aim of this project is to do the multiwavelet transform (DMWT) and inversemultiwavelet transfor (IDMWT). 
The input image value is converted to coefficient values in the pre-processor block. Input image coefficient file is given to 
discrete multiwavelet transform. The output of inverse multiwavelet transform is taken after compression process. The input 
image values are read in MATLAB and values are stored in a text file .coe file. In Vertex 5 device, Single port ROM is used 
to store the values. The source code for the application is written in Verilog HDL language. This verified design is taken in 
Xilinx ISE 13.1 tool for implementation. The design is implemented on Xilinx Vertex 5 platform with target device 
XC5VLX110T-1FF1136. The input and output images are matched. The objective is to do design and implement low power 
multiwavelet architecture for image compression. To optimize the subsystems for area, power and speed performances on  
FPGA platforms. To implement the multiwavelet architecture on FPGA and verify its functionality. Xilinx System Generator 
and XilinxISE are used to developthe hardware circuit for the FPGA. 
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I. INTRODUCTION 
 
The aim of the project is to do the multiwavelet 
transform(DMWT) and inversemultiwavelet 
transform(IDMWT).The input image value is 
converted to coefficient values inthe pre-processor 
block. Input image coefficient file is given to discrete 
multiwavelettransform. The output of inverse 
multiwavelet transform is taken after compression 
process. The computation of DMWT and IDMWT is 
done by using GHM filter proposed byGeronimo, 
Hardian, and Massopust[2]. In Multiwavelets setting, 
GHM multiscaling and Multiwavelets functions 
coefficients are 2X2 matrices, and during 
transformation step they must multiply vectors 
(instead of scalars). This means that multifilter bank 
need 2 input rows. 
The aim of preprocessing is to associate the given 
scalar input signal of length N to a sequence of 
length-2 vectors in order to start the analysis 
algorithm, and to reduce the noise effects[2]. In the 
one dimensional signals the repeated row scheme is 
convenient and powerful to implement GHM a filter. 
Systolic array architecture is selected for the DMWT 
and IDMWT process using GHM filters.  
The output image is matched with the input image. 
Work starts with the understanding Discrete Wavelet 
Transform (DWT) and   Inverse    Discrete Wavelet 
Transformation(IDWT). Peak signal to noise ratio is 
find out using simulink. DWT and IDWT is operated 
on an image. Then, the multiwavelt concept will be 
implemented using GHM and IGHM. MATLAB 
programme will be implemented usingGHM and 
IGHM concept and it is implemented on an image. 
We will check whether the original image and output 
of the IGHM are identical. Then, the same concept 
will be extended to write a Verilog code. As our aim 
is to implement the project in an ASIC environment 
we should write hardware descriptive language. 

Hence,Verilog coding has been chosen and 
simulation of this verilog code will be carried out. 
The measure of area, power and timing will be 
calculated using different timing constraint and the 
best results will be considered. 
 
II. WAVELETS AND MULTIWAVELETS 
 
2.1. Introduction of Wavelets 
A wavelet is a wave-like oscillation with an 
amplitude that starts out at zero, increases, and then 
decreases back to zero. Generally, wavelets are 
purposefully crafted to have specific properties that 
make them useful for signal processing. Wavelets can 
be combined, using a "revert, shift, multiply and 
sum" technique called convolution, with portions of 
an unknown signal to extract information from the 
unknown signal. Mathematically, the wavelet will 
resonate if the unknown signal contains information 
of similar frequency - just as a tuning fork physically 
resonates with sound waves of its specific tuning 
frequency. This concept of resonance is at the core of 
many practical applications of wavelet theory.As a 
mathematical tool, wavelets can be used to extract 
information from many differentkinds of data, 
including - but certainly not limited to - audio signals 
and images. Sets of wavelets are generally needed to 
analyze data fully. A set of "complementary" 
wavelets will deconstruct data without gaps or 
overlap so that the deconstruction process is 
mathematically reversible. Thus, sets of 
complementary wavelets are useful in wavelet based 
compression/decompression algorithms where it is 
desirable to recover the original information with 
minimal loss. 
 
