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 In this paper a novel algorithm for image registration is presented. The features of image 
are extracted from sub bands obtained with Dual Tree Complex Wavelet Transform 
(DTCWT). Three levels of decomposition are carried out with each level providing six 
sub bands that are used for image registration. The computation complexity of DTCWT 
is reduced with Distributive Arithmetic (DA) algorithm, optimal resources on CLB are 
utilized by modifying the DA algorithm that reduces the number of slices by 27%. 2D 
DTCWT architecture proposed in this paper is modeled using HDL and implemented on 
Virtex – 5 FPGA that operates at a maximum frequency of 239 MHz, the design is 
suitable for low power and high speed applications and is first of its kind for DTCWT 
implemented on FPGA platform. 
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INTRODUCTION 

 
Satellite images are used in applications like 

astronomy, geosciences studies and geographical 
information systems. Registration of satellite images 
helps in information extraction that provides accurate 
data for planning. Image representation of data 
captured by image sensors provides visual 
interpretation of information. Images captured at 
different instants of time, due to movements in the 
non-rigid objects in the image provide distinct 
information. For time critical applications of image 
registration such as remote sensing, medical imaging 
and border security registration algorithm needs 
hardware accelerators. Image registration consists of 
four steps: Feature extraction, feature matching, 
transform estimation and resampling and 
transformation. Moigne, et al. (2002) uses wavelet 
decomposition for feature selection process by 
computing a histogram of the horizontal (HL) and 
vertical (LH) coefficients for all the levels of the 
wavelet decomposition and saves only the points that 
are 13% to 15% above the maxima of the wavelet 
coefficients. Another image registration algorithm was 
created by Fonseca, et al. (1997) which selects 
features by using the local modulus maxima of the 
wavelet transform and thresholding is applied on 
features to eliminate insignificant feature points. In 
order to find the correspondence this algorithm uses 

the maximum correlation coefficients of the 
approximate (LL) coefficients and utilizes the affine 
transformation as the transformation function. Zheng, 
et al. (193) uses Gabor wavelet decomposition; the 
algorithm does feature extraction by finding the local 
maxima of the energy measure, uses affine as the 
transformation function, bilinear interpolation as the 
resampling technique, and feature correspondence by 
mutual correlation coefficients. The next algorithm is 
created by Li, et al. (1995) which performs feature 
extraction by extracting a contour using a 
wavelet-based scheme. After feature extraction, the 
algorithm performs a voting algorithm on each contour 
point based on the intensity value which the algorithm 
keeps the highest score from the voting algorithm. 
Then the algorithm uses the normalized correlation as 
the similarity measure and the transform parameters 
are computed using the matched points which is a 
consistency test used to filter out mismatched points. 
Then Quddus, et al (2015) is another example of 
image registration algorithm which used dyadic 
wavelet transform as edge detection, and used mutual 
information in multiscale decomposition. Wong, et al. 
(2008) created an image registration algorithm that 
uses complex wavelet phase coherrence moment 
estimation such as Gabor and dual-tree complex 
wavelets for feature point detection. In order to do 
feature correspondence, Wong’s algorithm uses 
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normalized cross correlation between maximum 
complex phase coherence moments. 

 
 Then the maximum distance sample consensus is 

used to get rid of erroneous control points and for the 
remaining control points, the location is adjusted 
iteratively to maximize the normalized cross 
correlation. Based on the discussions provided by 
various authors, wavelet transforms for image 
registration finds advantages. Wavelet transforms 
combined with allied techniques enhances the 
performance metrics of image registration. However, 
there are certain limitations in wavelets that are 
addressed by dual tree wavelet transforms. If the 
image to be registered have shifts as compared with 
reference images wavelets exhibit shift variance 
property thus altering the energy coefficients across 
the wavelet sub bands. Registration of images needs to 
account for this property and hence use of DTCWT is 
considered in this work. Introduction of the DTCWT 
was made in (Wong and Clausi D., 2008; Kingsbury, 
N.G., 1998) and showed which has desirable 
properties of approximate shift insensitive and good 
directionality. These properties will play a key role for 
many applications in analysis and synthesis, like 
denoising, deblurring, super-resolution, watermarking 
(Kingsbury, N.G., 1999), segmentation (Loo, P. and 
N.G. Kingsbury, 2000) and pattern classification (PFC 
de riiva’and N.G. kingsbury, 2000). Traditional DWT 
can only exhibits the shift independence in its 
undecimated form, which is computationally 
inefficient, particularly in multiple dimensions. The 
directional selectivity of the DWT is poor because the 
separability cannot distinguish between the edge and 
ridge features on opposing diagonals. With 
conventional approach, to get optimal shift 
independence, mid-way location of the scaling basis 
functions of imaginary tree between those for real tree 
at each level of the transform is must and it was 
proposed achieving this by a delay of one sample 
between the same level filters in each tree, and then, 
for subsequent levels, by employing alternate odd and 
even length linear-phase filters. In (Romberg, J., et al., 
2000), Nick Kingsbury proposed novel approach to 
achieve optimal shift invariance (Nick Kingsbury) 
with only even length linear phase filters by 
highlighting the major limitations of the alternate even 
and odd length filter approach (Kalannagari 
Viswanath and Ramalingam Gunasundari, 2015). 2D 
DTCWT produces directionally selective sub bands 

