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Abstract

mathematics to applied science. Numerous studies, carried out on Wavelet

Transform, have proven its advantages in image processing and data compression
and have made it a basic encoding technique in recent data compression standards. Pure
software implementations of the Discrete Wavelet Transform, however, appears to be the
performance bottleneck in real-time systems in terms of performance. Therefore, hardware
acceleration of the DWT has become atopic of recent research. The goal of our research isto
investigate the possibility of hardware acceleration of Discrete Wavelet Transform for image
compression applications and to compare the performance improvement against the pure
software implementation. In this thesis, we introduce a novel micro-architectural design for
efficient hardware acceleration of the Discrete Wavelet Transform. The unit was designed to
be integrated as an extension to the Instruction Set Architecture (ISA) of a microprocessor in
a custom-computing platform like [1] and can be used to accelerate multimedia applications
as JPEG2000 or MPEG-4. The design is based on the Fast Lifting Wavelet Transform scheme
(FLWT), which is a fast implementation of the Discrete Wavelet Transform. The design
utilizes various techniques such as pipelining, parallel execution, data reusability and specific
features of the Xilinx Virtex Il FPGASs to accelerate the transform. For performance analysis,
a software package (Liftpack [2]) and a simulator (Sim-outorder of SimpleScalar toolset [3])
were used. The simulator was modified and the software was optimized for integer arithmetic
for optimum software performance. This optimized version was used as benchmark to
investigate the performance enhancement due to the hardware acceleration. The hardware unit
operates with a clock frequency of 50 MHz. Assuming a processor clock frequency of 1 GHz
for the software implementation, a speedup of over 5 times for a picture size of 720*560 was
achieved. The performance will be even higher for pictures with larger dimensions or for
filters of larger degrees. In addition, investigations show a much higher speedup capacity for
popular filters like La Gill 5/3 or Daubechies 9/7 when they are factorized into Lifting steps
and implemented with this design. Our conclusion is that the proposed design can
substantially accelerate the DWT and the inherent scalability can be exploited to reach a
higher performance in the future.

Wavelet Transform has been successfully applied in different fields, ranging from pure
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Chapter 1: Introduction

Redundancy in signals can appear in form of smoothness of the signal or in other

words correlation between the neighboring signal values. A data sequence, which
embeds redundancy, can be presented more compactly if the redundancy is removed by
means of a suitable transform. An appropriate transform should match the statistical
characteristic of the data. Applying the transform on the data results in less correlated
transform coefficients, which can be encoded with fewer bits. A popular transform that has
been used for years for compression of digital still images and image sequences, is the
Discrete Cosine Transform (DCT). The DCT transform uses cosine functions of different
frequencies for analysis and decorrelation of data. In the case of still images, after
transforming the image from spatial domain to transform domain, the transform domain
coefficients are quantized (alossy step) and subsequently entropy encoded.

P ractical data sequences normally contain a substantial amount of redundancy.

Another transform that has received a great amount of attention in the last decade, is the
Wavelet Transform. Wavelets are mathematical functions that satisfy a certain requirement
(for instance a zero mean), and are used to represent data or other functions. In Wavelet
Transform, dilations and trandlations of a mother wavelet are used to perform a
spatial/frequency analysis on the input data. For spatial analysis, contracted versions of the
mother wavelets are used. These contracted versions can be compared with high frequency
basis functions in the Fourier based transforms. The relatively small support of the contracted
wavelets makes them ideal for extracting local information like positioning discontinuities,
edges and spikes in the data sequence, which makes them suitable for spatial analysis. Dilated
versions of the mother wavelet, on the other hand, have relatively large supports (the length of
the dilated mother wavelet). The larger support extracts information about the frequency
behavior of data. Varying the dilation and translation of the mother wavelet, therefore,
produces a customizable time/frequency analysis of the input signal.

The Wavelet Transform uses overlapping functions of variable size for analysis. The
overlapping nature of the transform alleviates the blocking artifacts, as each input sample
contributes to several samples of the output. The variable size of the basis functions, in
addition, leads to superior energy compaction and good perceptual quality of the
decompressed image. The latter characteristic, besides, means a more graceful degradation of
the decoded signal compared with the DCT, as the encoding bit budget decreases. The DCT-
based JPEG algorithm yields good results for compression ratiostill 10:1. Asthe compression
ratio increases, coarse quantization of the coefficients causes blocking effects in the
decompressed image. When compression ratio reaches 24:1, the decreased bit budget only
alows the DC coefficients, which are the average of the pixels of an 8x8 block, to be
encoded. Consequently, the input image is approximated by a series of 8x8 blocks of local
averages, which is visually very annoying. For Wavelet Transform followed by Embedded
Zero Tree encoding algorithm, in contrast, compressions of the ratios of 100:1 have been
achieved, while still yielding a reconstructed image with an acceptable quality.

The Lifting Scheme is an efficient implementation of Wavelet Transform. Using the Lifting
Scheme, it is easy to use integer arithmetic without encountering problems due to finite
precision or rounding. Applying the inverse transform in the Lifting Scheme is very easy and,

Micro-codable Discrete Wavelet Transform 1



as long as the transform coefficients are not quantized, will always result in a perfect
reconstruction of the original picture, regardless of the precision of the applied arithmetic
(explained later in the thesis).

Software implementation of the Discrete Wavelet Transform (DWT), however greatly
flexible, appears to be the performance bottleneck in real-time systems. Hardware
implementation, in contrast, offers a high performance but is poor in flexibility. A
compromise between these two is reconfigurable hardware. In this method, the time
consuming parts of the program are designed in hardware and loaded into a reconfigurable
hardware unit (FPGA) when necessary and execution is performed in hardware. Thisway, the
flexibility can be preserved, while advantage can be taken from the high performance of
hardware implementation.

In this thesis we investigate a novel VLSl design which implements the Lifting based
Wavelet Transform. The unit is meant to be integrated as an extension to a MIPS-based
microprocessor in a custom-computing platform. A software package, called Liftpack [2] was
used for performance analysis. We optimized the software for integer arithmetic for optimum
software performance. The modified version of the software was used as a benchmark to
investigate the performance enhancement when parts of it were implemented in hardware.
The benchmark was executed using a simulator called Sim-outorder, from SimpleScalar
toolset version 3 [3]. Sim-outorder simulates a superscalar out of order MIPS-based
processor. The part of Liftpack software that implements the actual transform, was designed
in hardware and implemented in Xilinx Virtex |l FPGA platform. The design implements
different techniques such as pipelining, parallel operating modules, data reusability and
specific features of the FPGA to maximize the performance. Using synthesis results of our
design, the analysis showed an improvement (hardware vs. software) of over 5 times when
processing large images. Larger pictures and longer (polynomial) filters result in an even
higher improvement. Furthermore, simulations showed the potential of the design to achieve
high performances for popular filters used in JPEG2000 when they are factorized in Lifting
steps and implemented in the proposed design.

1.1 Research goal and the contribution of the author

As mentioned, despite the advantages of Discrete Wavelet Transform, the computation
complexity of the algorithm is an obstacle for using it in practical applications. Therefore
hardware acceleration of the algorithm is desirable. The main objective of the research
described in this thesis is to investigate the possibility of hardware acceleration of Discrete
Wavelet Transform for image compression applications. A hardware design had to be
proposed to achieve a high performance, in comparison to the software implementation of
DWT. The design had to be implemented in reconfigurable hardware, as it is demanded to be
integrated in a reconfigurable computing environment. Furthermore, the performance of the
hardware module had to be analyzed and compared against the software implementation
version. The contribution of the author is described in the following:

* Analyzing the software implementation of DWT and extracting parts of the algorithm
to be accelerated;

* Introducing a scalable hardware design to accelerate these parts;

* Implementing the design in VHDL;

» Performing simulations in Modelsim to assure functional correctness of the design;

»  Synthesizing the VHDL description using Synplicity package;

* Implementing the design in Xilinx Virtex II FPGA using Alliance package to achieve
realistic post synthesis timings;

e Performing ssimulations for different picture sizes and filter configurations;

Micro-codable Discrete Wavelet Transform 2



e Analyzing the performance of the modue using the simulation results for diff erent
configurations and pacst synthesis timing parameters;

»  Estimating the performance of the modue for other popuar filters;

e Proposing a method for further improvement of the performance of designs based on
this design

1.2 Analysisstrategy

One of the competitive feaures of our proposed design is that, for large 2-D images with
maximum number of decomposition levels, it takes on the average only 1.5 herdware ¢ycles
for ead pixel to be transformed. Various techniques used in the design lead to this high cycle
per pixel performance Analyzing and answering a set of open questions was the methodd ogy
that guided us through the design processto these techniques. The open guestions are:

* Isit possble to perform cdculations within the predict phase or the update phase in
parallel?

« If the cdculations within the predict phase and the update phase can be performed in
parallel, isit also pasdble to accessall the necessary data for this paralel operations
in ore g/cle?

e Is it posdhle to acceerate the transform by performing the predict phase and the
update phase mncurrently (data dependencies)?

« If the predict phase and the update phase can operate ancurrently, isit also pcsshle
to accessall the necessary datain ore g/cle?

« Isit posshle to accéerate the 2-D transform by locaing the picture data inside the
FPGA'sinternal RAM?

In the murse of thisthesiswe analyze and answer these questions and introducetedchniques to
improve the performance of the transform.

1.3 Structureof thisthesis

Thisthesisis organized as foll ows:

e Chapter 2 starts a survey on the theoreticd badkground, biefly introducing the
Fourier Transform.

e Chapter 2.2 continues with the introduction d Wavelet Transform, its properties and
advantages.

» Chapter 3 explains the Lifting Scheme implementation d the Discrete Wavelet
Transform, by highlighting its diff erent phases, properties and advantages.

e Chapter 4 describes the Lifting scheme dgorithm as used in Liftpadk software
padckage. Examples are given to clarify the dgorithm. This chapter is esential for
understanding the hardware design as explained in the Chapter 5.

Micro-codable Discrete Wavelet Transform 3



e Chapter 5 analyzes and answers the questions stated in Section 1.2. This analysis will
shape the organization of the design in a bottom-up fashion, explaining and justifying
the techniques we used to accelerate the transform and the problems we encountered
and their solutionsin detail.

e Chapter 6 explains the performance analysis framework and presents the results of a
series of simulations on images of different size, different filters and different
acceleration schemes to determine the performance of the hardware module and
compares these against the software implementation counterparts.

e Chapter 7 presents a short description of what was achieved during this thesis,
discusses the potential of the design and gives some tips for future Improvements.

Micro-codable Discrete Wavelet Transform 4



Chapter 2: Background

introduction is given to the Fourier Transform and subsequently the principles of the

T his chapter provides background information on the Wavelet Transform. First a short
Wavelet Transform are explained and its properties and advantages are mentioned.

2.1 Fourier Transform

Asthe Fourier Transform iswidely used in analyzing and interpreting signals and images, we
will first have a survey on it prior to going further to the Wavelet Transform. J. Fourier
discovered in the early 18 century that it is possible to compose a signal by superposing a
series of sine and cosine functions (Fourier Transform). These sine and cosine functions are
known as basic functions (see Figure 2-1) and are mutualy orthogonal. The transform
decomposes the signal into the basic functions, which means that it determines the
contribution of each basis function in the structure of the original signal. These individua
contributions are called the (Fourier) coefficients. Reconstruction of the original signal from
its Fourier coefficients is accomplished by multiplying each basic function with its
corresponding coefficient and adding them up together, i.e. alinear superposition of the basic
functions.

Discrete Fourier Transform (DFT) is an estimation of the Fourier Transform, which uses a
finite number of sample points of the original signal to estimate the Fourier Transform of it.
The order of computation cost for the DFT isin order of n” where n isthe length of the signal.
Fast Fourier Transform (FFT) is an efficient implementation of the Discrete Fourier
Transform, which can be applied to the signal if the samples are uniformly spaced. FFT
reduces the computation complexity to the order of O(n log n) by taking advantage of self-

similarity properties of the DFT [4].

If the input is anon-periodic signal, the superposition of the periodic basic functions does not
accurately represent the signal. One way to overcome this problem is to extend the signal at
both ends to make it periodic. Another solution is to use Windowed Fourier Transform
(WFT). In this method the signal is multiplied with a window function (see Figure 2-2) prior
to applying the Fourier transform. The window function localizes the signal in time by putting
the emphasis in the middle of the window and attenuating the signal to zero towards both
ends[5].

LV vy
S A U A Y R O A
(R R R A
VAV VAV AV

\_/ \_/ \ V V \

Figure 2-1: A set of Fourier basic functions
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o VUW\/V

0.2

[

Figure 2-2: Left: Awindow function, right: a windowed signal
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2.2 Wavdet Transform

Wavelets are mathematical functions that satisfy certain criteria, like a zero mean, and are
used for analyzing and representing signals or other functions. A set of dilations and

translationsy, ((t) of achosen mother wavelet ((t) isused for analysis of asignal. This set
can be compared with basic functions of Fourier Transform and is defined as

W, ()= %4’ (t;sr) (Equation 2-1)

Where s is the scaling factor and T is the trandation factor. Figure 2-3-left depicts
tranglations of a prototype (mother) wavelet while Figure 2-3-right shows dilations of it.

The forward transform, or analysis part, decomposes the input signal f(t) into the basic
functions, i.e. it calculates the contribution of each dilated and translated version of the
mother wavelet in the origina data set. These contributions are called the wavelet

coefficients, denoted as C, ( below.

Co = [, F O, ,OA() (Equation 2-2)

The inverse transform, conversely, uses the computed wavel et coefficients and superimposes
themin order to calculate the original data set.

ft)= ZT,SCT@(IJT’S (t) (Equation 2-3)

2.2.1 Discrete Waveet Transform

In Discrete Wavelet Transform (DWT) the scale and transl ate parameters are chosen such that
the resulting wavelet set forms an orthogonal set, i.e. the inner product of the individua

wavelets i, , is equal to zero. To this end, dilation factors are chosen to be powers of 2. For

Discrete Wavelet Transform, the set of dilation and translation of the mother wavelet is
defined as:

W) = 2_%4/ (27t-k) (Equation 2-4)

Herej isthe scaling factor and k is the translation factor. It is obvious that the dilation factor
is a power of 2. Forward and inverse transforms are then calculated using the following
equations

R fm fOY,  ()d() (Equation 2-5)

f(t)= Zj,kcivkwjyk (t) (Equation 2-6)

For efficient decorrelation of the data, an analysis wavelet set (), should be chosen which
matches the features of the data well. This together with (bi)orthogonality of the wavelet set
will result in a series of sparse coefficients in the transform domain, which obviously will
reduce the amount of bits needed to encode it.

Micro-codable Discrete Wavelet Transform 6



Practical signals are limited both in time (or space in case of images) and frequency. Time-
limited signals can be represented efficiently using a set of block functions (Dirac delta
functions for infinitesimal small blocks). But block signals are not limited in frequency.
Band-limited signals can be represented efficiently using a Fourier basis, but sines and
cosines are not limited in time. Wavelets are a compromise between these worlds; wavelet
functions can be neatly held finite in both time and frequency domains. Therefore they can be
used to approximate data with discontinuities or spikes or detect the contours of objects in
images [6]. In Wavelet Transform, temporal analysis is performed by applying concentrated
(high frequency) versions of the mother wavelet on the input data, while frequency analysisis
done using the dilated (low frequency) versions of the mother wavelet. Figure 2-3-left depicts
tranglations of a prototype wavelet while Figure 2-3-right shows dilations of it.