2.2. Discrete Wavelet Transform 
The wavelet transform is usually represented as 
MRA. The wavelet transformdecomposes the signal 
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using a set of basis function into different resolution 
subspaces ….. 
V-2< V-1 < V0 < V1 <…… (2.1) 
 
The decomposition is done using a basis function and 
a wavelet function and theretranslation and dilation. 
The dilated and translated scaling function forms the 
basis of thevarious subspaces. i.e. {ø(t)} forms a basis 
for V0 . The wavelet functions forms a subspace 
orthogonal to the basis formed by the scaling 
function.The scaling and the wavelet function both 
satisfy some dilation equation 
ø(t) = Σø(2t-n)h(n)….. (2.2) 
 
If ø (t) should be orthonormal to its translated then 
h[n] should satisfy theorthonormality condition 
Σh[n]h[n-2m] = δ[m] and Σ(-1)n h[n] =0…….. ( 2.3 ) 
Given a sequence we can find another sequence g[n] 
such that the function satisfyingthe Dilation equation 
Ψ (t) = Σ Ψ (2t-n)g[n].…..(2.4) 
 
This function is orthonormal to the scaling function is 
called the wavelet function. Using the wavelet and 
the scaling function we decompose the signal into 
two subspaces orthogonal to each other. Thus if the 
original signal is in space V0 then using the scaling 
and wavelet function we decompose it into subspaces 
V1 and W1 . In the classical wavelet transform the 
subspace V1 is further decomposed into orthogonal 
subspaces V2 and W2 . 
We see that ø(t) occupies only half the frequency 
space of ø(2t)and similarly for the wavelet function. 
Thus this decomposition can be considered as 
decomposition into high and low frequency domain. 
In discrete wavelet transform we can represent the 
process of decomposition as low and high pass 
filtering and then down sampling by 2. The filter 
coefficients are given by g[-n] and h[-n]. The filter 
with coefficients h[-n] forms a low pass filter while 
the filter with g[-n] forms a high pass filter. Thus the 
wavelet transform can be constructed by using QMF 
filter banks. The low passed and the high passed 
signals are down sampled by 2. The low pass signal 
can again be decomposed into high and low pass 
signals. This can be represented using a tree structure 
as shown below in Figure 3.1 & Figure 3.2 
 
The synthesis side can be considered as up sampling 
by 2 and then filtering the low and 
high pass coefficient at the k-th level and then adding 
the two and this gives the low pass coefficient at the 
(k-1) level and similar structure at the subsequent 
levels give back the signal. The filter of the synthesis 
side can be determined from the analysis side filter by 
the perfect reconstruction condition. This gives a 
variety of filter‘s and this leads to the various families 
of wavelets.  
A 1stlevel decomposition and reconstruction is shown 
below in Figure 
3.3 for QMF filters where and g(n)=g(-n). 

 
Fig 3.1- The tree structure of wavelet decomposition 

 
2.3. Multiwavelets 
Wavelets are a useful tool for signal processing 
applications such as wireless communication, Image 
compression. Until recently, only scalar wavelets 
were known: wavelets generated by one scaling 
function. But one can imagine a situation when there 
is more than one calling function. This leads to the 
notion of Multiwavelets, which have several 
advantages in comparison to scalar wavelets. Features 
such as short support, orthogonality,symmetry, and 
vanishing moments are known to be important in 
signal processing.  
A scalarwavelet cannot possess all these properties at 
the same time. On the other hand, amultiwavelet 
system can simultaneously provide perfect 
reconstruction while preserving length 
(orthogonality), good performance at the boundaries 
(via linear-phase symmetry).The filter coefficients of 
the inverse Transformation matrix L1 of each row are 
storedin ROM. Each filter coefficients are 
represented using 10 bits and signed filtercoefficients 
are represented by 2‘s complement format 
 