that can be used to capture features in the images for 
registration.  Milad Ghantous et al. (2015) have 
proposed complex wavelets for fast multimodal 
automatic image registration of IR and visible images. 
Pyramidal approach is considered for feature 
extraction, edge information at the lowest level sub 
band is used as matching criteria. The search criteria 
are refined at higher levels based on mutual 
information thus reducing the computational time for 
search operations. Accuracy in IR based on the 
proposed work is improved to 25% as compared with 
wavelet based registration technique. 

Christopher et al (1998) have presented novel 
approach for IR based on Wavelets. Gradients in both 
x and y directions estimated from the sub bands are 
used as feature points for feature matching and 
registration is performed achieving PSNR of 36 dB. 
The features from sub bands obtained do not provide 
adequate information of orientations of images and 
this can be further improved with use of DTCWT. One 
of the key challenges in use of DTCWT for feature 
extraction is the computation complexities. 
Computation complexities of DTCWT for image 
transformation into multiple sub bands can be 
addressed with use of fast processing algorithm and 
architecture on FPGA platform. In this paper a novel 
approach is proposed for IR based on DTCWT. 
DTCWT of images produce real part sub band and six 
complex sub bands with orientations of (±150, ±450 
and ±750). In this work, gradient computation is 
carried out in both x and y directions on the six sub 
bands foe feature selection, and mutual information is 
computed based on cross correlation function for 
feature selection from the real sub band. The features 
from gradients and mutual information are used as 
feature correspondence for image registration. Further 
novel algorithm and architecture are proposed for fast 
computation of DTCWT on FPGA platform.  
 
Image Registration: 

Image registration using DWT sub bands have 
provided efficient results, with noise in the captured 
image it is required to prune the registration process 
using DWT with additional techniques. In the 
proposed work a modified algorithm that incorporates 
additional techniques with DWT to improve the 
performances of registration. There are three 
important steps that need to be performed for image 
registration along with DWT. Figure 1 shows the 
image registration algorithm using DTCWT. 
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Fig. 1: Image registration algorithm using DTCWT 

 
The major limitations of wavelets are lack of 

directionality, poor shift invariance and non 
availability of phase information form decomposed 
sub bands. Complex Wavelet Transforms (CWT) has 
been replacing DWT for image processing. Dual Tree 
Complex Wavelet Transform (DTCWT) is 
advancement over DWT that has been exhibiting 
additional properties such as time shift invariant and 
directional selective in higher dimensions. 

 
A. Complex Wavelet Transform: 

The limitations of DWT such as directionality, 
shifting, oscillation and aliasing are solved with use of 
Complex Wavelet Transform (CWT). CWT is 
represented in the form of complex scaling and 
complex valued wavelet function as in Eq. (1), 
 
ψo (s) = ψa (s) + jψb (s)                                     (1) 

 
where, ψa (s) are real and j ψb (s) are imaginary. 

ψa (s) and ψb (s) form a Hilbert transform pair and ψo 
(s) is the analytic signal (Christopher Paulson et al., 
2010; Uwe Meyer-Baese, 2004). The CWT is 
obtained by projecting the signal into complex basis 
functions as in Eq. (2),   
 
dx (s , t) = da (s , t) + jdb (s , t)                              (2) 

 
where, s is the scaling factor and t is the time shift. 