2.2.2 Multi-Resolution Analysis

The main difference between Discrete Wavelet Transform and Windowed Fourier Transform
isthat DWT analyzes the datain different scales or resolutions. This principleis called Multi
Resolution Analysis (MRA). MRA analyzes the signal at different frequencies with different
(time) resolutions. It is designed to give good time resolution at high frequencies, and good
frequency resolution at low frequencies. Figure 2-4-left and Figure 2-4-right compare the
time-frequency plane of Discrete Wavelet Transform against that of Windowed Fourier
Transform. It can be seen from Figure 2-4-right that in time-frequency plane of DWT the area
covered by individual blocks is equal but that the time-frequency ratio is different. Simply
stated, this means that we look at the data in different window sizes. When analyzing with a
large window, we notice the global behavior of the data and, conversely, when analyzing with
a small window, we focus on the local features of the signal. This makes Wavelet Transform
an interesting and useful tool for image processing and image compression [7]. Multi
resol ution decomposition of asignal into its coarse and detailed componentsis useful for data
compression, feature extraction and de-noising. In terms of data compression this alows usto
represent large smooth areas with a few coefficients, which results to superior objective and
subjective performance. In the case of image compression, Wavelet Transform matches well
to the psycho-visual models;, compression systems based oh the Wavelet Transform yield
perceptual quality superior to other models at medium and high compression ratios.
Furthermore, the multi-resolution nature of the Wavelet Transform enables easy browsing of
image databases. This means that the user may decompose only the coarsest scae
representation of an image to decide whether he or she wants to examine it at a finer
resolution.

Amplitude
Amplitude
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Figure 2-3: Tranglations (left) and dilations (right) of a prototype wavel et
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2.2.3 Properties of wavelets

A number of isales are important in designing wavelet functions. This ®dion explains these
isaues and their effeds for image compresson applicaions.

Smoothness: It is important that wavelet functions is reasonably smoath. If the wavelets
possessdiscontinuities or strong singulariti es, coefficient quantization errors will cause these
discontinuities and singularities to appea in decded images. Such artifads are visually
highly objedionable, particularly in smooth regions of images.

Approximation accuracy: Accuracy of approximation is ancother important design criterion
that has arisen from wavelet framework. A remarkable fad abou wavelets is that it allows
constructing smoath, compadly suppated bases that can exadly reproduce any polynomial
upto agiven degree If a ontinuows-valued function f(x) islocaly equal to apaynomial, we
can exadly reproducethat portion o f(x) with just a few wavelet coefficients. The degree of
the polynomials that can be exadly reproduced is determined by the number of vanishing
moments of the dual wavelet. The dual wavelet has N vanishing moments provided that

J’kaZ/“(x)dx=0 fork=10...N-1 (Equation 2-7)

Compadly suppated bases for L? for which the dual wavelet has N vanishing moments can
locdly reproduce paynomials of degreeN — 1[5].

Size of the support of wavelets: The size of the suppat of the wavelet basis is ancther
important design criterion. Suppase that the function f(x) we ae transforming behaves as a
polynomial of degreeN - 1 in some regions. Asaume further that we use adual wavelet that
has N vanishing moments. Then any basis function for which the mrrespondng dual function
lies entirely in the regionin which f(x) ads as a palynomial, will have azero coefficient. The
smaller the suppat of the dual wavelet is, the higher the probability that f(x) behaves as a
polynomia and consequently the more zero coefficients we will obtain. More importantly,
edges produce large wavelet coefficients. The larger the suppat is, the more likely it is to
overlap an edge. Henceit isimportant to have wavel ets with reasonably small suppart.

There is a trade-off between wavelet suppat and the regularity and acaracy of
approximation. Wavelets with short suppat have strong constraints on their regularity and
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acaracy of approximation. But as the suppat increases, they can be made to have higher
degrees of smoothnessand numbers of vanishing moments.

2.2.4 Advantages of using wavelets

Wavelet Transform have several advantages. Here we list a number of these in regard to
image compressonand processng.

e One of the main feaures of Wavelet Transform, which isimportant for data compresson
and image procesgng applicaions, isits good decorrelating behavior.

Wavelets are locdized in bah the space (time) and scde (frequency) domains. Hence
they can easily deted locd feduresin asignal.

*  Wavelets are based on multi-resolution analysis. A wavelet decomposition alows to
analyze asignal at different resolution levels (scdes), which results in superior objedive
and subjedive performance

* Wavelets are smooth, which can be charaderized by their number of vanishing moments.
The higher the number of vanishing moments, the better smooth signals can be
approximated with the wavelet basis. A function f defined on the interval [a,b] has N
vanishing moments if:

b
J’f(x)x‘dx:o fori=0,1,....N-1 (Equation 2-8)

* Fast and stable dgorithms are avail able to cdculate the Discrete Warelet Transform and
itsinverse. Like FFT, the Discrete Wavelet Transform can be fadored into a few sparse
matrices using self-similarity properties. This results in an algorithm that requires only
order of n operations to transform a data series with length n. thisis caled Fast DWT of
Mallat and Daubedhies.

2.3 Conclusions

In this chapter we had a mncise review of the necessary theoreticd badkground for
understanding the Wavelet Transform. We gave the definition d the Wavelet Transform,
followed by the Discrete Wavelet Transform. Next, multi-resolution analysis was introduced
and subsequently we discussed the properties and advantages of the Wavelet Transform.
There ae different ways to implement the Wavelet Transform; for instance filter bank
implementation a the Lifting scheme. The following chapter explains the Lifting scheme in
detail s, as the proposed design is based onthat.
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Chapter 3: Lifting Scheme

first generation wavelets or classical wavelets. Second generation wavelets, i.e.,

wavelets which are not necessarily translations and dilations of one function, are
much more flexible and can be used to define wavelet bases for bound intervals, irregular
sample grids or even for solving equations or analyzing data on curves or surfaces. Second
generation wavelets retain the powerful properties of first generation wavelets, like fast
transform, localization and good approximation. Lifting scheme is a rather new method for
constructing wavelets. The main difference with the classical constructions is that it is does
not rely on the Fourier transform. In this way, Lifting can be used to construct second
generation wavelets Lifting scheme [2] can in addition, efficiently implement classica
wavelet transforms. Existing classical wavelets can be implemented with Lifting Scheme by
factorization them into Lifting steps[8].

W avelets based on dilations and translations of a mother wavelet are referred to as

The basic idea behind the Lifting Scheme is very simple; we try to use the correlation in the
data to remove redundancy. To this end, we first split the data into two sets (Split phase): the
odd samples and the even samples (see Figure 3-1). If the samples are indexed beginning with
0 (the first sample is the 0™ sample), the even set comprises all the samples with an even
index and the odd set contains all the samples with an odd index. Because of the assumed
smoothness of the data, we predict that the odd samples have avalue that is closely related to
their neighboring even samples. We use N even samplesto predict the value of a neighboring
odd value(Predict phase). With a good prediction method, the chance is high that the original
odd sampleisin the same range as its prediction. We cal culate the difference between the odd
sample and its prediction and replace the odd sample with this difference. As long as the
signal is highly correlated, the newly calculated odd samples will be on the average smaller
than the original one and can be represented with fewer bits. The odd half of the signal is now
transformed. To transform the other half, we will have to apply the predict step on the even
half as well. Because the even half is merely a sub-sampled version of the original signal, it
has lost some properties that we might want to preserve. In case of images for instance, we
would like to keep the intensity (mean of the samples) constant throughout different levels.
The third step (Update phase) updates the even samples using the newly calculated odd
samples such that the desired property is preserved. Now the circle is round and we can move
to the next level; we apply these three steps repeatedly on the even samples and transform
each time half of the even samples, until all samples are transformed. Below we explain these
three steps in more detail .

<«—— Number of samples ___,

Ao Level O

—

A1 Vi Leve -1

N F
A2 Y2 Leve -2

Figure 3-1: Number of samplesin different levels
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3.1 Split phase

Assume that the scheme starts at level 0. We denote the data set as Ay, where k represents

the data element and O signifies the iteration level 0. In the first stage, the data set is split into
two other sets: the even samplesA_, , and the odd samples y_,  (see Figure 3-2). Thisisalso

referred to as the Lazy Wavelet transform because it does not decorrelate the data, but just
sub-samples the signal into even and odd samples.

A1k = Ao (Equation 3-1)
Vak = Aozk+1 (Equation 3-2)

The negative indices are used according to the convention that the smaller the data set, the
smaller the index.

=® | Yik
\T/ !
Aj+1k _ Update
> Split Predict A

— /\j,k

Figure 3-2: The Lifting Scheme, forward transform: Split, Predict and Update phases

3.2 Predict phaseor dual Lifting

The next step is to use the even setA_,, to predict the odd sety_,, using some prediction
function P, which isindependent of the data. The prediction will be

Prediction= P (A_,,) (Equation 3-3)

The more correlation present in the original data, the closer the predicted value will be to the
origind y_,, . Now, the odd set y_,, will be replaced by the difference between itself and its

predicted value. Thus,
Vo= Aak=P (Ayy) (Equation 3-4)

Different functions can be used for prediction of odd samples. The easiest choice isto predict
that an odd sample is just equal to its neighboring even sample. This prediction method is
result to the Haar wavelet. Obvioudly this is an easy but not realistic choice, as there is no
reason why the odd samples should be the equal to the even ones.

Another option is to predict that an odd sample y_,, is equa to the average of the

neighboring even samples at itsleft end right sideA_; , , Ay ., -

1 .
Vo= Aak— E( A+ Aoger ) (Equation 3-5)
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In other words, we assume that the data has a piecewise linear behavior over intervals of
length 2. If the original signal complies with this model, all wavelet coefficients (y_,, , [7K)

will be zero. In other words, the wavelet coefficients measure to which extent the original
signal fails to be linear. In terms of frequency content, the wavelet coefficients capture the
high frequencies present in the original signal.

The prediction does not necessarily have to be linear. We could try to find the failure to be
cubic and any other higher order. Thisintroduces the concept of interpolating subdivision. We
use some value N to denote the order of the subdivision (interpolation) scheme. For instance,
to find a piecewise linear approximation, we use N equal to 2. To find a cubic approximation
N should be equal to 4. It can be seen that N isimportant because it sets the smoothness of the
interpolating function used to find the wavel et coefficients (high frequencies). Thisfunctionis
referred to as the dual wavele. Thus the number of dual vanishing moments defines the degree
of the polynomials that can be predicted by the dual wavelet. Figure 3-3-l€eft illustrates linear
interpolation (N=2), where one even sample at each side is used for predicting the odd
sample, while Figure 3-3-right depicts cubic interpolation (N=4), where two even samples at
each side are used for prediction. See [2] for more information on how to calculate the filters.

/ linear interpolation

i

(‘,Ul)}'é inﬁpolation
Ly

A

---l ——

linear interpolation

Figure 3-3: Examples of different prediction functions. Left: Piecewise linear prediction,
N=2, right: Cubic polynomial interpolation, N=4

3.3 Updatephaseor primal Lifting

By iterating the predict step on the A;x outputs of each level for lets say n times, we can
convert all the samples, except N coarsest level coefficients A, to their corresponding
wavelet coefficients. These last N coarsest coefficients are N samples from the origina data
and form the smallest version of the original signal. Thisintroduces considerable aliasing. We
would like some global properties of the original data set to be maintained in the smaller
versions A; . for example in the case of images we would like the smaller images to have the
same overall brightness, i.e. the same average pixel value. Therefore, we would the last values
to be the average of all the pixel valuesin the original image. This problem can be solved by
introducing athird stage: the update stage.

In this stage the coefficients A_, are lifted with the help of the neighboring wavelet
coefficients y's, so that a certain scalar quantity Q, e.g. the mean, is preserved.
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QA1) = Q(Aok) (Equation 3-6)

A new operator U is introduced that ensures the preservation of this quality. Operator U uses
awavelet coefficient of the current level () to update N even samples of the same level
(Aj)- This preserves N —1moments of the lambdas.

A= A+ U(Yogy) (Equation 3-7)

Thisisreferred to as primal lifti ng. N isalso called number of real vanishing moments. The
higher N, thelessaliasing effect will exist in the resulting transform.

3.4 Theinversetransform

One of the great advantages of the lifting scheme realization of a wavelet transform is that it
decomposes the wavelet filters into extremely simple elementary steps, and each of these
steps is easily invertible. As a result, the inverse wavelet transform can always be obtained
immediately from the forward transform. The inversion rules are trivial: revert the order of
the operations, invert the signs in the lifting steps, and replace the splitting step by a merging
step. Here follows a summery the steps to be taken for both forward and inverse transform.

i 7 @

Update
Predict Merge

> \j+lk

ik —

Figure 3-4: The lifting Sheme, inverse transform: Update, Predict and Merge stages

Forward transform:

1- Split phase: A= Ajrrx
Vik= A je12ke1

2- Predict phase Y= Yik—PAix)

3- Update phase A= A+ Uy

I nversetransform:

1- Update phase A= A= Uy

2- Predict phase V= Ykt P(AjK

3- Merge phase: Ajsrk= Ak

Ajr12ke1 = Yk
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3.5 Integer-to-integer transform

Integer arithmetic is generally much faster than floating-point arithmetic. Furthermore, integer
numbers are more dficient to encode and take less paceto store. As a cnsequence, we
prefer to ded with integer numbers and integer arithmetic rather than floating-point. In many
applicdions, espedaly in image processng, the inpu data mnsists of integer samples.
Wavelet coefficients, on the ontrary, are floating point values. Thus snce the filter
coefficients are floating-point numbers, even if the inpu data is integer applying the Lifting
and Update steps on the datawill result in floating-point numbers.

Fortunately the Lifting Scheme can be eaily modified to map integers to integers, whichisin
addition fully reversible and thus allows a perfed recnstruction d the original image. This
can beisdore by adding scding and roundng operations at the expense of introducing a non
lineaity in the transform.

First, the Predict and Update filter coefficients are scded upand rounced to integers. As bath
the data and the filter coefficients are integer values, integer arithmetic can nov be used.
Roundng of thefilter coefficients introduces ome earor, denoted as E below.

Forward transform:
Vi kforward, = Vi korigina —{ P(Ajx) + E} (Equation 3-8)
ik forward = Ajkorigina T { U(Yix) + E} (Equaion 3-9)

The introduced error E is fully deterministic, i.e. while cdculating the inverse transform, we
introduwce eadly the same aror. Equations below show that the original values are exadly
reproducible irrespedive of the roundng error. This means a perfed reanstruction d the
original image, provided that the transform coefficients are na quantized. Obvioudly,
quantization will still cause distortionin the reconstructed image.

Inverse transform:

)’j’,k = )’J’,k,forward + {P(Ajk) + E}
= )’J’,k,original _{P(/\j,k) + E} + {P(Ajk) + E}
= M,k,original

Ak = Ajkforward — {U(Yx) + E}
= Ajkorigina + {U(¥0) + E} ={U(y) + E}
= /\j,k,original

3.6 Boundary treatment

Red world signals are limited in time (spacé, i.e. they do nd extend to infinity. Filter bank
algorithms assume, however, that the signal isinfinitely long. There anumber of waysto ded
with this problem. One auld for instance extend the signal with zeros (zero padding). In this
case the number of coefficients of the transformed signal will be obviously more than the
original signal. Furthermore, as sgnals do nat generally converge to zero towards the ends,
extending the signal with zeros can lead to coefficients with large values, which leals to
significant coding inefficiencies. Truncating the number of coefficients to the number of
samples of the original signal, or quantization errors of coefficients with large values will
significantly distort the reconstructed image.

Anather option is make the signal periodic, i.e. to repea the signal at its ends (Figure 3-5-b).
Asthevalues at the left and right ends of the signal are not necessarily the same, discontinuity
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will appea at signal ends and as a result, a similar problem can arise @& mentioned with zero
padding. For symmetricd wavelets, an effedive strategy for handing boundxriesisto extend
the image viarefledion. Such an extension preserves continuity at the boundiries and wually
leads to much smaller wavelet coefficients than if discontinuities were present at the
boundiries (Figure 3-5-c).