III. DESIGN OF SYSTOLIC ARRAY 
ARCHITECHTURE 
 
3.1. Introduction to Systolic array architecture 
A systolic architecture is an array composed of 
matrix-like rows of cells. Here, the Processing 
elements (PEs) are similar to central processing units 
(CPUs) (except for the usual lack of a program 
counter, instruction register, control unit etc. Since 
operation is transporttriggered, i.e., sensitive to 
arrival of a data object across it). Each cell shares the 
information with its neighbours immediately after 
processing. The systolic array is often rectangular 
where data flows across the array between neighbour 
Processing elements (PE‘s), often with different data 
flowing in different directions.  
Systolic architecture is arrays of PEs which are 
connected to a small number of nearest neighbour 
PEs in a mesh-like topology. CPUs perform a 
sequence of operations on data that flows between 
them. In this project, PE performs the Multiplication 
and Accumulation (MAC) and the systolic array 
concept is used for multiply the matrices to enhance 
its computation speed 
 
3.2. Working principla of systolic array 
To compute the equation (5.1) with a two 
dimensional systolic array 
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Cmxn = Amxk X B kxn (3.1) 
Where A, B and C are the matrices with order m x k, 
k x n and m x n respectively. Each PE of systolic 
array computes the multiplication of elements and 
accumulates to the corresponding element and then 
elements will be passed to neighbour PE in the 
systolic array. First elements ai,j in row i of matrix a 
are injected first into PE as pipeline with the 
sequence of ai,k and the input time to the element of 
bi+1,jis one time unit later than . Similarly, elements 
in column j of matrix B are injected first into PE as 
pipeline with the sequence of Bk,j and the input time 
to the element of the sequence of Bk,j+1 is onetime 
unit later than Bk,j .  
 
3.3. Systolic array for matrix multiplication 
A systolic architecture is an arrangement of 
processors i.e. PE‘s in an array where data flows 
synchronously across the array between neighbours, 
usually with different data flowing in different 
directions. PE at each step takes input data from one 
or more neighbours (e.g. Left and Top), processes it 
and, in the next step, outputs results in the opposite 
direction (Right and Bottom). The two dimensional 
systolic Architecture is given in the Figure 3.1 

 
Figure3.1Two-dimensional Systolic Array 

 
The array architecture given above takes input data in 
parallel into first PE‘s in the array and 
processes the Multiplication and Accumulation on 
them and then outputs result to the next level PEs of 
array. Systolic arrays do not lose their speed due to 
their connection like any other parallelism. Where, 
each cell (PE) is an independent Processor (CPU) and 
has its own registers and Arithmetic and Logic Units 
(ALUs) i.e. Multiplication and Accumulation unit. 
The cells share the information with their neighbours, 
after performing the necessary operations on the data. 
 
3.4. Implementation of Systolic array architecture 
for DMWT 
The implementation of 1D DMWT Modulator using 
an oversampled scheme ofpreprocessing involves the 
following steps: 
a) Let 16-component vector be the input 1D signal, 
X = [ x0 x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 x12 x13 
x14 x15 ] 
b) The 16-component vector is convert into two 
dimensional matrix  

c) For an 4 × 4 input signal P, construct a 4 × 4 
transformation matrix, L, using GHM low and high 
pass filters matrices given in Equation (2.10) and 
(2.11). As GHM filters C‘s and D‘s are 2x2 matrices, 
the transformation matrix L dimension after 
substituting filters coefficients value will be 8×8 
matrix which has the dimension of the input matrix 
after repeated-row preprocessing. The transfomation 
matrix L is shown below 
 

 
 
d) The inverse (or transpose) of the transformation 
matrix Li can be used for computing 
DMWT 
 

 
e) During preprocessing instead of multiplying the 
repeated input stream with α= , 
α is multiplied with column 2,4,6,8 of the inverse 
matrix so that the number of multiplier is reduced in 
the architecture. The resultant inverse transformation 
matrix is 
 

 
 
f) f) As a result of the above step the input matrix P 
after preprocessing. 
g)Inverse Transformation matrix L` is scaled to 29 
i.e. multiplied by 512 to get signed and unsigned 
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filter coefficients which are represented using fixed 
point arithmetic. 
The inverse matrix L1 is as shown below. 
 

 
 
h) The filter coefficients of the inverse 
Transformation matrix L1 of each row are stored in 
ROM. Each filter coefficients are represented using 
10 bits and signed filter coefficients are represented 
by 2‘s complement format 
 
IV. RESULTS-SOFTWARE REFERENCE 
MODEL 

 
4.1. DWT Computation using Simulink Model in 
DWT 
 

 
 
4.2. Result of Image compression using Simulink 
Model in DWT 
 
A general computer program computing DWT is 
designed using simulink for a 100x100 2-D image. 