Kingsbury in 1998 introduced dual tree CWT that 
consists of two real DWT filters. The first DWT filter 
computes real part and the second. The two real 
wavelets integrated with each of the two real wavelet 
transforms are represented as ψi (s) and ψj (s). After 
the filters are generated, the complex wavelet is 
approximately estimated as in Eq. (3),  
 
ψ (s) = ψi (s) + jψj (s)                                             (3) 

 

In the 2D dual-tree complex wavelet transform, 
2D wavelet function ψ (a , b) = ψ (a) ψ (b) is integrated 
with the row column of the wavelet transform, where ψ 
(a) is a complex wavelet represented by ψ (a) = ψi (a) 
+ jψj (a). ψ (a , b) is obtained from Eq. (4),  

 
ψ (a , b) = [ψi (a) + jψj (a)] [ψi (b ) + jψj (b )]= ψi (a)ψi 
(b ) − ψj (a)ψj (b ) + j[ψj (a) ψi (b ) + ψi (a)ψj (b )]      
(4) 

 
The real part of the complex wavelet is taken, and 

then the sums of two separable wavelets are obtained 
as in Eq. (5),  

 
Real P art {ψi (a , b)} = ψi (a) ψi (b) − ψj (a) ψj (b)            
(5) 

 
In (Kingsbury, N.G., 1998) image compression 

using DTCWT is presented, that uses DTCWT for 
image transformation and SPIHT encoding for 
spectral encoding. In this work, the focus in on 
DTCWT reducing computation complexity using 
Multiplierless architecture based on Distributive 
Arithmetic Algorithm. Let H0a(n), H1a(n) denote the 
low-pass/high-pass filter pair for the upper FB, and let 
H0b(n), H1b(n) denote the low-pass/high-pass filter 
pair for the lower FB. To extend the transform to 
higher-dimensional signals, a filter bank is usually 
applied in rows and column dimensions. To compute 
the 2D CWT of images these two trees are applied to 
the rows and then the columns of the image as in the 
basic DWT. This operation results in six complex 
high-pass subbands at each level and two complex 
low-pass subbands on which subsequent stages iterate 
in contrast to three real high-pass and one real 
low-pass subband for the real 2D transform. This 
shows that the complex transform has a coefficient 
redundancy of 4:1 or 2m: 1 in m dimensions. The filter 
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coefficients for first stage dual tree are shown in Table 1. 
 

Table 1: Coefficients for analysis and synthesis filter pairs 
 256*H0a  256*H1a  256*H0b  256*H1b 

0 
0.0019 
-0.0019 
-0.0170 
0.0119 
0.0497 
-0.0773 
-0.0941 
0.4208 
0.8259 
0.4208 
-0.0941 
-0.0773 
0.0497 
0.0119 
-0.0170 
-0.0019 
0.0019 

0 
0.4864 
-0.4864 
-4.352 
3.0464 
12.7232 
-19.7888 
-24.0896 
107.7248 
211.4304 
107.7248 
-24.0896 
-19.7888 
12.7232 
3.0464 
-4.352 
-0.4864 
0.4864 

0 
0 
0 
0.0144 
-0.0145 
-0.0787 
0.0404 
0.4178 
-0.7589 
0.4178 
0.0404 
-0.0787 
-0.0145 
0.0144 
0 
0 
0 
0 

0 
0 
0 
3.6864 
-3.712 
-20.1472 
10.3424 
106.9568 
-194.2784 
106.9568 
10.3424 
-20.1472 
-3.712 
3.6864 
0 
0 
0 
0 

-0.0019  
0.0019 
0 
0.0019 
-0.0019 
-0.0170 
0.0119 
0.0497 
-0.0773 
-0.0941 
0.4208 
0.8259 
0.4208 
-0.0941 
-0.0773 
0.0497 
0.0119 
-0.0170 

-0.4864 
0.4864 
0 
0.4864 
-0.4864 
-4.352 
3.0464 
12.7232 
-19.7888 
-24.0896 
107.7248 
211.4304 
107.7248 
-24.0896 
-19.7888 
12.7232 
3.0464 
-4.352 

0 
0.0144 
-0.0145 
-0.0787 
0.0404 
0.4178 
-0.7589 
0.4178 
0.0404 
-0.0787 
-0.0145 
0.0144 
0 
0 
0 
0 
0 
0 

0 
3.6864 
-3.712 
-20.1472 
10.3424 
106.9568 
-194.2784 
106.9568 
10.3424 
-20.1472 
-3.712 
3.6864 
0 
0 
0 
0 
0 
0 

 
The 2D DTCWT architecture is shown in Figure 2 

that consists of four filters represented by La, Lb, Ha 
and Hb in the first stage. The first stage processes the 
input signal, by computing DTCWT on the rows. The 
second stage consists of eight filters that process along 
the columns to compute eight sub bands. The outputs 
of six sub bands are post processes to obtain the L and 
H bands representing the edges. The top two sub bands 
represent the real and imaginary of L sub band 
representing the approximation coefficients.  