An dternative gproadc is to modify the filter nea the boundxries. In this method, nad the
signal, bu the filter is modified around the boundries to construct boundxry filters that
preserve filter's orthogonality [9] [10]. The lifting scheme [11] provides a related method for
handling filtering nea the boundries.

Figure 3-5: Examples of signal extension
a: Afinite signal

b: Periodic extension

c: Symmetric extension f : |

3.7 Advantages of the Lifting scheme

Summarized, the lifting scheme has the foll owing immediate advantages, when compared to
the dasscad filter bank algorithm:

1. Lifting leads to a speedup when compared to the dasdc implementation. Classcd
wavelet transform has a complexity of order n, where n is the number of samples. For
long filters, Lifting Scheme speeds up the transform with another fador of two. Henceiit
isalso referred to as fast lifting wavel et transform (FLWT).

2. All operations within lifting scheme can be dore etirely parallel while the only
sequential part is the order of lifting operations.

3. Lifting can be dore in-place An auxiliary memory is nat needed since it does not need
other samples than the output of the previous lifting step. At every summation pant the
old streanis replaced by the new one & every summation pant.

4. Lifting Scheme dl ows integer-to-integer transform whil e keegping a perfed reconstruction
of the original data set. Thisisimportant for hardware implementation and losdessimage
coding.

5. Lifting all ows adaptive wavelet transforms. This means that the analysis of afunction can
start from the aarsest level, followed by finer levels by refining in the aeas of interest.
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3.8 Conclusions

In this chapter we focused on the Lifting scheme implementation of the Wavelet Transform.
We saw that the Lifting scheme uses three simple steps to calculate the wavelet coefficients,
namely the Split, Predict and Update phase. We discussed these three steps and explained
how the inverse transform can easily be calculated in a similar way. Furthermore, we noticed
that the Lifting scheme is not sensitive to deterministic rounding errors that occur in finite
precision calculations and, therefore, is suitable for integer calculation. We also discussed
how boundary issues, rising in finite length signals, can be treated by using adaptive filtersin
the Lifting scheme. Conclusively, some nice properties of the Lifting Scheme were listed.
Chapter 4 proceeds describing the Lifting scheme by explaining how the Lifting based
Discrete Wavelet Transformis applied to 1-D and 2-D signals in the Liftpack software [2].
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Chapter 4. Software implementation: Liftpack

Wavelet Transforms using the Lifting Scheme (Fast Lifted Wavelet Transform or

FLWT). Originally, the software uses floating-point arithmetic for the transform. For
this project we modified the software to use integer arithmetic for higher efficiency. We used
this software as a benchmark to see how much the transform would be improved if it would
be implemented in hardware. For performance comparison, the software was executed using a
simulator, called Sim-outorder, which simulates a M1PS-based processor and the performance
were compared to that of the hardware implementation of the transform. In this chapter we
discuss the transform, as implemented in Liftpack for a better understanding of the structure
of the hardware implementation.

I iftpack is a software package written in C for fast calculation of 2-D bi-orthogonal

4.1 Attributesof thetransform

Before going to the implementation details, we give a list of the most important parameters
that are used in the scheme.

Filter coefficients matrix size: (N/2 + 1)*N

Number of iterationsn = [1pg, ((L —=1) /(N5 =D)L, where Nya=max(N, N )
Number of coefficients at current level C = [1L/S[,where sis the step size between
similar coefficients at current level

Number of ysat current level: nG=[CT/2[

Number of A sat current leveln: nL = C - nG

Number of caseswhere yson left < ysonright: N/2- 1

Number of cases where yson left = ysonright: nG—N+ 1+ oddC), where oddC)

isequal to 1if Cisodd and equal to O if Ciseven
Number of cases where yson left > yson right: N/2 — oddC)

o

O 0o o

o

4.2 Predict and updatefilters

In [2] it is explained how to calculate the filter coefficients for the Predict step (filter
coefficients) and the Update step (Lifting coefficients). Both sets of coefficients are stored in
matrices. For the filter coefficients, the matrix consists of N/2 + 1 rows of each N columns, so
in total it has (N/2 + 1)*N entries, where N is the number of vanishing moments. Table 4-1
shows the filter coefficients for N=2, while Table 4-2 illustrates the filter coefficientsin case
N=4. These tables contain N+1 rows; one row for each interpolating case. Due to the
symmetry in the in the rows, they can be stored in only N/2 +1 rows.

For lifting coefficients, the matrix consists of n* G* N rows, where N is the number of real
vanishing moments, n is the maximum number of iterations and G is the number of y

coefficients. Thus a separate set of N coefficients is used for each y to update N As. In

Micro-codable Discrete Wavelet Transform 17



additions, different iteration levels use different sets of lifting coefficients. Table 4-3 and

Table 4-4 depict the lifting coefficients for N =2 and N =4, respectively. In both cases the
signa length is 16 (L=16).

Cases

Coefficients

|#)\’sonleft | # X's on right || k—3 | kE—1 | kE+1 | k+3 |

0 2 -0.5 1.5
1 1 0.5 0.5
2 0 15 | 05
Table 4-1: Filter coefficients for N=2
Cases Coefficients
|#A’son]eft|#)\’sonright || k-7 | k-5 | k—3 | k—1 | k+1 | k+3 | k+5 | k+7 |
0 4 2.1875 | -2.1875 | 1.3125 | -0.3125
1 3 0.3125 | 0.9375 | -0.3125 | 0.0625
2 2 0.0625 | 0.5625 | 0.5625 | -0.0625
3 1 0.0625 | -0.3125 | 0.9375 | 0.3125
4 0 -0.3125 | 1.3125 | -2.1875 | 2.1875
Table 4-2: Filter coefficients for N=4
Moments (N =2)
[ Level ] " "2 | V3 V4 s [ w | 7 | 8 |
1 (0.4,0.2) (0.25,0.25) (0.25,0.25) (0.25,0.25) | (0.25,0.25) | (0,0.6) | (0.26,0.2) | (—0.13,0.4)
2 (0.53,0.16) (-4.5,8) (0.27,0.1883) | (=0.18,0.4935)
3 (0.5588,0.2294) | (-0.4118,0.4941)
Table 4-3: Lifting coefficientsfor N =2 and L=16
Level 1
Integral 1st. Moment | 2nd. Moment | 3rd. Moment
Y 0.184628 0.387125 -0.131771 0.0272476
2 -0.105268 0.295406 0.268679 -0.0284388
V3 0.0079594 0.32098 0.190416 0.014943
Ya -1.12943 1.86682 -0.417554 -0.0467274
~s || -0.0431522 0.360257 0.145585 0.0507862
Yo || -0.0377447 0.309029 0.233008 0.0178615
Y7 0.0159595 -0.0828344 0.311458 0.333931
~s || -0.0180709 0.0783563 -0.121172 0.239113
Level 2
Integral 1st. Moment | 2nd. Moment | 3rd. Moment
Y1 0.55218 0.30749 0.0129941 -0.0883121
o -0.179825 0.327006 0.236753 -0.00309677
Y3 -0.0683047 0.0619364 0.154456 0.34
Ya -0.183823 0.121297 -0.186652 0.23924
Table 4-4: Lifting coefficientsfor N =4 and L=16
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4.3 One-dimensional transform

As mentioned before, one way of solving the boundary problems is to adapt the filters such
that the filter orthogonality is preserved near the boundaries. This means that near the
boundaries, the filter coefficients are different than elsewhere in the signal. We say that near
the boundaries the filter is affected by the boundaries and elsewhere it is not affected. [2]
shows how the filters should be calculated. For the predict phase, this means that a different
set of filter coefficientsis used for each affected y. An affected y isonethat is near enough to
the edge to be affected by the boundary, i.e. there will not be enough As to predict the y. In
this case we use the set of N As near the edge and use the corresponding set of filter
coefficients (predict filter) to predict the y.

A similar story holds for the update phase; near the boundaries, when there are not enough As,

we use the set of N As near the edge. However, the lifting filter (update filter) contains a
separate set of coefficients for each y, thus also a different set of coefficients for each not-
affected As. We use two examples to illustrate how the 1-D transform is accomplished in the
Lifting Scheme. The example described in Section 4.3.1 explains how split, predict and
update phases are applied to one iteration of a 1-D signal. The example explained in Section
4.3.2 shows how the different iterations of a 1-D signal are performed

4.3.1 Exampleof 1-D transform: oneiteration

Considering we have a signal with length 12, we illustrate the calculations for the first level
(level 0) of the forward transform on this signal, assuming values 4 and 4 for the number of

dual and real vanishing moments, respectively (L=12, N=4, N =4). Here we concentrate on
the transform of just one iteration level.

Fui =0 =1 =2 =3

i=0 21875 | -2.1875 | 1.3125 | -0.3125
i=1 03125 | 09375 |-0.3125 | 0.0625
i=2 -0.0625 | 05625 | 05625 | -0.0625
i=3 0.0625 | -0.3125 | 09375 |0.3125
i=4 03125 | 1.3125 | -2.1875 | 2.1875

Table 4-5: Filter coefficients F;; for N=4

Thelast 2 rowsin Table 4-5 are the mirror of the first 2 rows (N/2 + 1 rows of storage areais
actually enough for thistable). Here all rows are mentioned for clarity.

With L=12 and N =4 there will be just one iteration level. The lifting coefficients L;; then
yields:

L, j=0 =1 J=2 J=3

i=0 0.2334861 | 0.3348973 | -0.0540972 | -0.0086477
i=1 -0.1823953 | 0.3778513 | 0.1461731 | 0.0280710
i=2 00107128 | 0.3362593 | 0.1458116 | 0.0553489
i=3 10632622 | 3.0021775 | -0.2104293 | -1.5663428
i=4 0.6300105 | -0.9416877 | 0.4528739 | 0.8391388
i=5 -0.6486542 | 0.9603294 | -0.2663926 | -0.2796945

Table 4-6: Lifting coefficients L;; for N =4
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Here follows the calculations for the y coefficients of thefirst level (predict phase). Figure 4-1
illustrates this graphically. Notice how boundaries are handled here; the left-affected v, (1)
uses the left most 4 A s. These are also used for the first not-affected y. The same way, the two
right-affected y's (14 and y;5) usethe 4 A s at the right side. These As are also used for the
last not-affected y.

Split:

Y10 = Aox
Y11= Aoz
V12 = Aos
Y13 = Aoz
V14 = Aog

Yas= Ao

A—1,5 = /\0,10

Predict: (L: Left-affected, N: Not-affected, R: Right-affected)
¥10-= (Aoo- F10) + (Ao2. F11) + (Aoa. F12) + (Aos. F13) (L)
¥Y11-= (Aoo- F20) + (Aoz2. F21) + (Aoa. F22) + (Aos. F23) (N)
V12-= (Aoz- F20) + (Aoa- F21) + (Aos- F22) + (Aog- F23) (N)

V13 -= (Aos. F20) + (Aos. F21) + (Aog. F22) + (Ao10- F23) (N)
V14-= (Aoa- F30) + (Aos- Fa1) + (Aog- F32) + (Aoso- F33) (R)
V15-= (Aoa- Fa0) + (Aos- Fa1) + (Aog- Fa2) + (Aoso- Fa3) (R)

Now with the newly calculate y s we update the A s (update phase). These calculations are
listed below. Figure 4-2 illustrates this graphically. The boundaries in update phase are
handled in a similar way to the predict phase; the |eft-affected y (y1,0) updates the left most 4
A s. These A sare also used for the first not-affected y. The same way, the two right-affected y
S (Y14 and V4 5) update the 4 A s at the right side. These A s are also updated by the last not-
affected y.

Update: (L: Left-affected, N: Not-affected, R Right-affected)

A10+= V0. Loo A11+= Yo Loa A12+= Yio. Loa A3 += Yao. Loz (L)
Ao+= Yi1.Lio Ag1+=Ya1. L Aio+=Yi1. Lo A1z +=Ya1.Liz (N)
Ai1+= Yo Lao Aio+=Yio. Loy Az +=Yio. Lo Ara+= Yz Loz (N)
Aap+=VYaz.Lsp  Agz+=Yyaz.La; Aaa+=VYaz.Lsz  Ags+= Yaz.Lsz (N)
Aao+= Vaa.Lao  Aaz+=Yas. g Aaa+=Vaa.Laz  Aas+=Yas.Lsz (R
Arp+=Yas.Lsp  Agz+=Yas.Ls; Aaa+=VYas.Lsp  Ags+= Yas5.Ls3 (R)
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Figure 4-1: An exampl e of calculations of Predict phase, L=12,N=4
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Figure 4-2: An example of calculations of Update phase L=12, N =4
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4.3.2 Exampleof 1-D transform: moreiterations

In the previous example we explained the dgorithm for one iteration level of a 1-D signal.
Here we proceel by describing the 1-D algorithm for more levels. We would like to seehow
the transform for different iteration levels would look like for a signal with length 32if we
chocse values 4 and 4 for the number of dual and red vanishing moments, respedively
(L=32, N=4, N=4). From Sedion 4.1 we cdculate number of iterations n as

009, ((L-1)/(N,., —D)[ = 3. For these threeiterations levels we cdculate the following
parameters:

Iteration level 0 1 2
Number of coefficients at current level C 32 16 8
Number of ysat current level nG 16 8 4
Number of A sat current level nL 16 8 4
Number of cases where yson left < yson right 1 1 1
Number of cases where y's on |eft 13 5 1
Number of cases where yson left > yson right 2 2 2
Table 4-7: 1-D transform parameters for different iterations (L=32, N=4, N =4)

Figure 4-3 demonstrates these 3 levels. Each block performs glit, predict and updite phases
onitsinpu. Thismeans that the half of the input samples of eat block are predicted, marked
by ‘x’ inthe figure & ead level. After 3 iterations, all the samples are transformed and what
remainsisN A swhich form the small est sub-sample of the origina signal.

A A A A A A A A A A A A A A A
LT PP PP T T L

Level O
XXk T XX x| X[ X[ X[ X[ X[ XX [ X]X]|]X]X

Level 1

Leve 2
| X | X | X | X

Figure 4-3: Three level decomposition of a 1-D signal with length12 (L=12, N=4, N =4)

4.4 Two-dimensional transform

The 2-D transform is performed by applying the 1-D transform algorithm conseautively on
the rows and columns of a 2-D signal. Considering an image with dmensions X and Y and
denating nX and nY as desired number of iterations in x and y diredion, respedively (see
Sedion4.1), the forward 2-D transform algorithm is as foll ows:

For the forward 2-D transform, we begin with iteration level O as current level (CL). The 1-D
forward transform is first applied to all the rows, and then to al the clumns. Subsequently
we move to the next iteration level and reped the two steps above, and so on, uttil all the
iteration levels are acomplished. If the image is not square (X and Y nat equal), the number
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of iterations in x and y direction can be different. As a consequence applying the 1-D
transform on rows or columns might have to be skipped after a certain iteration level in the
above agorithm.

For the inverse transform, the inverse 1-D transform is applied exactly in the opposite order.
Flowcharts below illustrate the 2-D forward and inverse algorithm. In appendix B the 1-D and
the 2-D forward and inverse transform are explained in pseudo code format.

