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Abstract—Real-time implementations of image processing al-
gorithms on embedded platforms are gaining importance. In
this paper, we propose an Application Specific Integrated Circuit
(ASIC) architecture for the perfect reconstruction of images using
wavelets with a view to extending this to denoising and feature
extraction of images. An architecture that implements the Dual-
Tree Wavelet Transform is presented. The architecture features
a 128x128 single-port block memory and its addressing schemes,
a simple upsampling/downsampling method and a folding and
adding mechanism. It is implemented using 180nm technology.
The results show perfect reconstruction of 128x128 grayscale
images with up to 1-bit error in pixel values when compared to
the corresponding input images.

I. INTRODUCTION

As computer vision, robotic vision and other real-time
embedded applications are gaining ground, it is essential
that implementations of various image processing algorithms
are optimized without compromising quality. We propose to
implement the architecture for Perfect Reconstruction (PR) of
images using the Dual-Tree Wavelet Transform in hardware
which meets the real-time video processing requirements. This
forms the base to implement algorithms for applications such
as image denoising and feature extraction.

The Dual-Tree Complex Wavelet Transform (DT-CWT)
proposed by Selesnick et al. [1], is a computationally efficient
and low redundancy transform compared to other algorithms.
DT-CWT is shift-invariant and directionally selective. Previous
work in this field targeting various applications based on
the Dual-Tree framework discuss various implementations
and optimization. This includes an FPGA implementation of
biomedical signal enhancement in [2] and [3], an algorithm
for plant phenotyping in [4] and a compression algorithm in
[5]. However, they do not adequately furnish details about
the architecture nor do they concretely state the performance
metrics. Real-time implementation and accelerators are the
need of the hour and this is not adequately addressed in the
available literature. In this paper, we implement the DT-CWT,
a widely-used algorithm for image processing, keeping in mind
the real-time requirement of the hardware implementation.

The paper is organized as follows: Section 2 gives an
outline of the algorithm. Section 3 deals with the hardware
architecture and Section 4 presents the experimental results.
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II. ALGORITHM

The algorithm to perform the dual-tree wavelet transform
for images is illustrated in Fig. 1.

A. Dual-Tree Wavelet Transform

The Discrete Wavelet Transform (DWT) has two main
disadvantages, namely, it is not shift invariant and lacks direc-
tionality. The shift-variant nature of the DWT implies that the
coefficients do not effectively capture the features of the input
signal. The lack of directionality of the DWT prevents the edge
information in an image to be captured effectively. However,
wavelets with their sparsity and multi-resolution nature are
still an attractive option. Complex wavelet transforms can
address both these issues [1]. The dual-tree wavelet transform
can implement the complex wavelet transform with two real
DWTs [6], [7].

In this paper, we are implementing the real-oriented dual-
tree wavelet transform. The wavelet transform is implemented
over three stages of analysis and reconstructed using three
stages of synthesis and there are two parallel trees as shown
in Fig. 1. An image is a 2-D separable signal, therefore we
separate the row and column filtering and filter the rows
first and columns next. The filter coefficients were obtained
using MATLAB R© wavelet toolbox for the real-oriented dual-
tree wavelet transform. These filters are designed using the
QShift method. For level 1, 10-tap Farras filters [7] are used,
which are orthogonal and nearly symmetric and for subsequent
stages 10 tap Kingsbury QShift filters are used [8]. The QShift
filters provide a group delay of 1/4 sample and are even
length, orthonormal filters beyond level 1. They achieve the
1/2 sample delay requirement by choosing filters for tree 2 as
the time-reversed versions of the corresponding filters in tree 1.
The filter design methodology using the QShift method [6] is
summarized below -

To design an even length low pass filter HL(z) with a group
delay close to 1/4 sample, we use a linear phase low-pass FIR
filter, HL2(z) of twice the length, twice the desired delay and
half the bandwidth defined as

HL2(z) = HL(z
2) + z−1HL(z

−2) (1)

As long as HL2(z) has very little gain above a quarter of its
sampling frequency, there will be negligible aliasing caused
by the sub-sampling and HL(z) will have a delay closely
approximating 1/4 sample. HL(z) is adjusted such that the
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Fig. 1: Flowchart of the Dual-Tree Wavelet Transform Algo-
rithm

squared gain of HL2(z) in a suitably chosen stop band is
minimized subject to a perfect reconstruction of HL(z). This
can be achieved by using a polyphase matrix that is factorized
into a series of rotations and delays. This is illustrated below
- (

HL(z)
z−1HL(z

−1)

)
= R(θn)ZR(θn−1)Z...R(θ1)

(
1
z−1

)
(2)

where,

Z =

(
z 0
0 z−1

)
,R(θi) =

(
cos(θi) sin(θi)
−sin(θi) cos(θi)

)
(3)

Here, i = 1, 2, 3, ..., n and 2n is the length of the filter HL(z).
If HL(z) is to have at least one zero at z = -1, then the
n rotations of θi must sum to π/4. This leaves only n − 1
angles to optimize, instead of 2n coefficients of HL, and it
automatically satisfies the PR condition as shown in [8].