The one level 2D DTCWT decomposes the input 
image into 8 sub bands represented by (LLR1, LLC1, 
LHR1, LHC1, HLR1, HLC1, HHR1 and HHC1). For 
higher levels of decomposition, the approximation sub 
band represented either of LLR1 or LLC1 are further 
decomposed to multiple levels. The computation 
complexity of DTCWT is twice higher compared with 
DWT.

 
 

 
Fig. 2: Single stage dual trees CWT 
 



476                                                               Poornima.B and  Dr.Sumathi.A, 2015 
Australian Journal of Basic and Applied Sciences, 9(36) December 2015, Pages: 472-484 

 Proposed Image Registration Algorithm Using 
Dtcwt: 

Image registration involves finding out the 
optimal vector ‘v’ that represents transformation 
parameters [s α tx ty] representing scaling, rotation 
translation in x and y directions that can be used to find 
the best match between input image IInput and reference 
image IRef. The geometric transformation is 
represented by Eq. (6), after geometric transformation 
it is expected that the input image is approximately 
equal to the reference image. 

 

            (6) 
 
The proposed algorithm for image registration is 

shown in Figure 3. 
Input image acquired would have noise, hence 

Gaussian filtering is performed to smoothen the noise 
in the image, by performing averaging technique, 
enhancing the feature selection to select better points 
in both the input and reference image. The Gaussian 
filtered image is decomposed using DTCWT 11,17 tap 
symmetric filters. The images are decomposed to three 
levels, with each level consisting of real part and 
imaginary part. The imaginary part consists of six 
orientation bands with (±150, ±450 and ±750). The 
input image X is decomposed into eight sub bands, the 
first stage consists of row processing, and the second 
stage consists of column processing filters. The 
butterfly structure is designed with sign inversion 
operation and 2’s complement operation to reduce 
computation complexity. The division operation by √2 
is replaced with threshold operation. The proposed 
algorithm performs three levels decomposition of 
input image and reference image.  After three levels of 
decomposition, there are eight sub bands at each level. 
There are six LH, HL and HH components of real and 
complex sub bands at each level that capture the six 
orientations of edges in the input image. 

The two LL real and complex sub band capture 
the low frequency components. The decomposed sub 
bands are in pyramidal form and are organized in 
hierarchy. As there are eight sub bands at each level, 
each capturing the features at different frequency 
resolutions. The proposed work estimates the features 
from all sub bands and the best feature is selected for 
registration. The LL sub band at level three is 
considered for feature selection, gradient along the 
rows and columns is estimated using the Sobel 
operator. The maximum gradient along each row and 
column is selected by comparison. The maximum 
gradient point indicates the presence of significant 
feature at that point in an object. The gradient map is 
computed from the maximum points obtained and are 
combined to obtain combined gradient map. From the 

gradient map estimated, the corresponding 
approximation coefficients from the LL band are 
identified. The features selected from LL band 
comprises of significant features at that level. At each 
level of the pyramidal decomposition, a feature map 
consisting of control points represented by LLRn

CP is 
obtained along with approximation sub band 
represented by LLRn is present. The control points are 
optimum as they have been derived considering 
features from both approximation and detail sub bands 
and does not have redundancies. 

 
The control point map and approximation sub 

band for reference image and input image at each level 
is processed to obtain the translation vector as shown 
in Figure 4. The control points are superimposed onto 
the approximation sub band and corresponding feature 
is selected from the approximation band. The 
significant feature in the reference image is searched 
in the input image with cross correlation operation. 
The reference image and input image at level 2 is of 
size N/4 x N/4, where N represents the size of original 
image. Cross correlation operation is performed by 
selecting a 4 x 4 block from reference image and is 
searched in input image with search area of 8 x 8. The 
reference image is sub divided into 4 x 4 sub block (ti) 
correlation of input image is performed with the 
reference image by scanning the entire N/4 x N/4 sub 
image (tb) to find the best match as in Eq. (7). 