2-D forward
transform

2-D inverse
transform

3
L

CL=0 CL = max(N,Ntilde)

Yes» forward 1-D transform Yes» inverse 1-D transform
on rows on columns
No No No No
0 Yes_p] forward 1-D transform @ Yes_p| iNVerse 1-D transform
on columns on rows
No No

CL=CL+1 CL=CL-1

CL< max(N,Ntilde)

Yes

Figure 4-4: Flow chart of the 2-D forward and inverse transform

v

4.5 Example: 2-D transform

Here we consider the steps taken for in the 2-D transform of an image with dimensions 128
and 32 in x and y directions respectively. As described in Section 4.1, we calculate 5 and 3 for
the number of iterationsin x and y directions, respectively (N=4, N =4). The stepsto be taken
for the 2-D transform of thisimageisillustrated in Table 4-8 (the split step is not mentioned).
As can be seen, in the forward transform after step 14 and 16, and in the inverse transform
before steps 1 and 3, the 1-D transform on the columns is skipped.
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Forward Transform Inverse Transform
1  Predict Rows Level O - - -
2 Update Rows Level O - - -
3  Predict | Columns : Level O 1 Update | Rows Level 4
4 | Update : Columns : Level O 2 Predict Rows Level 4
5 | Predict Rows Level 1 - - -
6 Update Rows Level 1 - - -
7  Predict  Columns : Level 1 3 Update | Rows Level 3
8 Update  Columns : Level 1 4 Predict Rows Level 3
9 Predict Rows Level 2 5 Update | Columns = Level 2
10 : Update Rows Level 2 6 Predict  Columns : Level 2
11 ¢ Predict | Columns : Level 2 7 Update | Rows Level 2
12  Update Columns @ Level 2 8 Predict Rows Level 2
13 Predict  Rows Level 3 9 Update : Columns : Level 1
14  Update Rows Level 3 10 Predict Columns  Level 1
- - - 11 Update | Rows Level 1
- - - 12 Predict Rows Level 1
15  Predict Rows Level 4 13 Update | Columns  Level O
16  Update Rows Level 4 14 Predict Columns : Level O
- - - 15 Update | Rows Level O
- - - 16 Predict | Rows Level O

Table 4-8: Seps taken to transforma 2-D signal (L,=128, L,=32, N=4, N =4)

4.6 Conclusions

In this chapter we described the Lifting scheme implementation of the Wavelet Transform
from as implemented in Liftpack software. We explained how some important parameters are
calculated and we gave examples of predict and update filters. Subsequently, examples were
given for the 1-D and 2-D transform, which are essential for understanding the organization
of the hardware module. Chapter 5 uses the examples given here, delves into the structure of
the hardware design and describes them in detail.
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Chapter 5: Hardwar e implementation

(FLWT) was explained in detail. The Lifting Scheme isindeed afast implementation of

the DWT. However, the performance of the pure software implementation of this
a gorithm on general -purpose processors (GPP) is known to be the performance bottleneck for
practical applications. The objective of this project was to improve the performance of the
DWT for image compression applications by performing parts of, or the entire transform in a
dedicated hardware unit. The unit is meant to be integrated in custom-computing machine
(CCM), as a reconfigurable functional unit. This means that the unit will co-exist with a
general-purpose processor and will execute wavelet transform operations in hardware, upon
occurrence.

I n the previous chapter, the algorithm of the Lifting-based Discrete Wavelet Transform

In this chapter, we investigate the restrictions of the software implementation and introduce
hardware schemes to overcome these restrictions. We follow a bottom-up approach to
describe the design i.e., we start from the lowest level and build up the structure of the design
gradually.

5.1 Architectural considerations

General-purpose processors have the typical property of executing programs in a sequential
manner. Even though modern superscalar processors can execute more than one instruction at
a time, this feature is limited to extracting independent instructions in a rather small
instruction window. Therefore, if parallel operations exceed the instruction window, the
parallelism will not be detected and utilized. In the hardware domain, in contrast, the design
can be implemented such that the existing paralelism in the algorithm is exploited
methodically. Moreover the amount of parallelism introduced in general-purpose processors
is limited to a few functional units, while in the hardware domain, when a large
reconfigurable hardware resource is available, multiple parallel operating functional units can
be instantiated, which can lead to performance improvement.

Another limitation of general-purpose processors is their comparatively small number of
registers. Due to the lack of registers, reusable data residing currently in the registers will be
overwritten and have to be read from the memory again when required in the future. This
obviously deteriorates the performance, as a memory access is significantly slower than a
register access. In hardware, the amount of data storage elements can be substantially larger,
and can hold the needed data for fast future access.

A thorough investigation of the FLWT algorithm shows a considerable amount of operations
that can be performed in parallel. Furthermore, a smart design can significantly reduce the
amount of data transfer to and from the image memory by buffering data that once has been
read from the memory. Additionally, Xilinx Virtex || FPGA platform provides true dual port
internal RAM blocks, which can be taken advantage of. The proposed hardware introduces
the following features which lead to a noticeable performance rise of the hardware
implementation, even though the hardware operates at a clock frequency of 50MHz, against
an assumed microprocessor clock frequency of 1GHz (20 times lower).
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- Parallel operationsin predicting one y

- Parallel operations in updating As from one y

- Reusing datain predicting one y

- Reusing datain updating As from one y

- Parallel execution of 1-D predict and update phases

- Reusing datain 1-D predict and update phases

- Increasing data access rate using Xilinx dual port RAM

- Increasing data access rate by performing two data accesses in one cycle (RAM clock
frequency = 2* system clock frequency)

Following sections address each of these issuesin detail.

5.1.1 Acceleratingthe predict stage

We use the exampl e discussed in Section 4.3.1 to explain the features of the hardware design.
In this example, number of dual vanishing moments (N) is equal to 4, but the concepts
described below can be applied to any value of N.

Figure 4-1 demonstrates the algorithm for the 1-D predict phase and the calculations for a
single yareillustrated in Figure 5-1.

Ajks2
Ak

Figure 5-1: Predicting one yfrom4 A sin forward transform

Yia™ = ()\j,k'Fi,O) + (/\j,k+2'Fi,1) + (/\j,k+4'Fi,2) + (/\j,k+6'Fi,3) (Equation 5-1)

In a general-purpose processor thiswill be translated to

for n=0to N
{ Yoan+=Ai* Lin
}

which resultsin

- 16 memory access. 4 times (read A, read lifting coefficients, read y, writey))
- 4 multiplications

- 4 additiong/subtractions

The hardware implementation can be designed perform do all 8 arithmetic operations in
parallel. The problem would be performing all memory accesses in parallel. We break this
problem into 4 sub problems:

- Accessing N As concurrently

- Accessing N filter coefficients concurrently
- Reading input y concurrently

- Writing back predicted y concurrently
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5111 Accessing N Asconcurrently

The calculation for predicting two consecutive not-affected y's, as described in Section 4.3
and Figure 4-1, is shown in figure below.

|

Figure 5-2: Predicting two consecutive y's

As can be seen, 3 of the 4 A s are used in both calculations. For the case of |eft- or right-
affected y's, @l 4 A s are common in both calculations. This implies that reading only one A
from the memory will be sufficient to calculate the following y, if A s of the preceding
calculation are stored in temporary buffers for reuse. This reduces memory reads from N to
only one. This idea can be implemented by using a pipeline of N registers for A inputs. The
pipelineisfilled in N cyclesin the start, after which it can offer parallel accessto N As. Prior
to moving towards the next y, the content of each register istransferred to the adjacent register
and the rightmost register (Az in Figure 5-3) isread from the memory.

Ain
AO A]_ Az A3

l v v \ 4

Figure 5-3: Pipelining for parallel accessto As

5.1.1.2 Accessing N filter coefficientsin parallel

All not-affected y s use the same set of 4 filter coefficients for calculation. However, each
left- and right-affected y's uses a separate set of 4 filter coefficients, which means that no data
reusability exists in left- and right-affected filter coefficients. Therefore we use 4 separate
banks of RAM for the filter coefficients; each corresponding to one A. This structure allows
us to access 4 filter coefficients at the same time (see Figure 5-4).

Predl ct clock Predl ct clock Predl ct clock Predl ct clock
filter |[&—— filter —— filter |[&—— filter

address address address address
R%M RAiM RgM RA3M

v v v Y

Figure 5-4: Using distinct banks of RAM for filter coefficients for parallel access
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5.1.1.3 Readinginput yconcurrently

In the previous section, we explained how 4 memory reads can be reduced to only 1, by using
registersto buffer the A s. However, the input yalso has to be read simultaneously as well (see
Figure 5-1). This means that two different locations of the image storage area have to be
accessed at the same moment.

Fortunately there is a way to tackle this problem. Xilinx Virtex 1| FPGAs come with
embedded real dual port RAM blocks. These RAM blocks feature two separate input/output
ports which can be addressed independent from each other. This alows different
combinations of two simultaneous memory operations:

- two reads from two different locations

- oneread from and one write to two different locations

- two writesto different locations

Furthermore, it is possible to read a memory location before writing into it, at the same cycle.
Using the internal dual port RAM block of Virtex |l FPGA series for picture data, we can
access the yand A inputs concurrently (see Figure 5-5).

Address-A
4—
DataOut-A (A) +— Dataln-A

Dual pOft Enable-A

Picture DYV

RAM

WriteEnable-A
<—

Address-B
l————
Dataln-B
———
Enable-B
————
DataOut-B ()) +— WriteEnable -B
—————

Figure 5-5: Dual port RAM is used for simultaneous access to two values (y and A)

5.1.14 Writing back predicted y concurrently

Reading the y and A simultaneously occupies both ports of the dual port picture RAM.
Nevertheless, we need to write back one predicted y at the same hardware cycle if we wish to
perform the whole predict operation in one cycle. This problem can be solved if the picture
RAM can operate with a frequency two times higher than the rest of the design (see Figure
5-6). The practice shows that this is possible; the design operates at a clock period of 20 ns,
while the RAM blocks can operate with a clock period of 3.7 ns. This means that the internal
RAM can operate on a much higher frequency than the remainder of the design. If we
perform one memory access per haf system cycle, in total 4 memory locations can be
addressed per system cycle (there are 2 ports and they can be addressed 2 times per cycle).
The section on timing (Section 5.3) explains more about thisissue.

System clock period
N

gsemcox | L[]

Picture RAM clock | | | | | | | |

write

Figure 5-6: Picture RAM can be accessed twice per system cycle

Micro-codable Discrete Wavelet Transform 28



5.1.1.5 Thepredict module

Using the techniques explained above, we compose the Predict Modue as shown in Figure
5-7. Starting to predict a 1-D signal (arow or a column of the picture), the rightmost register
(A3) is loaded from the picture RAM. In the next 3 cycles the contents of the registers are
shifted to their left neighbor, while A; keeps on reading the data from the picture RAM. In the
meanwhile, the corresponding filter coefficients and y are ready respectively at predict
coefficient and y, inputs of the module for predicting the first y. The ywill be calculated and
saved in the yregister. Now, for calculating the | eft- and right-affected y's, the contents of the
A registers are kept unaltered (no shifting) and only the corresponding filter coefficientsand y
is read each cycle. For calculating the not-affected y's, the A registers are shifted to the left
and the corresponding As, yin and filter coefficients are read.

In the following we explain anumber of other issues deserve to be described. The objective of
the predict moduleisto calculate y;.; (see Section 3.5) as

Via—m=(AFo) T (A 2 Fi) + (A eaFi2) + (A ke 2) (Equdion 5-2)

Scaling: As the filter coefficients are mostly very small, the finite precision of integer
arithmetic causes huge non-linearities. In order to aleviate this effect, we scale up the filter
values prior to the calculation and scale back the result afterwards.

y = (A -(Fo-Scalg) + (A, .,.(F ,.Scalg) + (A, .,.(F ,.Scalg) + (A, . .¢.(F 5.Scalg)
it Scale

(Equation 5-3)

In Figure 5-7, the up-scaling of the filter coefficients is not explicitly shown, but the triangle
with text 2 denotes the down-scaling with a factor 2°° (Predict Scale).

Forward and inverse transform: The predict phase of forward and inverse transform differ
just in one operation:

¥k= Yx—PQ)  forward transform
¥k= Yx+ P(AK) inversetransform

Therefore we introduce a single predict module, which can operate both for forward and
inverse transform by selectively adding or subtracting the prediction from the original y. This
is implemented in the predict module (Figure 5-7) by selectively negating the prediction
before the last adder for forward transform. Control signa FWI/IV indicates whether the
modul e should operate in forward or in inverse mode.

Pipelining of the output: Another issue to notice is that the predicted yis registered at the
output. This forms a pipeline for the stages using the y output and improves the performance
by decreasing the total latency.
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Figure 5-7:

Predict module

Predict module

Predict Predict Predict Predict
filter filter filter filter
RAM RAM RAM RAM
0 1 2 3
Precict Predict Predict Predict
Coefficient O coefficient 1 Coefficient 2 Coefficient 3 A
n
+ clack + clack + ¢ < clock
Ao |e—enddle A1 |eenddle Ao leenddle A3 |ecnzhle
PW/IV
Yin
clock
y [
l
Yout

Micro-codable Discrete Wavelet Transform

30




5.1.2 Accelerating the update stage

We use the example explained in Section 4.3.1 to explain the features of the hardware design
for the update phase. In this example, number of real vanishing moments (N ) is equal to 4,

but the concepts described below hold for any value of N . Figure 4-2 demonstrates the
algorithm for the 1-D update phase. Illustration below shows how a single yis used to update

N As.

A]'l‘k+0 A]'l‘k+1 A]'l‘k+2 Aj—l,k+3

D)

4
A]'l‘k+0 A]'l‘k+1 A]'l‘k+2 /\J—l,k+3

Figure 5-8: Updating 4 A sfrom one yin forward transform

Which is the graphical demonstration of the following equations:

Ajio+=VYi. Lo
Ajia+=Yi. Lia
Aj2+=Yi. Lz
Ajz*+=Yi.Lis

In a general-purpose processor thiswill be translated to

for n=0to Iq
{ Aiin+= ¥ * Lin
}

which results to

- 16 memory access. 4 times (read A, read lifting coefficient, read y, writey))
- 4 multiplications

- 4 additiong/subtractions

The hardware implementation can be designed to perform all 8 arithmetic operations in
parallel. The problem would be performing all memory accesses in parallel. We break this
problem into 4 sub problems:

- Accessing N Asconcurrently

- Accessing N lifting coefficients concurrently
- Reading input y concurrently
- Writing back N updated As concurrently
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5.1.2.1 Accessing N lifting coefficientsand input y concurrently

For concurrent access to N lifti ng coefficients and input y, we use the same design as
described in the predict module (see Sections 5.1.1.2 and 5.1.1.3). Accessing N As and

writing back N updated As, however, is different than in the predict module and is described
in the following.

5.1.2.2 Accessing N Asand writing back N updated As concurrently

Comparing Figure 5-1 and Figure 5-8 confirms that the major difference between the predict

and the update algorithm is that updating causes N outputs (As), which have to be written
back, while predicting leads to just one output (y). The dual port picture RAM alows usto
write back at most 2 values per system clock cycle, as 2 other memory operations are reserved
for reading A and yinputs. Furthermore, we would like to use one of these ports for writing
back the predicted y s from the predict module, which leaves us with only one free port and

N (4 inthis case) Asto store. Can we overcome this problem?

Figure 4-2 consists of 6 separate rows, each corresponding to one y updating four As. We
denote each row as an stage and distinguish three different categories:

1- All 4 outputs of the stage are used as inputs in the subsequent stage. Examples are
rows 1, 4 and 5; all the outputs of stage 1 are used as inputs of stage 2.

2- Except the leftmost output, all the outputs of the stage are used as inputs of the
subsequent stage. Examples are rows 2 and 3; the leftmost output of stage 2 has
to be written back to the memory and the other 3 are used as inputs of stage 3i.e.
outputs 1,2 and 3 are used as inputs 0,1 and 2 of stage 3.

3- Non of the outputs of the stage are used by other stages. This is the case in the
last stage (row 6). In this case al outputs have to be written back into the
memory.

This observation confirms the following: It can beinferred from Figure 4-2, that if the outputs
of each stage are made available for the inputs of the following stage, all stages lead to at
most one value to be written back to the memory, except for the last row that produces 4
outputs to be written back. This means that the problem of writing back 4 As can be reduced
to writing back just one A. The last stage, however, will still need 4 write backs, but this can
be donein 4 separate cycles, as no other update operation has to be performed on them.