Equations 1, 2 and 3 are used to design optimum filter
banks with shift-invariant properties. The inverse Z-transform
of HL(z) gives the filter coefficients for tree 1. The tree
2 coefficients are the time reversed versions of the coeffi-
cients for tree 1. The parallel dual-tree architecture serves
to provide the effect of complex wavelets. The problem of
lack of directionality is solved by the use of 2 trees which

can now capture six orientations. Since we are looking at a
wavelet transform that is essentially performed over different
translations and scales, we downsample the outputs of filters
by a factor of 2, which simultaneously doubles the frequency
spectrum of the wavelet and translates it by a factor of 2
[9]. The complementary operation of upsampling is performed
during reconstruction. Larger the depth of the filter bank, finer
the resolution of the transform. In this paper, we implement a
3-stage wavelet transform. The operations of the transform are
filtering followed by downsampling in the forward transform
and upsampling followed by filtering in the backward trans-
form which, is captured by the architecture of the filter bank
used.

III. ARCHITECTURE

The hardware architecture is developed to work with
128x128 images but can be extended to any desired size, NxN.
The datapath as shown in Fig. 2 has been area-optimized to
use a single convolution unit with changing filters based on
the stage and direction of the transform. It mainly consists
of two memory blocks to store the coefficients and inter-
mediate data and the filtering units to perform the filtering.
The UPSAMPLER and DOWNSAMPLER blocks are used for
upsampling and downsampling the data during synthesis and
analysis respectively, and are controlled using the SELECT
MEMORY signal. It also consists of the folding and adding
module (not shown in Fig. 2), which helps to maintain the
signal lengths. Multiplexers, Demultiplexers, counters and the
control block manage the transfer of data and use a circular
addressing scheme. The following sub-sections highlight each
of these aspects in detail.

A. Normalization and Scaling

Eight bit data received from the camera, ranging from 0
to 255 is normalized to a number between 0 and 1 which is
represented in a fixed-point format with an 8-bit signed integer
part and 16-bit fractional part. This normalization is performed
to have a reasonable data representation for processing. The
normalization is done by assuming the input pixels and the
normalization factor, i.e., 1/255 are in a fixed-point format
with 8-bit integer part and 8-bit fractional part. The formula
that is used for normalization by 255 is -

x norm = (x << 8) ∗ ( 1

255
+ 1) (4)

B. Memory

It consists of two single-port Block Memories of size
NxN words with each word being 24 bits wide. One of the
two memories acts as the primary memory, which stores the
wavelet coefficients after every stage. The second memory is
used as a secondary memory to store the wavelet coefficients
after row/column processing. The memories are modeled using
module instantiations of register arrays.

Counters and multiplexers are used to address the memory
to read/write data. At the end of the row processing, the first
half of the memory stores the results of the low pass filtering
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Fig. 2: Datapath of Proposed Architecture

and the other half stores the high pass filtering results. Column
processing creates four sub-bands as shown in Fig. 3 and
a similar memory addressing is followed as in the case of
row processing but this time alternating between sub-bands
column-wise. After every stage, further processing is based
only on the LL band and thereby, the counter used in the
address generation unit is modified accordingly by dropping
the most significant bit.

C. Addressing Schemes

The memory addressing schemes are important elements
that ensure the working of this algorithm. There are 2 different
schemes followed for different situations which are listed
below -

Reading data from memory for filtering: This is required
because of the nature of the Q-shift filters chosen. The impulse
response of the total system produces a shifted version of input
as the output due to the delay added by filtering. To counteract
this effect, the input is pre-shifted and passed to the filter.

Writing data to memory after filtering: After filtering along
rows and columns the data needs to be written to the memory
such that the low pass and high pass components occupy their
respective positions in the memory.

D. Upsampling and Downsampling

The single-port memory architecture creates two problems:
The data after analysis filtering from both high pass and low
pass filters arrive at the output port simultaneously which
needs to be written after downsampling. Similarly for the

Fig. 3: Memory storage mechanism

Fig. 4: Downsampler Architecture

synthesis stage, multiple data needs to be read simultaneously
from the memory, upsampled and then sent to the synthesis
filters. To take care of the above issues the following methods
were adopted.