1

1 1

( ) ( )

l

i i
i

l l

i i i i
i i

t b t i
c o r r

t b tb t i t i

=

= =

⋅
=

⋅ ⋅

∑

∑ ∑

                   (7) 

The algorithm performs the feature 
correspondence until all the base control points have 
been examined. An exhaustive search is performed to 
determine the best transformation vector based on all 
the feature points. Cross correlation operation 
estimates the corresponding mach between the 
reference block and the corresponding block present 
in the input image. The reference block of 4 x 4 is 
translated and also oriented (six orientations in this 
work of ±150, ±450 and ±750). The best feature 
correspondence is estimated for every 4 x 4 block 
considering all possible translation in x and y 
directions and all six orientations. The translation 
vector tx2, ty2 and rotation vector α2 are estimated. 
Similarly the vectors from level 3 and level 1 are also 
estimated. The feature correspondence operation is 
time consuming as it performs exhaustive search, and 
requires addition, square root and division operations. 
In order to reduce computation complexity, 
correlation operation is replaced with sum of absolute 
difference (SAD) operation that requires absolute, 
difference and sum operation and thus reduces 
computation complexity. In order to improve the 
search speed, the N/4 x N/4 image size at level 2 is 
subs divided into four blocks and are processed 
simultaneously. From each block a sub block of 4 x 4 
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references is selected and SAD is computed from the 
corresponding input image. The feature 
correspondence obtained from four sub images are 
combined to obtain the translation vector at each level. 
From the feature correspondence carried out at each 
level three vectors (α, tx, ty) are computed. It is 
assumed that the nonlinearities during image capture 
due to lens and sensor are insignificant, transformation 

is carried out using projective, affine, nonreflective 
similarity and piecewise linear. The selection of 
optimum vector from the vectors estimated is 
performed based on the 2/3rd rule, as there are three 
vectors the best vector point is selected by comparison 
to obtain the final transformation vector as shown in 
Figure 5. 

 
 

                                      
 

Fig. 3: Proposed image registration algorithms 
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Fig. 4: Translation vector computations at level 2 

 
 

 
 
Fig. 5: Selection of optimum transformation vector using 2/3 rule 

 
During image registration, the vectors estimated 

operate on gray scale images, in order to register color 
image Bicubic interpolation is performed. PSNR is 
used as evaluation metric for comparison. The 
proposed methods for the westconcordorthophoto 
image achieve PSNR of 41 dB as compared with 
existing method that achieves 35dB PSNR. The 
computation time of proposed methods is 0.02 times 
slower than existing method. The registration process 
is very accurate in terms of shifting, tilting, shearing 
and translation. The features that have been identified 
from three level of sub band and hence provide more 
accurate reference points that are averaged and hence 
improve registration accuracy. In this work, twelve 
different images are considered, each of the images is 

considered as reference image and they are also 
translated with different orientations and are 
considered as reference image. The images are 
collected from a Quad copter that is mounted with 8 
mega pixel camera operating at a speed of 20 kmph, 
the images obtained are stabilized and preprocessed 
prior to registration. The quad copter is remotely 
operated and images from the campus and surrounding 
areas with features such as roads, road junctions, 
buildings, trees, lakes, vehicles and play ground. 
These twelve images are preprocessed to size 512 x 
512 and are used as both reference image and input 
image data sets. For each of the images after DTCWT 
minimum of 1578 features are extracted for feature 
correspondence.
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Fig. 6: Comparison of novel image registration algorithm 

 
Figure 6 shows the comparison results of 

proposed method with normal method using DTCWT. 
The proposed method achieves an improvement of 
46% improvement in PSNR. The computation time is 
exceeded by 12%. A detailed discussion on proposed 
algorithm is discussed in (Kingsbury, N.G., 1998).  
 