In order to provide all desired functionalities, the design should be adaptable in a number of
different configurations. We distinguish four configurations:

Fill configuration: Parallel access to N As is desired. However, one port is available for
reading As. To overcome this problem, we introduce a series of N registers and connect them
in a pipelined fashion. The pipelineisfilled in N cycles in the start, after which it can offer

paralel accessto N As (see Figure 5-9).
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Ain

! ! ! {

clack clack clack clack
Ao A VZEEN A
updatel) = () update] =0 wpdatel =0 wpdate3 = 0

Figure 5-9: Filling the update pipeline for parallel accessto As

In-place configuration: For the last not-affected y, all left-affected ysand all right-affected y

s, except the last one, all the outputs (0 to N -1) are fed to the inputs of the next stage (see
Figure 5-10).

clock clock clock clock
Ao |V A VERE Az
wupdatel update wpdate? update3

Figure5-10:  Providing the inputs of the next stage with the updated A outputs

Shift configuration: For not-affected y's (except the last one), the leftmost output (output 0)
is available for writing back into the memory, the outputs 1 to N -1 (1 to 3) are used as inputs

0to N-2 (0 to 2) of the subsequent stage, and the rightmost register is loaded with the
corresponding A from the memory (see Figure 5-11).

Afn
clock clack clack clack
Ao A e A Az
wupdated wupdatel wupdate? wupdate

Figure5-11:  Shifting the outputs to the next A register

Empty configuration: For the last right-affected y, all the outputs should be available for
writing back, i.e. the registers have to be emptied. For this case, we use the same
configuration as in Fill configuration (see Figure 5-9). With each clock cycle the contents of
the A registers is shifted to the left and can be written back into the memory when they are
located in register Ag,
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5.1.2.3 Theupdate module

The preceding section defined the required functionality of the update module. We propose
the structure as shown in Figure 5-12 for the update module. The following explains how
control signals set the update module to operate in different configurations.

Fill: Starting to update a 1-D signal (a row or a column of the picture), we set the control
signal nextA to 1 and present value O at v, input. Which configures the module as depicted in
Figure 5-9. Now the rightmost register (As) is loaded from the picture RAM. In the next 3
cycles, the contents of the A registers are shifted to their left neighbor, while A; keeps on
reading the data from the picture RAM. While filling the last A, the corresponding filter
coefficients and y for the first update (first left-affected y) are loaded respectively at the
update coefficient and y, inputs of the module. Now all the necessary data for updating with
the first left-affected y are available. The updated As are calculated and will be waiting at the
output of the adders to be stored.

In-place: Resetting the control signal nextA to 0, configures the module as illustrated in
Figure 5-10, which transfers the output of the each adder to the same A register.

Shift: Setting the control signal nextA to 1, configures the module as illustrated in Figure
5-11. Each updated A (output of the adders) is shifted

Empty: this configuration is equal to fill configuration. The only differenceis that unlikefill,
the values will be written back into the memory, when they are available at Ay output.

In the following, we explain a number of issues concerning the update module:

Concurrent memory access:. Similar to the predict module, the update module requires two
memory reads per cycle for y, and ), Also the A, output has to be written back
concurrently. We use the same concept as in the predict module to overcome these problems.
This meansthat y, and y;, are provided using the dual port RAM concept (see Sections 5.1.1.3
and 5.3). For concurrent write-back of Aq, output, we use the same structure as in the predict
module, i.e. splitting a system clock cycle into two halves and performing one memory
operation in each half (see Section 5.1.1.4).

Scaling: The objective of the update moduleis to calculate A.; (see Section 3.5) as:

Ai—l,k =yl (Equation 5-4)

As the update coefficients are mostly very small, the finite precision of integer arithmetic will
cause huge non-linearities. In order to alleviate this effect, we scale up the filter values prior
to the calculation and scal e back the result afterwards.

_ V(L (- Scale)

At Scale

(Equation 5-5)

In Figure 5-12, the up-scaling of the filter coefficients is not explicitly shown, but the
triangles with text 2" denotes the down-scaling with a factor 2“° (Update Scale).

Forward and inverse transform: The update phase of forward and inverse transform differ
just in one operation:
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Aik= Ajx+ U(Y) forward transform (Equation 5-6)
Aik= Ajx—UWx) inverse transform (Equation 5-7)

Therefore we introduce a single update module, which can operate both for forward and
inverse transform by selectively adding or subtracting the updates to or from the original As.
This is implemented in the update module (Figure 5-12) by selectively negating the update
before the last adder for inverse transform. Control signal FW/IV indicates whether the
modul e should operate in forward or in inverse mode.

Pipelining the output: Another issue to notice is that Aqy is registered at the output. This
forms a pipeline for the stages using the Ao, output and improves the performance by
decreasing the total latency.

5.1.3 Acceleratingthe 1-D transform

In Chapters 3 and 4, we introduced the predict and the update modul es, which utilize different
techniques to accelerate the predict and the update phases separately. Isit possible to have the
predict and the update modules to operate simultaneously? This would increase the
performance of the transform by a factor of 2. In this chapter we investigate this option and
propose an organization, which allows parallel operation of both modules. We distinguish two
problems; data dependency and memory bandwidth limitation.

5.1.3.1 Data Dependency

In the software implementation, predict and update phases are executed consecutively. Not
surprisingly, thisis because of the sequential operation nature of general-purpose processors;
the processor is not able to execute both phases simultaneoudly. In custom design hardware,
however, this limitation does not exist; in principle both modules can operate simultaneoudly.
The problem here is the data dependency between the two modules; in forward transform, the
update modul e needs the outputs of the predict module (the predicted y's) for updating the As
(see Figure 3-2) and in inverse transform, the predict module needs the outputs of the update
modul e (the updated As) to predict the y's (see Figure 3-4).

Considering Sections 5.1.1 and 5.1.2 on predict and update modul es, we notice that except for
the beginning and the end of thel-D transform, both predict and update modules create one
output each cycle. This means that predict and update modules could operate simultaneously,
provided that we wait long enough for the predict module to generates its first output and
provided that this output is made available to the update module. Figure 5-13 shows
concatenation of the predict and the update modules for forward transform, which allows their
parallel operation.
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Figure5-13:  Concatenation of predict and update module for forward transform

5.1.3.2 Memory bandwidth limitation

The technique described in the previous paragraph does not solve all the problem of parallel
operation of the predict and update modules. In Section 5.1.1.4 we explained that we can at
most have 4 memory operations per system cycle. Concurrent operation of the predict and
update modules requires 6 data elements to be accessed: for predict module, A and yinputs
and y output, and for update module, A and yinputs and A output. Hence we have too many
memory operations per system cycle if we perform all data access directly to the picture
RAM. How can we overcome this problem?

The three required memory accesses for the predict module, illustrated in Figure 5-13, can be
directly accommodated from the picture RAM. Also the output of the update module can be
directly written back to the picture RAM (see Section 5.1.1.4). The problem would be
providing data to the two inputs of the update module. In the following we will explain how
these two inputs can be fed with data, without any access to the picture RAM.

Providing data toyinput of the update module: As explained in Section 5.1.3.1 and shown
in Figure 5-13, the y input of the update module can be fed with the output of the predict
module. We introduce a First In First Out (FIFO) buffer between the output of predict module
and the yinput of the update module to absorb the unequal speed of delivery and consumption
rate of data at the beginning and the end of the predict and update phases (see Figure 5-14).

/\in ) Ain
Update [* Predict [
module module
A Y
Jout Jin FIFO |« Yout Jin

Figure5-14:  Using a FIFO buffer to provide the yinput of the update modulein forward
transformwith data

Providing datato A input of the update module: Thereis only one more input which has to
be provided with data: the A input of the update module. Considering Figure 3-2, It can be
seen that the update phase uses the same As as the predict phase. However, the predict module
reads the As from the picture RAM at a earlier than required by the update module. As a
consequence, it is not possible to fill the A pipelines of both predict and update modules with
the output of the picture RAM. However, placing a FIFO buffer before the A input of the
update module can be the answer to this timing problem. This buffer in fact solves the
synchronization problems and allows the update module to reuse the As once read by the
predict module. Figure 5-15 shows how this FIFO is used.
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Figure5-15:  Using A FIFO buffer to provide the A input of the update module in forward
transform

5.1.3.3 Forward and inverse transforms

The techniques described in Sedion 5.1.3and the subsedions are based onforward transform.
These oncepts are, however, adso appliceble to inverse transform. In case of inverse
transform, the two inpus of the update modue andits output can be diredly addressed by the
picture RAM. Also the output of the predict modue can be written bad into the picture
RAM. For A and yinpus of the predict modue, a similar method as depicted in Figure 5-15
can be used; The predict modue nedals the output of the update modue (updated As, see
Figure 3-4) at its A inpu. The output of the update modue can be provided to the input of the
predict modue by introducing a FIFO (A FIFO in Figure 5-16). The yinpu of the predict
modue, onthe other hand, wses the same y s that are needed for the Update modue. We use
therefore, a FIFO buffer (y FIFO in Figure 5-16) to temporarily save the y's, as they are read
from the picture RAM. These values can subsequently be provided to the predict modue
when they are required.

> to picture RAM
_ A Ain
Predict e Ain FIFO |e Aout Update from picture RAM
module module _
Yout N L El "):lo -‘ < Yin

Figure5-16:  Using two FIFOsto provide the predict module with the required data in
inverse transform

5.1.3.4 FIFO buffer depth

Asauming the forward transform (Figure 5-15), it can be seen that the As have to be saved in
the A FIFO from the moment that the first A isread by the predict modue, urtil thefirst A is
demanded by the update modue. The update modue can start reading the As as oon as the
first yis predicted by the predict modue. This takes N+2 cycles, N cycles for filli ng the
predict modue's pipeline, ore o/cle for the y output buffer (seeFigure 5-7) and ore gycleto
write the yin the FIFO. From this moment the updete modue reads ore value out of A FIFO

ead cycle, unil its pipeline is filled. Now the update modue stalls for N/Z+1cycles to
update the left-affededs and the first nonaffeded As. Thus the A FIFO buffer shoud be &
least N+ N/2+3 degy. The minimum depth for the yFIFO is N, asit takes N cyclesto
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fill the A pipeline of the update modue dter the first yis predicted by the predict modue,
during which the y's shoud be saved.

In case of inverse transform (seeFigure 5-16), the y's have to be saved from the moment that
thefirst yisreal by the update modue urtil thefirst yisread by the predict modue. Thefirst
ycan be read by the predict modue & onas the pipeline of the predict modueisfilled. The
first updated A is available dter al the left-affeded and the first nonaffeded updites are

performed by the update modue. This leals to N/2+ 2 yvaluesto be saved (the delay due

the A output buffer istaken into acourt, seeFigure 5-12). From this moment it takes N cycles
before the predict modue's pipeline is filled. Therefore, the y FIFO shoud be & least

N/ 2+ 2dee. The depth of the A FIFO is defined by the number of cycles that the predict
modue (Figure 5-12) stall sreading As. This happens whil e predicting the | eft-aff eded and the
first nonaffeded ys. Asaresult the y FIFO should be & least N/Z+1deep. AsNand N are
small numbers, typicdly between 2 and 8, it is convenient to take a @mmon depth for bath
FIFOs. A safe and yet easily aff ordable rule of thumbis 2x (N + N) :

5.1.4 Accelerating the 2-D transform

In Sedion 5.1.1.3we eplained hov the dual port RAM fadlity of the Xilinx Virtex Il
FPGAs helps us increase the performance of the 1-D transform.

There aetwo options for accderating the DWT:

1-D transform acceleration:

In this sheme, ore line of the picture (one row or one mlumn) is loaded into the
FPGA'’s interna RAM, the 1-D transform is performed onthe line and the data is
written badk into the external memory

2-D transform acceleration:

In this <heme the data of the whole image is imported into the FPGA’s internal
memory, the entire 2-D transform (which is a series of conseautive 1-D transforms) is
performed onthe data and the transformed image is written bad into the external
memory.

The 1-D scheme requires an internal storage space gual to the length of aline (the maximum
of the row length and the column length). For instance CIF picture format (352x288) requires
only 352 storage dements of the FPGA’sinternal RAM.

However, this £heme leals to an excessve anourt of data transfer between the hardware
modue and the external memory. The reason for this is that the 2-D nature and the muilti-
resolution charader of the DWT cause multiple operations on the same pixel in dfferent
stages. For a picture format of 352x288 pxels, in the 2-D scheme the data for 352*288 =
101376 jpxels have into be loaded to the FPGA. In the 1-D scheme, onthe wntrary, 270270
pixels have to be transferred. In additi on, writi ng the data badk into the memory will i ncrease
these numbers by ancther facor of 2.

Ancther major drawbadk of the 1-D accéeration is the inherent cade misses when memory
locdions are sparsely accessed. The data of conseautive rows of an image ae generally
dignedin alinea array in the external memory. This means that accessng the pixels of arow
with small strides, as happens in the 1-D transform of the rows in lower iteration levels, daes
not cause frequent cadie mises. However, cade misses will be more frequent when the
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stride grows, as is the cae when performing the 1-D transform onthe columns or performing
the 1-D transform onthe rowsin higher iteration levels.

We caried ou the 1-D and the 2-D accéerated transform on two dfferent picture sizes and
compared the results. For a picture format of 352288, the total data transfer time of the 1-D
scheme was 6 times higher than that of the 2-D scheme. In case of a picture size of 72x560,
this ratio even increased to a fador of 12. Please refer to Sedion 6.5 for the detail s of this
experiment.

Based onthis analysis, and with an eye on the primary objedive of this projed, which was to
acceerate the transform, we dhose to implement the 2-D accéeration scheme. However the 1-
D schemeis aswell i mplemented, sincethe 1-D transform forms a part of the 2-D transform.

5.2 Design organization

In Sedion 5.1, we described how the performance of the design can be improved, wsing
different techniques. In this ssdion we compose the aentire design as ill ustrate in Figure 5-17
and describe anumber of isaues with regard to this.

In Figure 5-17, the multi plexes before y FIFO and A FIFO modues, seled which signals will
be mnreded to the inpu of the FIFOs. The multi plexers before the predict and the upcdate
modues choose which signals are fed to the inpus of these modues. These multi plexers
choose the mrred configuration required for forward or inverse transforms,

Prior to performing the transform, it is necessary to import the picture data from an external
source (cdled external RAM in Figure 5-17). When the transform is acamplished, the
transformed picture data has to be written bad into the external source Therefore two
multi plexers in front of the picture RAM’s datainA and datainB inpus sleds whether these
inpus $oud be mnreded to the external RAM datain or to the outputs of the predict and
update modues. These multiplexers allow the picture RAM to receve the data from the
external source before starting the transform and write badk the data & the to the externa
memory after the transform is acaompli shed.

As explained in Sedion 5.1.1.4 the picture RAM is addressed two times per system clock
cycle. Thetwo multiplexersin front of picture RAM’s addressA and addressB inputs chocse
the correspondng addressin ead half of the system clock. Please refer to Sedion 5.3 for
more detail s on timing.

A multiplexer in front of the update modue forces the y inpu of the modue to zero, if
desired. Thisis required when filli ng or emptying the pipeline inside the update modue (see
Fill configuration and Sedion5.1.2.3.

The predict and updte filters are implemented in RAM. This increases the flexibility of the
design, as compared to using a ROMs, since the filter data can be dynamicdly changed, if
desired. Using RAM blocks for filters, howvever, means that they have to be read prior to
performing the transform. Nevertheless thiswill not deaease the performance of the modue,
asit hasto be dore just once dter system power-up. Performing subsequent transforms does
not require the filter RAM to bere-read.

Figure 5-17 depicts the structure of the design. A number of control signals s/nchronize the
data transfer between the modues and implement the 1-D and 2D transform algorithms as
explained in Chapters 3 and 4. These ntrol signals are generated by the control unit (see
Figure 5-18).
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5.3 Timing consider ations

This section describes the timing of the control signals of the picture RAM in more detail. In
Section 5.1.3.2 we described how introducing two FIFO buffers reduces 6 demanded memory
accesses per cycleto only 4, two reads and two writes.