1) Downsampling: Data before analysis filtering is read and
simultaneously sent to the low-pass and high-pass filters. A
multiplexer at the output of the filters chooses between the
low-pass and high-pass filter outputs. This delay-multiplexing
operation allows a single valid output from either filter to be
available at the multiplexer at any given time which is then
chosen using the SELECT signal as illustrated in Fig. 4

2) Upsampling: Because of the nature of the memory used,
at any given time, only a single value can be read from the
memory. To ensure proper synchronization at the output of
the filters, we use the method as illustrated in Fig. 5. The two
multiplexers at the inputs of the two filters are controlled by
complementary signals. The signal chooses between the data
or a zero sample. Since, the controls are complementary, when
one filter chooses a data sample, the other would choose a zero.
To achieve the final synchronization, a delay is introduced
between the multiplexer corresponding to the low pass filter
and the low pass filter itself.

E. Convolution

The filtering process, which is nothing but a convolution
is carried out with a single, convolution unit with parallel
multipliers which produces convolution outputs every clock.
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Fig. 5: Upsampler Architecture

(a) Original image (b) S/w output (c) H/w output

Fig. 6: Implementation results shown using lena image

We are using 10-tap filters and hence, 10 parallel multipliers.
The same convolution unit is used for all the filters while only
changing the filter coefficients used.

IV. RESULTS

The algorithm was first implemented on Python3.6. The
software implementation emulates the hardware except for the
memory and data formatting used. The hardware was gener-
ated using code written in Verilog HDL and the Cadence R© De-
sign Suite was used to implement the algorithm on hardware.
The Semi Conductor Laboratory (SCL) 180nm technology
standard cell library is used [10]. A post-synthesis simulation
was performed and the data output values are written to a file.
The synthesis results are given in Table I. The proposed design
runs at a maximum clock frequency of 111 MHz. The high
clock speed enables this design to work with high frame rate
videos as well.

TABLE I: Hardware Synthesis Results

Elements Instances
Sequential Elements 788637

Inverters 4013
Buffers 137
Logic 1398445

Python3.6 is used to read the hardware output file and
reconstruct the image. It was observed that the reconstructed
image differed from the input image by a maximum of only 1
bit at LSB. The outputs are shown in Fig. 6. As observed, there
is no visible difference between the software and hardware
reconstructions.

A. Clock Frequency Estimation

As intended, the design can work well for real-time video
implementations with high frame rates. A brief calculation
highlighting this is given below:

We are assuming that the system is working in conjunc-
tion with a camera that delivers images at the rate of 30

picture frames per second. The design handles 128x128 size
images. Since, the memory is a single-port memory, it requires
128x128 cycles to load the input image (NDataread). The first
stage of analysis requires 128x128 cycles to read the data for
column processing from the primary memory and 128x128
cycles to read the data from the secondary memory for column
processing. Following this trend and as the image size shrinks
by a factor of two along each dimension after every stage, we
have -

NAnalysis = (128 ∗ 128 + 64 ∗ 64 + 32 ∗ 32) ∗ 2
= 43008 cycles

In the case of synthesis, at the first stage, it requires 32x32
reads for column processing for reading four 16x16 images
followed by 32x32 reads for the row processing. This pattern
pans out across stages and the total number of cycles con-
sumed include -

NSynthesis = (128 ∗ 128 + 64 ∗ 64 + 32 ∗ 32) ∗ 2
= 43008 cycles

In total, the number of cycles required to complete this
operation (inclusive of the data read) is given by -

NCycles = NAnalysis +NSynthesis +NDataread

= 43008 + 43008 + 16384

= 102400 cycles

To compute the final clock frequency, we use -

Trequired = Periodclock ∗NCycles

1

30
= Tc ∗ 102400

fc =
1

Tc
= 3.072 Mhz

Synthesising the design using this clock frequency, results in
a positive slack of 297916 ps. Having a higher margin allows
the design to be used for other image processing algorithms.
The synthesis report gives a total power of 356.3 mW for
3.072 MHz clock frequency.

V. CONCLUSIONS AND FUTURE WORK

An ASIC design was proposed to perform the perfect
reconstruction of an input gray scale image using the dual-
tree wavelet transform. The proposed architecture consists of a
single convolution unit and a simple, yet effective upsampling
and downsampling system that successfully reconstructs the
image with only a 1-bit pixel error. The design allows enough
compute time to include other algorithms like denoising and
feature extraction whilst still maintaining real-time perfor-
mance at higher frequencies. To further improve performance,
a pipelined architecture of the unit under discussion can be
devised along with a parallel arrangement of such units to
cater to higher image resolution.
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