Design Of Fast Architecture For Dtcwt: 

The primary building block of DTCWT is the low 
pass and high pass filter bank. For 2D DWT 
computation, there are two stages of filter banks as 
shown in Figure 2. The first stage has four filter banks 
with two pairs of low pass and high pass filters and the 
second stage has four pairs of filter banks. The 
computation complexity of each pair depends upon the 
filter coefficients, as the wavelet filter consists of 18 
coefficients as shown in Table 1, for every filter output 
it requires 18 multiplication and 17 addition operation. 
To reduce the computation complexity and design a 
multiplierless architecture, distributive arithmetic 
algorithm is adopted.  Distributed Arithmetic (DA) is a 
signal processing technique for reducing the size of a 
parallel hardware multiply-accumulate that is well 
suited to FPGA designs (Milad Ghantous, Somik 
Ghosh and agdy Bayoumi, 2013; Analysis, 2015; 
Christopher Paulson; et al., 2010; Uwe Meyer-Baese, 
2004; Robert Prain and Andrew Paplinski, 2004; 
Patrick Longa and Ali Miri, 2006; Sangyun Hwang, et 
al., 2004; Heejong Yoo and David V. Anderson, 
2005). Most of the DA architectures proposed have 
attempted in reducing memory size and increase in 
throughput for DWT computation. The DA algorithm 
uses large number of memory and hence on FPGA 

these memories are realized using LUTs. FPGA also 
consists of multiplexers other those LUTs within the 
Configurable Logic Blocks (CLB) (Haw-Jing Lo et 
al., 2008). In this work the CLB resources have been 
effectively utilized with equal weightages for LUT and 
multiplexers and this work is first of this kind on 
design of DTCWT using DA algorithm. The FPGA 
resources are extensively used and a novel DA 
algorithm is designed for DTCWT computation.  

 
A.  Design Implementation: 

 Figure 7 shows the hardware model architecture 
for DTCWT / IDTCWT. The proposed architecture is 
designed to compute DTCWT of an input image of 
size 100 X 100, which represents a color image with 
each pixel represented by 24 bits for R, G and B. The 
image samples are stored in internal ROM of FPGA; 
IP core block is invoked in the core generator tool for 
configuring the ROM and its memory contents. A 
PISO register is used to pass the samples from the 
ROM serially into DA block which requires 24 clocks, 
with the enable of load pin. DA block consists of a 
DA-FIR filter designed using optimized DA 
architecture to perform real and complex computation 
of high-pass and low-pass filtering. The filtered 
outputs which is designed to have 26 bits from the DA 
are available at out7 and out8 ports are down sampled 
by 2 and stored in internal RAM with memory depth of 
10000 locations. Outputs of real DA-FIR filter are 
stored in 1st half of RAM and the outputs of complex 
order DA-FIR filter are stored in the next half of 
RAM. 
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Fig. 7: Top level model for DTCWT filter bank 

 
A.  Design of DA architecture for DTCWT filter 
bank: 

The filter bank consists of two filters of low pass 
and high pass, each filter has 18 coefficients, for DA 
based filter implementation 18 input registers with 
each register holding the input sample and 218 memory 
locations (Christopher Paulson et al., 2010) are 
required for storing the precomputed DA coefficients. 
In order to reduce the memory requirement and use the 
FPGA resources optimally, a novel architecture is 
designed. Figure 8 shows the top level block diagram 
of the proposed model. 

The input data from the PISO are loaded into a 
registers R1 to R18, the LSBs of R1 to R9 forms the 
address for the LPF and HPF first half LUT. Similarly, 
registers R10 to R18 forms the address to LPF and 
HPF of second half. The filter architecture shown in 
Figure 8 consists of four sub systems that compute the 

filter outputs that are further accumulated as to 
produce the high pass and low pass filter outputs. The 
outputs of second half filter are left shifted once and 
accumulated with the filter output of first half. The 
advantage of the proposed architecture is the reduction 
in memory size from 2*(218) to 4*(29). Each of the sub 
system has three inputs and one output, the three 
inputs are serial data from the registers, clock and 
reset. The output of each sub system drives the adder 
section. In order to further reduce the memory size and 
use optimal resources on FPGA, the 9 registers driving 
the LUT are split into two parts, the first 5 registers 
feed data into multiplexer array, and the second four 
registers are used as address to LUT. Thus reducing 
the memory size from 29 for each sub system to 24, as 
there are only four registers driving the LUTs. 