Using the dual port RAM feature of Xilinx Virtex Il FPGA series, 2 memory locations can be
accessed simultaneously per cycle. To increase this to 4, we propose to access the picture
RAM once per every half of the system cycle. This means that the clock frequency of the
picture RAM istwice higher than that of the system.

Although the clock frequency of the picture RAM is higher, this signal is not fed to any other
logic than the clock input of the picture RAM (see Figure 5-17). Thus RAM clock will not
violate the timing constraints of the system. Figure 5-19 illustrates the timing of consecutive
reads and writes. As can be seen in Figure 5-19, the first half of the system clock (the HIGH
half) is used to write the outputs of the predict and update modules back into the picture RAM
(see aso Figure 5-17). In the second half of the system clock (the LOW half) both ports of the
picture RAM are used to provide A;, and Vi, inputs of the predict module (when doing forward
transform) or update module (when doing inverse transform) with data.

Figure 5-20 depicts the control logic for the setup described above. A multiplexer selects the
correct address for the address input of the picture RAM for each half of the system cycle, i.e.
write address for the first half and read address for the second half. The multiplexer is,
therefore, driven by system clock signal (see Figure 5-19). It can be seen that the read
operations in the second half of system clock always take place (Figure 5-19). However, the
data will be written into the picture RAM only if the signal picture_ RAM_write_request is
high. A combinatorial circuit implements the logic explained above (see combinatorial logic
in Figure 5-20).
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Figure5-20:  Picture RAM control logic

5.4 Implementation

The proposed design was intended to be integrated in a reconfigurable custom-computing
platform, like [1], as an extension to the Instruction Set Architecture (ISA) of a
microprocessor. For this reason, it was decided to implement the design in an FPGA, namely
the Virtex Il FPGA series of Xilinx. The design was described in VHDL hardware
description language and simulated for functional correctness with the Modelsim simulator
(version 5.5). Subsequently the VHDL description was synthesized using Synplify Pro
synthesis package (version 7.0). A number of iterations were made to match the simulatable
VHDL description to the synthesis constraints. Subsequently, the implementation tool of the
vendor (Xilinx Alliance Series version 3.1, service pack 6, IP update 3x_ip_update4) was
used to implement the design in order to achieve realistic timing results for performance
analysis. CORE Generator tool of the Alliance package was used to generate RAM blocks
and FIFOs.

Here is a short description of the VHDL design units. Please refer appendix A for design file
description. The design was described in a number of entities as described bel ow:

e Package: this design unit contains some constants, like picture size and filter type,
which are used commonly by different entities and architectures

» Multiplier: This entity-architecture pair is used in the architecture of entities Predict
and Update entities for multiplying the filter coefficients with the corresponding y s
or As (Figure 5-7, Figure 5-12).

e Predict_filter_ RAM, Update filter_RAM: These components were generated with the
Core generator and function as storage elements for the filter and lifting coefficients
as described in Sections 4.2 and 4.3.
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» Data FIFO: This element was generated using the Core Generator tool and is used to
temporarily buffer the input data the predict or the update module as explained in
Section 5.1.3.2.

e Picture RAM: This element was generated with the Core Generator and implements
the dual port picture RAM explained in Section 5.3.

e Predict: This entity-architecture pair implements the function described in Section
5.1.1.5 and illustrated in Figure 5-7.

e Update: This entity-architecture pair implements the function described in Section
5.1.2.3 and illustrated in Figure 5-12.

e Transform (top-level entity): This entity-architecture pair instantiates al the
necessary components and describes the interconnections to compose the
organization described in Section 5.2 and depicted in Figure 5-17. In this design unit
a number of state machines implement the 1-D and 2-D transform algorithms, as
described in Chapter 3 and Chapter 4. These state machines generate the control
signals shown in Figure 5-18.

e Testbench: This design unit is used to verify the functional correctness of the top-
level entity. Forward and inverse transforms are applied consecutively on a test
picture and the results are analyzed for accuracy of the transform.

The Alliances implementation tool supported the Virtex Il series up till Virtex |1 1000. In
practice this restricted us to do the actual implementation of the design up to a picture size of
64*64 pixels. However, simulations for all desired picture sizes were carried out for
performance analysis in Modelsim simulation tool. When upgrades of the implementation
tool are available for higher Virtex Il devices, the design implementation for picture sizes up
to 352* 288 will possible with currently available devices.

Implementation results: We present here the results of a configuration that was used during
simulation/synthesis iterations. Except for the number of RAM blocks the rest of the resource
usage and timings are amost constant for different configurations of the design (for instance
different filter types or image sizes). Therefore they can be used as typical values for resource
usage of the design.

Image dimensions: 64x32

Transform: Lifting Scheme DWT

Filter type: polynomial interpolation with 4 and 4 for number of dual and red
vanishing moments respectively.

Target Device : Xilinx x2v1000

Target Package : bg575

Target Speed : -5

Mapper Version : virtex2 -- D.25

Synthesis tool : Synplicity pro 7, Xilinx Alliance implementation tool
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Timing(post synthesis):
Minimum period: 19.273ns (Maximum frequency: 51.886MHz)
Minimum input arrival time before clock: 15.706ns
Minimum output required time after clock:  7.885ns

The logic resources of the FPGA are divided in different categories as Look Up Tables
(LUT), Input/Output Blocks (10B), Flip-flops, Multipliers (MULT18X18), etc. A specific
group of a number of these resourcesis called Configurable Logic Blocks (CLB) and a group
of CLBsformsa Slice. The following shows the resource usage for our configuration.

Resource usage:
Number of Slices: 985 out of 5,120 19%
Number of Slices containing unrelated logic: 0 out of 985 0%
Number of Slice Flip Flops: 669 outof 10,240 6%
Total Number 4 input LUTSs: 1,637 outof 10,240 15%
Number used as LUTSs: 1,617
Number used as a route-thru: 20
Number of bonded |OBs: 105 out of 328 32%
IOB Flip Flops: 3
Number of Block RAMSs: 22 out of 40 55%
Number of MULT18X 18s: 8 out of 40 20%
Number of GCLKSs: 1 out of 16 6%

As mentioned before, except for the RAM blocks, the resource usage for different
configurations remains almost constant. The numbers given in resource usage above, show
that Xilinx x2v1000 device can easily accommodate our design. Larger practical picture sizes
merely require an FPGA with more internal RAM i.e., the amount of required logic does not
grow. For cost reduction, one might want to consider the using the smallest possible FPGA
that can accommodate the necessary logic resources and providing an external dual port
RAM, large enough for the desired picture.

5.5 Conclusions

In this chapter we explored the structure of the design in detail. Initially we explained how the
performances of the predict and the update phases, themselves, can be improved.
Subsequently we introduced a method for parallel execution of the predict and the update
module by solving data dependency and memory access issues. Furthermore, we explained
the 1-D and 2-D acceleration schemes and their attributes and differences. We paid attention
to the timing issues, concerning the picture RAM and finally presented the results of the
implementation in a Xilinx Virtex Il FPGA device. Chapter 6 uses the results of this
implementation for performance analysis of the design.
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Chapter 6: Results and performance analysis

calculate the performance of the pure software implementation of different polynomial

filters and a number of different picture sizes. We calculate the performance of the
hardware implementation for these configurations and compare them against their software
counterparts. We also make a performance comparison between the 1-D and 2-D acceleration
schemes. Additionally, we give an estimation of the performance of hardware acceleration
based on the proposed design for other popular filters used in JPEG standard, namely Le Gall
5-3 and Daubechies 9-7 and compare them with their pure software implementation.

T his chapter presents the results of the performance analysis of the proposed design. We

It has to be mentioned that in the analysis, configuration latency of the FPGA is not included.
An individual thesis is submitted on the performance analysis of the system [12]. Here we
confine ourselves to a short description of the analysis method and the achieved results (see
[12] for details).

6.1 Performance analysisframework

In this section we explain the calculations for performance analysis of the hardware module
vs. the software implementation. First the performance analysis benchmark is described,
followed by calculations for hardware and software execution times.

6.1.1 Reconfigurable computing environment

As mentioned before, the proposed hardware unit is intended to operate in a custom-
computing platform. The idea behind this is that a reconfigurable hardware co-exists with a
core processor [13] and is augmented as an additional functional unit to the core processor.
Upon encountering supported instructions (FLWT in this case), the reconfigurable unit is
configured to the construct the desired functional unit and starts executing the instruction.
Thus the functionality of the reconfigurable functional unit changes with runtime
reconfiguration.  Figure 6-1 illustrates the elements of a reconfigurable computing
environment.

Instruction
Fetch

Dec. & Issue Reg. File

|

,,,,,,,,,

FU FU rFU | Memory

1 nf | f-----

| | I |
l

Figure 6-1: Reconfigurable computing environment
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6.1.2 Performance analysis benchmark

In a reconfigurable context, explained in the previous section, we would like to measure the
amount of performance enhancement due to the introduction of the new FLWT functional
unit. In other words the execution time of a pure software implementation of FLWT algorithm
should be compared against the execution time when the hardware accelerator (FLWT
functional unit) is used.

A benchmark was established for this performance evaluation. We used the Liftpack software
package [2] for performance measurement of the pure software implementation. Liftpack is a
written in C and implements the Fast Lifting Wavelet Transform algorithm for images. We
modified Liftpack to operate in integer arithmetic for optimum software performance. The
optimized version of Liftpack was compiled for a MIPS-based processor, using SimpleScalar
tool set [3]. SimpleScalar is a MIPS-based toolset and comprises compiler, assembler, linker,
simulation, and visualization tools. Using the annotation facility of Sim-outorder, the new
functional unit (FLWT unit) was introduced to the Instruction Set Architecture (ISA) of the
MIPS processor (see [12]). This new instruction replaces the actual FLWT algorithm, which
is normally executed in the software, and simulates it as if the real hardware unit were
available. In other words, the (annotated) new instruction simulates the data transfer from
memory to the hardware unit, the actua transform and the data transfer back from the
hardware unit to the memory. In this way it was possible to analyze the performance
enhancement when the FLWT algorithm (or parts of it) was executed in hardware.

The performance metric is the speedup of FLWT operation. Thisis given as the ratio between
the software execution time and the hardware execution time.

_ Software execution time
Hardware execution time

Speedup

(Equation 6-1)

The following two sections explain the terms above. It has to be emphasized that in the
following text the term transfer refers to the data transfer between the memory and the FLWT
hardware module, while transform denotes the FLWT forward and inverse transform
agorithm.

6.1.3 Calculationsfor the softwar e execution time

We refer to the optimized software as the non-annotated version and to the version with
augmented FLWT unit as the annotated version. Both versions were compiled with
SimpleScalar compiler and executed by the Smoutorder simulation tool of SimpleScalar,
which simulates a superscalar MIPS-based processor.

Denote TNEC as Total Number of Execution Cycles. The software execution time is the total
amount of time spent to execute the FLWT operation, excluding the time spent by the
software for user interface and file handling procedures. The procedure used to calculate the
software execution time of the FLWT operation is as follows.

1. Determine the total number of execution cycles (TNEC) taken by the non-annotated
version of the software in Sim-outorder. This represents the time for transform
operations, file handling and user interface.

2. Determine TNEC for the annotated version of the software in the modified Sim-
outorder simulator (which includes the new FLWT instruction), assuming that FLWT
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unit takes 0 cycle for the exeaution d transform operation. This TNEC represents the
similar operations as in nonannaated version, except that it includes cycles for the
data transfer operations (read and write) by FLWT unit and excludes the transform
exeautiontime (we chase 0 as exeautiontime).

3. The TNEC for the adual software implementation d the FLWT algorithm is
cdculated as:

TNECSof[\Nare = TNECnon_annotated = TNECanno[a‘[ed + Data tranSfer CyCI es (Equatl on 6_2)

TN ECsoftware

seconds (Equation 6-3)
processor clock rate

Software execution time =

In ou case, processor clock rate equals 1 GHz.

6.1.4 Calculationsfor the hardware execution time

The hardware exeadution time is the total time taken by the FLWT unit to perform the
transform, including the time required to load the image data into the unit and write it bad to
the memory.

Hardware execution time = Data transfer time + Hardware transformtime (Equation 6-4)

The hardware transform time is defined by the number of cycles that the hardware unit spends
to perform the adual transform (TNEChaaware). Thus the hardware transform timeis given by:

TN ECHardware

Hardware transform time=
Hardware clock rate

(Equation 6-5)

Where the hardware dock rate is 50 MHz for our implementation.

A note on dhta transfer is that the FLWT hardware unit uses two bytes for ead pixel.
Although the dynamic range of the eat pixel in the original pictureis 0-255, after performing
the forward transform the dynamic range will excee this range. For this reason a uniform
data format of 2 bytes was used for all data transfers. As the procesr’s data bus is 32 Lts
wide, the data for two conseautive pixels of arow can be accesed with ead memory access

This means that an image of mxn pixelsleadsto (mxn)/2 individual memory accesses for
read or write operations.

Ancther issue oncerning data transfer is that there ae two limits to the maximum attainable
transfer speed; the limit due to the FPGA’s maximum RAM clock frequency and the limit due
to the TLB and cate misss of the external memory. Provided that a buffer is used between
the memory and the FPGA, which absorbs the significant variations of memory access
latencies due to the TLB and cade misss, the maximum acdchievable data transfer rate is
defined by the minimum of the hardware data transfer limit and the average external memory
accesslatency. In terms of total transfer time thisis means:

Data transfer time = max ( External RAM data transfer time,

Minimum attainable data transfer time due to hardware

) (Equation 6-6)
Thus:
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Hardware execution time = Hardware transformtime + Data transfer time (Equation 6-7)
TNECHardware

Hardware clock rate

Hardware execution time =

+ Datatransfer time  (Equation 6-8)

6.2 Performance analysis of different polynomial filters

We performed a number of simulations in order to compare the performance gains due to
hardware acceleration for different configurations of picture size and filter types. In this
section the performance gain for different polynomial filters are compared. Table 6-1 shows
the results of the simulations and Figure 6-2 illustrates the performance gains graphically.
Notice the substantial performance increase for higher polynomial degrees. Thisis due to the
amost constant hardware execution time, while the software execution time increases
dramatically with the degree of the filters. Looking at Figure 5-7 and Figure 5-12, it can be
seen that once the pipelines are filled, the design generates two outputs per clock cycle (one A
and one ) irrespective of the length of the filters (the number of filter coefficients). Thisis
one of the primary reasons for superior performance of the design.

Looking at Table 6-1 Hardware cycles per pixel value of around 1.5 may seem contradictory
to the claim of transforming 2 pixels per cycle. The reason for this difference is that total
number of pixels for a maximum decomposed 2-D picture is more than the total number of
image pixels (see Sections 4.3.2, 4.4 and 4.5 for details).

The following explains how different values in the Table 6-1 are calculated. These
calculations also hold for Table 6-2 and Table 6-3 (see Sections 6.1.2, 6.1.3 and 6.1.4 for
more information).

*  TNECuaraware (HW cycles): This is the number of cycles that the hardware module
takes to transform the picture and is defined by the design, the size of the picture and
the filter type and length. TNEC hardware does not include cycles needed for data
transfer to and from the module.

 Hardware Transform time: This is the time that the hardware module takes to
transform the picture, exclusive data transfer time.

TN ECHardware
Hardware clock rate

Transformtimein HW=

seconds (Equation 6-9)

e Pictures per second in HW: This is the number of pictures per second that can be
transformed by the hardware modul e without considering the data transfer time.