An example test is applied to “Lina” image by 
using simulink model. Input, compressed and 
output image is showed. PSNR value of “Lina” 
image for DWT is taken and is compared with the 
PSNR valueof same image for multiwavelet. PSNR 
value of multiwavelet has better performance 
 

 
A                         B                    C 

Fig 4.2- a) Input image b)compressed image c)output image 
 
4.3. Result of image compression using GHM 
filters in MATLAB Code in DMWT 

An example test is applied to “Lina” image by using 
MATLAB code. Input, compressed and 
reconstructed image is showed. PSNR value of 
“Lina” image for DMWT is taken and is compared 
with the PSNR 
value of DWT.PSNR value for DWT is 23 and PSNR 
value for DMWT is 267 shows better performance.   
 

 
A                    B                C 

Fig 4.3a) Input Image b)compressed image c)reconstructed 
image 

 
Reconstructed image coefficient values matched with 
the image taken from the FPGA 
implementation with verilog code using the systolic 
array architect 
 
V. RESULTS-HARDWARE 
IMPLEMENTATION 
 
5.1. Results of DMWT and IDMWT in Verilog 
the FPGA implementation of DMWT based on 
Vertex V FPGA. The RTL code has been developed 
and simulated using the Xilinx ISE 13.1 tool and 
implemented on Xilinx Vertex V FPGA. 
 
The preprocessed Inphase and Quadrature 
components are applied to two different DMWT 
blocks which is implemented using systolic array 
architecture .The systolic array perform matrix 
multiplication or convolution of preprocessed Inphase 
and Quadrature component with inverse 
transformation matrix which are stored in ROM .Fig 
5.1 shows the simulation results 
 

 
Figure 5.1 Simulation Results of DMWT and IDMWT 

 
The output of DMWT is multiplied with inverse 
transformation matrix using systolic array 
architecture to reconstruct the signal. The least 
significant bits 0-8 of the accumulator is discarded 
and results are displayed because each filter 
coefficients are initially scaled with 29. 
During Postprocessing the alternate row output are 
discarded i.e. 2,4,6,8 are discarded. The output from 
Postprocessing block are serially outputted and these 
values are subtracted from 
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255. Figure 5.2 shows the simulation results. 
 

 
Figure 5.2 Simulation Results of DMWT and IDMWT 

 
5.3Result of image compression in FPGA 
implementation 
The input image values are read in MATLAB and 
values are stored in a text file .coe file. In Vertex 5 
device, Single port ROM is used to store the values. 
The source code for the application is written in 
Verilog HDL language. The RTL code developed is 
simulated and verified in Modelsim 6.4a Simulator. 
This verified design is taken in Xilinx ISE 13.1 tool 
for implementation. The design is 
implemented on Xilinx Vertex 5 platform with target 
device XC5VLX110T-1FF1136. The input and 
output images are matched. The Fig 5.3 shows the 
implementation result of image compression. From 
the result input and output images are matched. 
 

 
Figure 5.3 FPGA implementation output of image compression 
 
CONCLUSIONS 
 
the Multiwavelet was proposed and tested. These 
tests were carried out to verify its successful 
operation and its possibility of implementation. It can 

be concluded that this structure achieves much lower 
bit error rates assuming reasonable choice of the 
bases function and method of computation. The 
software reference model is developed to evaluate the 
BER. Features such as short support, orthogonality, 
symmetry, and vanishing moments are known to be 
important in signal processing.  
A scalar wavelet cannot possess all these properties at 
the same time hence multiwavelet outperform scalar 
wavelet. Hardware implementation of DMWT and 
IDMWT is carried out using systolic array 
architecture. Hardware modeling of DMWT is carried 
out using Verilog HDL. The modeled hardware is 
implemented on to Vertex-5 FPGA board. The 
maximum operating frequency achieved for the 
design is 142.066 MHz. The total power consumed is 
watts 1.128W 
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