   
 

 
Fig. 8: Proposed model for DTCWT filter bank  
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A. Design of filter bank sub system: 
 The four sub systems shown in figure 8 are 

designed to use optimum resources on FPGA CLBs. In 
this section discussion on design of sub system that has 
8 inputs is presented. Figure 9 shows the proposed 
architecture for real low pass DA-FIR filter 
computation. The 24 bit input data is serially loaded 
into eight registers denoted by {W, V, U, T, S, R, Q, 
P}. The LSBs of all eight registers are connected to 
multiplexer logic and LUT. The LSBs of S, R, Q and P 
are used as address to 4-input LUT that is of depth 24. 
The LSBs of W, V, U and T are connected to the select 
lines of multiplexers M1, M2, M3, and M4. The four 
input LUT is stored with 24 precomputed coefficients 
using the filter coefficients h0, h1, h2 and h3 based on 
the logic discussed in (Uwe Meyer-Baese, 2004). The 
multiplexers M1, M2, M3 and M4 have two inputs, the 

first input is set to ‘ZERO’ and the second input is set 
to filter coefficient h4, h5, h6 and h7.  Let the output 
Yk that is computed by the sub system using 
convolution operation be denoted as in Eq. 8, where 
Hk is the filter coefficients and Xk are the input 
samples.  

 
           , N=8                 (8) 

 
 Eq. 8 can be split into two sections as in Eq. (9), 
the first term is realized using multiplexer based logic 
and the second term ( ) is realized using 
basic DA logic (Uwe Meyer-Baese, 2004).  

 

                   (9)                           

                
 

 
Fig. 9: Proposed architecture for Real DA_FIR filter 

 

Consider the first term , 
expanding the term, 

, 
indicates that there are four multiplications to be 
performed. As the filter parameters (H) are fixed 
coefficients, and   being binary number the term 

 can be expressed as 

 
 where  is the MSB and  is LSB. 

Multiplication of  is performed by checking 

individual bits of , if  is ‘1’ then  is the first 

partial product else if  is ‘0’ then the partial 
product is all zeros. Similarly every bit of X0 is 
checked for its weight and the H0 coefficient is added 
with the previous bit partial product. Prior to addition 

 partial product should be shifted right by 1 bit 

and added with   partial product. Thus one of 
the input to multiplexer is the filter coefficient and the 
other input is zero. The binary bits of input are the 
select lines to multiplexer. As there are four 
multiplications to be performed four multiplexers are 
required as shown in Figure 9. Figure 10 shows the 
multiplexer based filter design for the sub system 
design shown in Figure 8. The use of multiplexers and 
adders in computing the filter output eliminates the use 
of LUTs and hence at the input of every multiplexer 
two registers are required one store the filter 
coefficient and the other is hardwired to ground.  The 
five registers drive the five multiplexer, the output of 
multiplexers are accumulated  to compute the final 
output, which is further accumulated with the LUT 
output as shown in Figure 8. 
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Fig. 10: Multiplexer based multiplication logic  

 
The number of adders required are increased 

which causes delay, the adder array is designed to 
operate in parallel as shown in Figure 8, thus reducing 
delay. Loading the SIPO registers requires 216 (24*9) 
clock cycles, to compute the first output the contents 
of 24 bit SISO is shifted into the LUT and Multiplexer 
logic 24 times thus requiring 240 clock cycles. After 
computation of first output sample, new input samples 
is loaded which takes 24 clock cycles and the second 
output sample is computed at the end of 288th clock 
cycle (24 clocks to load and 24 clocks for partial 
product computation). Thus the throughput is found to 
be 48 clock cycles and latency is 288 clock cycle. The 
LUT size required is 25 and the number of 
intermediate registers to hold the five filter 
coefficients required are five. Each sub system 
requires 25 LUTs and five multiplexers and has a 
latency of 288 clock cycles and throughput of 48 
clocks. The outputs of sub systems are accumulated by 
the adder at the output stage to compute the final filter 
output. The final output is stored in the RAM for 
further processing from the proceeding stages of filter 
bank. HDL model is developed for the proposed 
model and is instantiated in the top model six times as 
required to compute forward 2D DTCWT as shown in 
Figure 2. For inverse DTCWT computation, the filter 
coefficients are inverted and the architecture remains 
the same.  The top design is synthesized in XILINX 
ISE 10.1 tool compatible to Virtex 5 board, with target 
device xc5vlx110t-1ff1136. The RTL code developed 
is simulated and verified in MODELSIM XE III 6.4b 
simulator. Block memory available in core generator 
is used to design ROM (to store image samples) and 
RAM (to store the filter outputs of DA-FIR filter).This 
verified design is taken to XILINX ISE 10.1 tool for 
implementation. The design is then implemented 
(Translate, Map, Place and Route), post translate, post 
map and post PAR simulations are carried out to check 
the design for functionality.  