1
Pictures per second in HW = — (Equation 6-10)
Transformtime in HW

* External RAM data transfer cycles (pprocessor cycles): This is the number of
cycles that the external RAM takes to transfer the data to and from the hardware
module. It is defined by the memory hierarchy, memory speed and memory access
model. Numbers in the table are obtained assuming a Direct Memory Access (DMA)
and two levels of caching; level 1: 128-32-4 and Level2: 1024-64-4 (indicating
blocks, words per block and associativity, respectively). The values in the table were
calculated by simulating data transfer by consecutive reads, followed by consecutive
writes for the whole picture data using Sim-outorder simulator. This implements the
2-D acceleration scheme explained in Section 5.1.4 (see [12] for more details).
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« External RAM data transfer time: Thisisthe time that the external RAM takesto
transfer the data to and from the hardware modue.

Data transfer cycles
Processor clock rate

Data transfer time = (Equation 6-11)

Where the procesor clock rateis 1GHz.

e Hardware data transfer limit: Data transfer time, explained above, determines the
minimum time nealed for the external RAM to transfer the data to and from the
hardware modue. However, there is another limiting fador to the data transfer time,
which is the maximum spead o the FPGA's internal RAM. This limiting fador
defines an additional minimum time for the data transfer (see Sedion 6.1.4).
Remember that the FPGA’s dual port picture RAM can perform two independent
acceses. The data width is 16 hts, thus 2x16 =32 hits (4 hytes) per cycle can be
transferred to and from the hardware modue. This means that for the whale picture,
% cycles are neaded for data transfer to, and the same number of cycles for data
transfer from the modue. Thus the total time for data transfer due to FPGA'’sinternal
RAM sped limit will be:

HW data transfer limit = Xzy x FPGA RAM clock period limit (Equation 6-12)

Where x and y denate picture width and height, respedively, and FPGA RAM clock
limit is defined by the Virtex Il Tgeko:

Taeko = 2.89 rsfor spead grade -5
Tecko = 3.33 rsfor speed grade -4

Taking 3.33rs for Tscko, the Hardware data transfer limit for picture size 352 % 288
iscdculated as:

HW data transfer limit = %2288 x3.33ns= 170 us

» Hardware execution Time: Section 6.1.4 describes how to calculate the Hardware
execution time. The calculation for polynomial filter of 2-2 (the first columnin Table
6-1) isasfollows.

Hardware execution time
TN ECHardware

Hardware clock rate

+ max (Data transfer time, HW data transfer limit)

(Equation 6-13)
_ 152000 N
50

max(147, 170) = 3210us

e TENCsswarer Thisisthe total processor cycles needed to transform the picture in the
software implementation. The numbers in the table are obtained by executing the
software benchmark using Sim-outorder simulator with the corresponding picture size
and filter configurations (see Section 6.1.3 and [12] for details).
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Software execution time: Section 6.1.3 describes how to calculate the software
execution time. The calculation for polynomial filter of 2-2 (the first column in Table
6-1) isasfollows.

TN ECsoftware
processor clock rate

Software execution time = seconds

- TNEC,, s + Datatransfer cycles
processor clock rate

non-annotated

TNEC
= seconds

(Equation 6-14)
_ 69755975-60071992 + 147309
1000

=9831us

Performance ratio of HW vs. SW: As explained in Section 6.1.2 the performance
ratio can be calculated as the ratio between the software and the hardware execution
time. The calculation for polynomial filter of 2-2 (the first column in Table 6-1) isas
follows.

Software execution time _ 9831

Speedup = ——— = =3.06
Hardware execution time 3210
Unit
Picture format Pixel 352x 288 |352x 288 |352x 288
Filter of polynomial degrees 2-2 4-4 8-8
TNEC HW Cycle 152000 160000 175000
HW cycles per pixel Cycles/pixel| 1.5 1.6 1.7
HW clock rate MHz 50 50 50
HW Transform time psec 3040 3200 3500
Pictures per second in HW Pictures/sec | 329 313 286
TENC SW, not annotated Cycle 69755975 | 73651640 | 91671177
TENC SW, annotated Cycle 60071992 | 60403941 | 69757202
External RAM datatransfer cycles | uproc cycle | 147309 147309 147309
External RAM datatransfer time | usec 147 147 147
HW datatransfer limit psec 170 170 170
TENC, software Cycle 0831292 13395008 | 22061284
Processor clock rate MHz 1000 1000 1000
SW execution time psec 9831 13395 22061
HW execution time psec 3210 3370 3670
Performanceratio of HW vs. SW 3.06 3.97 6.01

Table 6-1:

with different degrees on a constant picture size

Performance analysis on the simulation results of polynomial filters

25,000
S ___ O software
© 20,000 exec time
g 15,000 — Ohardware

. . = exec time

Figure 6-2: Comparison of Performance |£ 10000

gain (hardware vs. software) between | g

polynomial filterswith different degreeson | ¢ 5090 7

an image (352 x 288 pixels) ) 0 % ‘ —| —l

2 2 4 4 8 8
degree of polynomial
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6.3 Performance analysis of different picturesizes

Filling the pipelines at the start of each 1-D transform (a row or a column) and updating | eft-
and right affected y s at the start and the end of thel-D transform lead to cycles in which no
output is generated (see Chapter 5). Furthermore the parallel execution of the predict and
update modules cannot start immediately at the beginning of the 1-D transform, but after
number of cycles, when both of the inputs become available (see Section 5.1.3). The negative
influence of these constant overhead delays attenuates as length of the 1-D (the row or
column length) signal increases. Therefore we expect to get a better performance gain for
larger pictures. Table 6-2 and Figure 6-3 compare the results of simulations on different
picture sizes with the same polynomial filter degree (4-4) and confirm our anticipation. The
rise of the performance ratio (3.44, 3.97, 5.03) indeed confirms our prediction. This can aso
be seen in the decreasing Hardware cycles per pixel (1.8, 1.6, 1.5) for larger pictures. Please
refer to Section 6.2 for details on calculations of different parameters of Table 6-2.

Unit

Picture format Pixel 176 x 144 | 352x 288 | 720 x 560
TNEC HW Cycle 46000 160000 586000
HW cycles per pixel Cycles/pixel | 1.8 1.6 15
HW clock rate MHz 50 50 50
HW Transform time psec 920 3200 11720
Pictures per second in HW Pictures/sec | 1087 313 85
TNEC, non annotated Cycle 18733563 | 73651640 | 298860436
TNEC,annotated Cycle 15445553 | 60403941 | 236416348
External RAM datatransfer cycles | pproc cycle | 26915 147309 856837
Externa RAM datatransfer time | pusec 27 147 857
HW data transfer limit sec 42 170 673
TNEC software Cycle 3314925 13395008 | 63300925
Processor clock ratein MHz 1000 1000 1000
SW execution time psec 3315 13395 63301
HW execution time psec 962 3370 12577
Performanceratio of HW vs. SW 3.44 3.97 5.03

Table 6-2: Performance analysis on the simulation results for different picturesizeson a

constant polynomial filter degree of 4-4

70,000 Osoftware
— exec. time

60,000
Ohardware
50,000 exec. time

40,000
30,000
20,000

10,000 —|»
0 | o — o |

176x144  352x288 720x560

picture dimention

execution time (micro sec)

Figure 6-3: Performance comparison between different picture sizes (constant
polynomial filter degree: 4-4)
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6.4 Performance analysisof other popular filters

The FLWT hardware unit is based on polynomial filters. However, it is possible to implement
other filters, when they are factorized into Lifting steps, with minor modifications in the
design. We implemented two popular filters, namely Le Gall 5-3 and Daubechies 9-7 in
software, for software implementation performance analysis. Subsequently, performance of a
hardware acceleration unit, based on our design was estimated and compared against the
software implementations performances. A configuration for polynomial filter with 2 and 2 as
number of dual and real vanishing moments matches Le Gall and Daubechies filters best.
Therefore we used the hardware execution time of 2-2 polynomial filter as the estimation and
came to the following conclusion:

Using hardware acceleration based on the proposed design, an estimated performance
enhancement of factor 3.69 might be achievable for Le Gall 5-3 filter (see Table 6-3 and
Figure 6-4). This estimated factor increases to more than 11 for more computationally
intensive Daubechies 9-7 filter. This analysis shows the great potential of the design for
practical applications as JPEG2000 and MPEG-4 in which these two filters are used (see [12]
for more details on the software implementation of these filters). Most of the parameters of
Table 6-3 are computed as explained in Section 6.2. A number the parameters, however, are
calculated differently. These are explained in the following.

*  TNECssware AS the software algorithm for Le Gall and Daubechies filters were
developed by us, we did not use Liftpack as software benchmark. Instead, the
software implementation algorithms were used as stand-alone programs to obtain
software performance, i.e. without any user interface and file handling. This means
that TNECswwae SSMply equals the total number of cycles that the Sim-outorder
simulator takes to perform the transform on the image.

TN ECsoftware
processor clock rate

e Software execution time; = seconds

Unit

Picture format Pixel 352x288 |352x288 |352x 288
Polynomial | LeGal Daubechies

Filter type 2-2 5-3 9-7
Estimated TNEC HW Cycle 152000 152000 152000
HW clock rate MHz 50 50 50
Estimated HW transform time usec 3040 3040 3040
Pictures per second in HW Pictures/sec | 329 329 329
TNEC SW Cycle 8833192 11860033 | 35990178
External RAM datatransfer cycles | pproc cycle | 147309 147309 147309
Externa RAM datatransfer time | psec 147 147 147
HW datatransfer limit usec 170 170 170
Processor clock rate MHz 1000 1000 1000
SW execution time usec 8833 11860 35990
HW execution time psec 3210 3210 3210
Estimated performanceratio
of HW vs. SW 2.75 3.69 11.21

Table 6-3:

Performance analysis on the simulation results for software implementation

of two popular filters: Le Gall5-3 and Daubechies9-7 and their estimated hardware
implementation

Micro-codable Discrete Wavelet Transform




40,000
35,000

30,000

25,000 o hardw_are
20’000 exec time

15,000
10,000

5,000«|_
77 7 72

polynomial: 2 - 2 LeGall5-3 Dubechies 9 - 7

__ Osoftware
exec time

execution time (micro sec)

filter types

Figure 6-4: Comparison between the software and the estimated hardwar e performance
of popular filters

6.5 Performance analysisof 1-D and 2-D transforms

For a good understanding of the result presented here, it is recommended to consider Section
5.1.4 carefully. In that section we explained the concepts of the 1-D and 2-D transform and
described the grounds of the difference between their performances. We carried out the 1-D
and 2-D transforms on two picture formats 352x288 and 720x560 using 4-4 polynomial
filter and compared the results as follows. For a picture format of 352x288, the data
transfer time of the 1-D scheme is 1019/170 = 6 times higher than that of the 2-D scheme. In
case of apicture size of 720x560, this ratio even increases to 10523/856 =~ 12.3. This raise
is due to excessive increase in cache misses (see Section 5.1.4). As explained in Section 6.1.4,
data transfer time is one of the two terms that determine the total hardware execution time.
Thus the total hardware execution time will not be affected with the same ratios (6 and 12) if
the 2-D transform is used (see Figure 6-5). It might seem that the performance difference
between the 2-D and 1-D scheme does not justify the excessive memory requirement of the 2-
D acceleration scheme. However, propositions in Chapter 7 indicate that it might be possible
to decrease the hardware transform time substantially by introducing more units which
operate in paralel. Improving (decreasing) the hardware transform time could result to a
more dominant role of the data transfer time. In that case using the 2-D scheme can become
more attractive, as its data transfer time is significantly lower. The following explains how
the parametersin Table 6-4 are cal cul ated.

e Total number of pixelsto betransferred: for the 2-D transform, this is the number
of pixels of the image, i.e. XxYy. In the case of the 1-D transform this number is

higher. This is due to the fact that the data has to be written back to the external
memory and re-read again when needed for subsequent iterations or row-column
scans. The values for 1-D transform in the table are obtained by the simulation, but
can also be calculated as explained in Section 4.3.2, 4.4 and 4.5.

« Datatransfer cycles: Thisis the number of cycles that the external RAM takes to
transfer the data to and from the hardware module. The values for the 2-D schemein
the table were calculated by simulating data transfer by consecutive reads, followed
by consecutive writes for the whole picture data using Sim-outorder simulator.
Conversely, the values for the 1-D scheme in the table were calculated by simulating
data transfer according to the 1-D scheme, i.e. reading and writing the data line by
line.
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« Datatransfer time Thisisthetimethat the external RAM takesto transfer the data

to and from the hardware modue.

Data transfer time =

Data transfer cycles

Processor clock rate

* Hardware data transfer limit: This limit is st by the maximum speal o the
internal FPGA’s RAM (see Sedion 6.2). As 4 bytes can be transferred to and from
the hardware modue per cycle (seeSedion 6.2), thislimit is defined as

Hardware data transfer limit =

total number of pixelsto be transferred

4

Where 3.3 rsis taken as FPGA RAM clock period limit (seeSedion 6.2)

x FPGA RAM clock period limit

e Hardware transform Time: This is the time that the hardware modue takes to
transform the image, excluding data transfer time (seeTable 6-2).

e Hardwareexecution Time: as mentioned in Sedion6.1.4

Hardware execution time

= Hardware transformtime + Data transfer time
= Hardware transformtime + max (External RAM data transfer time,

Hardware data transfer limit)

Picture format 352 x 288 720 x 560
Transform type 2-D 1-D 2-D 1-D
Total number of pixelsto be transferred 101376 270270 {403200 (1075194
External RAM datatransfer cycles (uprocessor cycles)147309  [1019190 856837 10523181
Procesr clock rate (MHZz) 1000 1000 1000 1000
Externa RAM datatransfer time (micro seoonds) (147 1019 856 10523
Hardware data transfer limit (micro seconds) 170 450 673 1790
Hardware transform time (micro seands) 3200 3200 11720 [11720
Har dwar e execution time (micr o seconds) 3370 4219 12577 22243
Table 6-4: Performance analysis of the 1-D and 2-D transforms on two pictures with
different sizes (constant polynomial filter degree: 4-4)
25,000 Dl'D
20,000 O2-pD

Figure 6-5: Performance comparison of the
1-D and 2-D transforms on two pictures with
different sizes (constant polynomial filter
degree: 4-4)
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6.6 Transformation accuracy

The proposed design is based on integer arithmetic for better performance. Although in
Lifting scheme integer transform always leads to perfect reconstruction of the original image,
rounding errors due to integer operations will cause a certain degree of non-linearity in the
transformed signal. We mentioned that scaling factors are used to decrease these non-
linearities (increase the accuracy). Simulations pointed out that for polynomia filters of
degreelessthan 4 and 14 bits precision for filter coefficients, an average error of lessthan 1is
introduced on a dynamic range of 0 to 255 of theinput signal. In terms of non-linearity thisis
equivalent to

Averageerror _ 1

_ = <0.4%
Dynamicrange 256

Non-linearity =

Higher orders of the filters cause more non-linearity due to the propagation of error in the
calculations.

6.7 Conclusions

This chapter focused on performance analysis of the proposed design. Firstly, we defined the
performance analysis framework and explained how the results were calculated.
Subsequently, we presented and compared the result of several simulations of the
performance of the software and the hardware implementation of the DWT for different
picture sizes and different filter types. We noticed that the proposed design has can
substantially accelerate the DWT, especially for large images and long filters. Additionally,
we observed that the design can also perform well for popular filters used in JPEG2000 and
MPEG-4 with minor modifications.
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Chapter 7. Conclusions and recommendations

Discrete Wavelet Transform based on the Lifting scheme. The design can be used to

enhance the performance of the multimedia tools as JPEG2000 and MPEG-4 by
hardware acceleration. The unit is meant to be integrated in custom-computing platforms, as a
reconfigurable functional unit. This means that the unit will co-exist with a general-purpose
processor and will execute wavelet transform operations in hardware upon occurrence. The
following summarizes the contributions of the author and what was achieved during the
thesis.