RESULTS AND DISCUSSION 
 
Figure 11 shows the test environment created for 

the hardware modeling of 9 input DA-FIR filter. 
Known test samples such as [90, 91, 92, 93, 94, 95, 96, 
97 and 98] each of 24 bits are taken as the test inputs 
for verification. The  Hardware model developed for 
DA-FIR filter accepts serial input. A test bench is 
developed wherein these samples are passed into 
DA-FIR block bitwise. Output of the hardware model 
is observed through simulation window. Each 
sub-model of DA-FIR filter block is tested using 
separate test benches for verifying the functionality. 
DA, PISO, ROM blocks are designed, verified and are 
integrated into a single module. The filtered values of 
9 input DA-FIR filter are down sampled and stored in 
RAM. Block memory generator available in core 
generator is used to store the image samples by 
uploading the .coe file that contains the sample values. 
UCF file is created for the pins clock, enable, and 
reset_n and write pins. Inputs enable, reset_n and write 
are assigned to the switches available on FPGA. A bit 
file is created and the design is dumped on FPGA. 
Ports sample, address and filter output are connected 
to ChipScope. Inputs enable, clock, reset and write are 
forced from the switches. Values of sample, address 
and filter outputs are monitored on the ChipScope. 
Since the filtered outputs are of 26 bit each a 5-bit 
counter count is designed to increment address. RAM 
block works only when the enable pin goes high. For 
the purpose of down sampling a 1-bit counter 
memcount is designed. Address to the RAM is 
incremented only when the count reaches 26 and 
memcount is high the filter outs of 9-7 DA-FIR filter 
yout are stored in that address location. The top design 
is synthesized in XILINX ISE 10.1 compatible to 
Virtex 5 board, with target device 
xc5vlx110t-1ff1136. DTCWT subsystem design 
utilizes 3% slices, 1% slice LUTs, 12% bonded IOBs, 
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1% slice registers consuming 17% block RAMs. The 
implemented DTCWT sub system operates at a 
maximum frequency of 170.882 MHz consuming 912 
mW. Inverse DTCWT sub system design utilizes 3% 
slices, 1% slice LUTs, 12% bonded IOBs, 1% slice 
registers consuming 17% block RAMs. The 
implemented IDTCWT operates at a maximum 
frequency of 195.853 MHz consuming 1.004 W. The 
2D DTCWT architecture and inverse DTCWT 
architecture shown in Figure 2 is implemented on 
Virtex – 5 FPGA which occupies total area of 4354 
slices out of 17280 and operates at a maximum 
frequency of 239 MHz consuming a total power of less 
than 1.6 W. Multiple level decomposition of input 
image would further require more number of slices 
and also would reduce the operating frequency, 
pipelined architecture can be designed to compute 
multiple level DTCWT sub bands. As the focus of this 
research work is on design of optimal DA algorithm 
for DTCWT filter bank, the FPGA resources such as 
LUTs and multiplexers are utilized thus saving area 
and number of slices. For one stage filter bank 
implemented on FPGA the number of slices required 
are reduced by 27% as compared with general DA for 
implementing DTCWT architecture. The processing 
speed can be further improved with design of systolic 
array architecture and lifting based algorithm for 
DTCWT implementation. 
 
Conclusion: 

Image registration algorithm based on DTCWT 
proposed is modeled in Matlab and verified for its 
functionality. The computation complexity of 
DTCWT is reduced with DA algorithm for hardware 
implemented on FPGA platform. The designed 
DTCWT filter bank structure based on DA 
architecture utilizes 38% lesser resources and 4% 
reduction in power when compared to conventional 
DA architecture. The designed architecture is 
modified to reduce the delay by performing parallel 
addition. The implemented DTCWT subsystem 
operates at a maximum frequency of 170.823 MHz 
consuming 628 slice LUTs. The implemented 
IDTCWT operates at a maximum frequency of 
195.853 MHz consuming 592 slices LUTs. The 
operating frequency of 2D DTCWT is found to be 239 
MHz with power consumption less than 1.6W. The 
design uses optimum CLB resources on FPGA 
platform and is suitable for low power DTCWT 
implementation.  
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