I N thisthesis, we introduced a micro-architectural design for hardware accel eration of the

e Analyzing the software implementation of DWT and extracting parts of the
algorithm to be accelerated: To analyze the acceleration ratio of the design, its
performance was compared against a pure software implementation, running on a
MIPS-based processor. For this purpose the Liftpack software package was used as
benchmark. The software was optimized for integer transform for better software
performance and compiled and executed using Sim-outorder simulation of the
SimpleScalar toolset. Using the capabilities of this smulator, the to be accelerated
part of the software was introduced in the ISA of the MIPS processor as a new
instruction. Using this method, the performance of the software and hardware
implementation was compared.

e Introducing a scalable har dwar e design to acceler ate these parts: After analyzing
the transform algorithm, a design was introduced to calculate the wavel et coefficients
efficiently. The design utilizes different techniques as pipelining, data reusability, in
parallel operating units and some specific features of Xilinx Virtex |1 FPGA seriesto
achieve a performance that is considerably higher than a pure software
implementation. The design is scalable, which means that more modules can be put
next to each other to achieve a higher performance. This issue is explained more in
the recommendations.

e Implementing the design: VHDL hardware description language was used to
describe the behavior of the design. Subsequently, the design was simulated in
Modelsim for functional correctness and synthesized using Synplify tools. In order to
obtain redlistic timing data the VHDL code was implemented in Xilinx Virtex Il
FPGA series, using the Alliance tool of the vendor.

e Performing analysis of hardware module vs. the software implementation:
Simulations proved that using the hardware accelerator substantially improves the
performance of the DWT. We assumed a processor frequency of 1GHz for the
software version, while the hardware operates at 50 MHz and achieved encouraging
results, explained in Chapter 6.

e Estimating the performance of the module for other popular filters: The design
was initially developed for polynomial filters, but it can easily be modified to operate
with other filter types when they are factorized in the Lifting steps. An attempt was
made to estimate the performance of the design for Le Gall 5-3 and Daubechies 9-7
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filters. The results of this experiment showed that a design based on this design could
perform very well for these filters as well.

Recommendations

The design has the potentia of further performance improvement. In the following we
highlight some methods that could lead to higher performance, as future research
recommendations.

e The hardware unit was designed to be scalable. This means that, when enough
hardware resources are available, multiple, concurrently operating functional units
may be instantiated, to increase the performance. One may, for instance, want to
investigate the possibility of instantiating a number of 1-D transform units, each
comprising one predict and one update unit. These 1-D transform units could operate
concurrently on different rows or columns of the image. It has to be inspected
whether the picture RAM can accommodate the memory accesses for all these units.
Noticing that the limit of the latency of the picture RAM isjust 2.98ns, and the design
operates at 50MHz (a period of 20ns) we can calculate that the picture RAM in
principle could accommodate up to

2% 20 =12
2.98

accesses per system cycle. Remembering that each pair of predict-update modules
need 4 memory accesses per cycle. Thus, in theory it might be possible to run up to
12

-_-=3

4

pairs of predict-update modules simultaneously. This means that, theoretically, 3
concurrently operating 1-D modules could be accommodated, which means an
additional speedup of factor 3 and is, therefore, certainly worth to be investigated.

* A possible method for increasing the performance of the 1-D acceleration scheme is
to introduce two storage areas for aline. While one of the linesis being transformed,
the alternative line can be loaded from or written back to the external memory
simultaneously. This decreases the average amount of latency and therefore leads to a
performance increase.

e Another useful extension to this research can be the modification of the design in
order to implement other sorts of filters than the polynomials. Considering the
encouraging result of the performance estimations, the popular irreversible
Daubechies 9-7 filter can be a good candidate for this purpose.
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Appendix A: Design file description

The design files of thisthesis can be found on an accompanying CD-ROM.

In this appendix we explain in which file the design units are located. Please refer to the file
MANUAL.TXT in the root of the CD-ROM for the latest information and more description
about thefiles.

» Package: this design unit contains some constants, like picture size and filter type,
which are used commonly by different entities and architectures
Location: wavelet_package.vhd

» Multiplier: This entity-architecture pair is used in the architecture of entities Predict
and Update entities for multiplying the filter coefficients with the corresponding y s
or As (Figure 5-7, Figure 5-12).
Location: wavelet_synth multiplier.vhd

e Predict_filter_ RAM, Update filter_RAM: These components were generated with the
Core generator and function as storage elements for the filter and lifting coefficients
as described in Sections 4.2 and 4.3
Location: predict_filter_ram0.vho

» Data FIFO: This element was generated using the Core Generator tool and is used to
temporarily buffer the input data the predict or the update module as explained in
Section 5.1.3.2.

Location: data_fifo.vho

e Picture RAM: This element was generated with the Core Generator and implements
the dual port picture RAM explained in Section 5.3.
Location: picture_ram.vho

e Predict: This entity-architecture pair implements the function described in Section
5.1.1.5 and illustrated in Figure 5-7.
Location: wavelet_synth_predict_registered.vhd

e Update: This entity-architecture pair implements the function described in Section
5.1.2.3 and illustrated in Figure 5-12.
Location: wavelet_synth_update registered.vhd

« Transform (top-level entity): This entity-architecture pair instantiates all the
necessary components and describes the interconnections to compose the
organization described in Section 5.2 and depicted in Figure 5-17. In this design unit
anumber of state machines implement the 1-D and 2-D transform algorithms, as
described in Chapters 3 and 4. These state machines generate the control signals
shown in Figure 5-18.

Location: wavelet_synth_transform_registered.vhd
Configuration file: wavelet_synth_transform_registered_configuration.vhd

e Testbench: This design unit is used to verify the functional correctness of the top-
level entity. Forward and inverse transforms are applied consecutively on a test
picture and the results are analyzed for accuracy of the transform.

L ocation: wavelet_testbench registered_newl.vhd
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Appendix B: Lifting Scheme in Pseudo-code

Pseudo-codefor the 1-D and 2-D forward and inversetransform

1-D wavelet transform

FLWT_1D_Predict

INPUT:

float[] signal; // Input 1D signal

integer signallen; // Input signal’s length

integer incr; // Offset to add to reach the next pixel

// This value is 1 when traversing along the X
// direction (the rows),
// and is equal to the height when traversing along
// the Y direction (the columns)

integer step; // The step size is the distance between 2 lambdas
// (or 2 gammas). For level 0, it is 270, for level 1
// it is 271 etc.

float[][] filter; // Prediction filter coefficients
integer filterLen; // Length of the prediction filter (N)
OUTPUT:
float[] signal; // In-place calculation of the wavelet coefficients
PROCEDURE:
begin
integer 1i,j; // Loop counters
integer lambdaPos; // Position of the current lambda
integer gammaPos; // Position of the current gamma
integer filterRow; // Current row in filter
integer noGammas; // Number of gammas at current level
integer noleft; // Number of gammas affected by the left boundary
integer nolMiddle; // Number of gammas unaffected by the boundaries
integer noRight; // Number of gammas affected by the right boundary
integer len; // Length of the signal at current level

integer lambdaStartPos; // Position of the first lambda for every prediction

// Initialize variables

gammaPos = (step/2)*incr;

len = ceil( len/(step/2) );

noGammas = len/2 ;

nolLeft = (filterLen/2) - 1;

noRight = nolLeft - odd(len) + 1;

noMiddle = noGammas - filterLen + 1 + odd(len);

// CASE 1: The Left boundary

filterRow = 0;
for( i=0 ; i<noLeft ; i++ )
begin

lambdaPos = 0;
for( j=0 ; j<filterLen ; j++ ) // loop over the filter

begin
signal [gammaPos] -= (signal[lambdaPos]*filter[filterRow][j]l);
lambdaPos += step*incr;

end; // inner for loop
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gammaPos += stepkincr;
filterRow++;
end; // outer for loop

// CASE 2: In between boundaries.
startOffs = 0;
filterRow = noleft;
for( i=0 ; i<noMiddle ; i++ )
begin
lambdaPos = startOffs*incr;
for( j=0 ; j<filterLen ; j++ ) // loop over the filter

begin
signal [gammaPos] -= signal[lambdaPos]*filter[filterRow][j1;
lambdaPos += step*incr;

end; // inner for loop

startOffs += step;
gammaPos += step#incr;
end; // outer for loop

// CASE 3: The Right boundary
startOffs —-= step;

filterRow++;
for( i=0 ; i<noRight ; i++ )
begin
lambdaPos = startOffs*incr;
for( j=0 ; j<filterLen ; j++ ) // loop over the filter
begin
signal[gammaPos] -= signal[lambdaPos]*filter[filterRow][j];
lambdaPos += step*incr;
end; // inner for loop
gammaPos += stepkincr;
filterRow++;

end; // outer for loop
end; // FLWT_1D_Predict

FLWT_1D_Update

INPUT:

float[] signal; // Input signal

integer signallen; // Input signal’s length

integer incr; // Offset to add to reach the next pixel

// This value is 1 when traversing along the x
// direction (the rows),
// and is equal to the height when traversing along
// the y direction (the columns)

integer step; // The step size is the distance between 2 lambdas
// (or 2 gammas). For level 0, it is 270, for level 1
// it is 271 etc.

float[] 1iftFilter; // Lifting filter coefficients for this level

integer liftFilterLen; // Length of the lifting filter (N tilde)
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OUTPUT:

float[] signal; //

PROCEDURE:

begin
integer i,j; //
integer lambdaPos; //
integer gammaPos; //
integer noGammas; //
integer noleft; //
integer noMiddle; //
integer noRight; //
integer len; //
integer liftPos //

integer gammaStartPos;

In-place updated values of the signal for next calculations

Loop counters

Position of the current lambda

Position of the current gamma

Number of gammas at current level

Number of gammas affected by the left boundary

Number of gammas unaffected by the boundaries

Number of gammas affected by the right boundary
Length of the signal at current level

Position of the lifting coefficient in the liftFilter
// Position of the first gamma for every prediction

// Initialize variables

gammaPos = (step/2)*incr;

len = ceil( len/(step/2) );

noGammas = len / 2 ;

nolLeft = (liftFilterlLen/2) - 1;

noRight = nolLeft - odd(len) + 1;

noMiddle = noGammas - liftFilterLen + 1 + odd(len);

// CASE 1: The Left boundary

1liftPos = 0;
for ( i=0 ; i<noleft ;
begin

lamdaPos = O;

i++)

for( j=0 ; j<liftFilterLen ; j++ )

begin
vect[lamdaPos] += (vect[gammaPos]*1iftFilter[liftPos]);
lamdaPos += step*incr;
liftPos++;

end; // inner for loop

gammaPos += step*incr;
end; // outer for loop

// CASE 2: In between boundaries.

gammaStartPos = 0;

for( i=0 ; i<noMiddle ; i++ )

begin

lamdaPos = gammaStartPos*incr;
for( j=0 ; j<liftFilterLen ; j++ )

begin
vect[lamdaPos] += (vect[gammaPos]*liftFilter[liftPos]);
lamdaPos += step*incr;
liftPos++;

end; // inner for loop

gammaStartPos += step;
gammaPos += step*incr;
end; // outer for loop
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// CASE 3: The Right boundary

gammaStartPos —-= step;
for(i=0;i<noRight;i++)
begin
lamdaPos = gammaStartPos*incr;
for( j=0 ; j<liftFilterLen ; j++ )
begin
vect[lamdaPos] += (vect[gammaPos]*1iftFilter[liftPos]);
lamdaPos += step*incr;
liftPos++;
end; // inner for loop

gammaPos += step*incr;
end; //outer for loop
end; // FLWT1D_Update

2-D wavelet transform

FLWT2D_Forward

INPUT:
float[][] signal; // Input 2D signal
float[1[] filter; // Filter coefficients used for the prediction stage
float[1[] liftingX; // Lifting coefficients for X direction
float[1[] liftingY; // Lifting coefficients for Y direction
integer width; // Width of the 2D signal (size in X direction)
integer height; // Height of the 2D signal (size in Y direction)
integer N; // Number of vanishing moments of dual wavelet function
integer nTilde; // Number of vanishing moments of real wavelet function
OUTPUT:
float[1[] signal; // In-place 2-D signal from forward calculations
PROCEDURE:
begin

integer x, y; // Loop counters

integer n; // Maximum number of levels in the transform

integer nX, nY; // Number of iterations in X and Y directions

// (useful when dimensions are different or not dyadic)
integer step; // Distance between similar coefficients at current level

// Initialize variables

if ( image is NOT square ) then

begin
// Iterations in X direction
nX = log_2( (width-1)/(max(N,nTilde)-1) );
// Iterations in Y direction
nY = log_2( (height-1)/(max(N,nTilde)-1) );
// Total number of iterations
n = max(nX, nY);

end

else if ( image IS square ) then

begin
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nX = nY = n = floor( log_2( (max(widht,height)-1)/(max(N,nTilde)-1) );

// Forward transform
for ( step=1 ; step<2”n ; step=step#*2 )
begin
if ( nX>0 )
begin
// Apply forward transform to the rows
for ( y=0 ; y<sizeY ; y+=step )
begin
FLWT1D_Predict ( row[y], width, 1, step, filter, N );
FLWT1D_Update ( row[y], width, 1, step, liftingX[nX], nTilde );
end; // inner for loop
nX--;
end; // if statement

if ( nY>0 )
begin
// Apply forward transform to the columns
for ( x=0 ; x<sizeX ; x+=step )
begin
FLWT1D_Predict ( coll[x], height, width, step, filter, N );

FLWT1D_Update ( col[x], height, width, step, liftingY[nY], nTilde )

end; // inner for loop
nY--;
end; // if statement
end; // outer for loop
end;

FLWT2D_Inverse

INPUT:
float[1[] signal; // Input 2D signal
float[][] filter; // Filter coefficients used for the prediction stage
float[][] 1liftingX; // Lifting coefficients for X direction
float[1[] 1liftingY; // Lifting coefficients for Y direction
integer width; // Width of the 2D signal (size in X direction)
integer height; // Height of the 2D signal (size in Y direction)
integer N; // Number of vanishing moments of dual wavelet function
integer nTilde; // Number of vanishing moments of real wavelet function
OUTPUT:
float[1[] signal; // In-place 2-D signal from inverse calculations
PROCEDURE:
begin

integer i, k, x, y; // Loop counters

integer n; // Maximum number of levels in the transform

integer nX, nY; // Number of iterations in X and Y directions

// (useful when dimensions are different or not dyadic)
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integer step; // Distance between similar coefficients at current level

// Initialize variables

if ( image is NOT square ) then

begin
// Iterations in X direction
nX = log_2( (width-1)/(max(N,nTilde)-1) );
// Iterations in Y direction
nY = log_2( (height-1)/(max(N,nTilde)-1) );
// Total number of iterations
n = max(nX,nY);

end
else if ( image IS square ) then
begin
nX = nY = n = floor( log_2( (max(widht,height)-1)/(max(N,nTilde)-1) );
end;

/* Switch sign of filter & lifting coefficients */
filter = -filter;

liftingX = -liftingX;

liftingY = -liftingY;

/* Inverse transform */
for ( step=2"(n-1) ; step>=1 ; step=step/2 )
begin
if ( n<=nY )
begin
// Apply inverse transform to the columns
for ( x=0 ; x<width ; x+=step )
begin
FLWT1D_Update ( col[x], sizeY, sizeX, step, liftingY[nY-n], nTilde );
FLWT1D_Predict ( col[x], sizeY, sizeX, step, filter, N );
end; // inner for loop
end; // if statement

if ( n<=nX )
begin
// Apply inverse transform to the rows
for ( y=0 ; y<sizeY ; y+=step ) {
FLWT1D_Update ( rowl[yl, sizeX, 1, step, liftingX[nX-n], nTilde );
FLWT1D_Predict ( rowlyl, sizeX, 1, step, filter, N );
}
end; // if statement

end; // outer for loop
end; // FLWT2D_Inverse
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