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Abstract 
In this paper, we propose a highly efficient systo/ic array 
architecture to implement a wavelet-based algorithm, 
which uses the maximum likelihood technique to estimate 
the time delay with various shapes. The WT-based 
technique shows effective results when compared to a 
DCT-based algorithm especially for transient and. sharp 
delays, and in the case of noisy data. Soft-thresholding 
technique is used to implicitly remove the noise or the 
unwanted signal. The systolic array architecture 
significantly reduces the computational complexity of the 
WT-based algorithm and improves its potential for real-
time applications. 
Keywords: Time delay estimation, systolic arrays, wavelet 
transform. 

1. Introduction 
Wavelet transform (WT) is a relatively recent research area 
in signal processing. The idea of the time-frequency 
localization was very attractive to many researchers in the 
early days (1-7], especially when the signal of interest is 
non-stationary. The wavelet transform has shown 
advantages over other techniques, such as Fourier 
transform, windowed Fourier transform, Wigner 
distribution and Cosine packet, in detecting signals with 
discontinuities and sharp spikes, denoising and data 
compression (8-10). There are quite a number of wavelets; 
the most common are the orthogonal wavelets such as 
Daubechies, Haar, Coiflet, Beylkin, etc. These wavelet~ 
share the same basic properties, but they differ in the 
complexity, the smoothness and the order. Since wavelet 
transform is a promising technique for the time-frequency 
analysis, it can characterize the local regularity of the 
signals by decomposing them into elementary building 
blocks, which are well localized both in time and 
frequency [ 11-13]. Each signal can be represented by a 
linear combination of the wavelet coefficients. These 
coefficients are represented by the mother wavelet (a 
representation of the details of the signal, i.e., the high 
frequency components) and the scaling function (a 
representation of the shape of the signal, i.e., the low 
frequency components). 
The mother wavelet 'l'(t) generates the other wavelets from 
the same family by changing the scale a and its translation 
in time b. The above definition can be expressed as 
follows: 

\f(a,b)(t) = ~ \f(f :b) (1) 

wherea>Oandb eR 
Using eqn. (1), the Discrete Wavelet Transform (DWT) can 
be expressed as follows: 

ro 

CDWT(m,n) = a~m12 jJ(t)\f"(a~mt-nb0 )dt (2) 
-00 

where m and n are the dilation and translation factors, 
respectively. 
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The problem of time-delay estimation has received a quite 
good attention lately. It has many applications in areas 
such as radar, sonar, and conununication systems [14-17]. 
Generalized cross-correlation methods have been used in 
the estimation of a fixed time-delay. This method is aimed 
at finding the location of the peak of the cross-correlation 
between the two filtered inputs [18, 19). While Chan et a/ 
[20] proposes time-delay estimation based on approximate 
likelihood delay and a fast wavelet transform as a pre-
filter. In his method, Chan tries to emphasize the idea of 
pre-filtering using wavelet transform regardless of the type 
of the signal and the noise applied. The focus in the 
literature is widened to include the estimation of time-
varying delay [21-24], where the Least Mean Square 
(LMS) is used to correlate the filtered input data. 
Prediction of the peak of the signal results in the time-
delay estimation. An adaptive interpolated time-delay 
estimation was developed to track time-varying delay [25-
28]. The interpolation scheme by a fust-<lrder filter would 
calculate the time-delay threshold adaptively. Multipath 
time-delay estimation is introduced by Fuchs [29) where 
the number of paths and the associated delay were 
estimated. The method discussed in the paper is 
computationally intensive and highly dependent on the 
regularization term assigned. In all the techniques 
mentioned above, the number of iterations to reach a final 
solution is large compared to the technique proposed in 
this paper. 
An optimum architecture for the systolic array 
implementation of time-varying delay estimation based on 
WT transformation is developed. The architecture uses few 
VLSI elements such as multipliers, adders, multiplexers, 
demultiplexers, and shift registers, which makes the VLSI 
design simple and efficient. The systolic architecture 
improves the computational complexity of the WT -based 
algorithm, thereby improving its potential for real-time 
applications. The use of a systolic array architecture 
benefits the processing in terms of the computational " 
complexity by reducing the process to one requiring O{w) 
time, rather than O(w2

) required by the conventional 
version of the algorithm, where w is the data window size. 
This speedup is due to the parallel processing inherent in 
the design [31-33). 

2. Wavelet-based Time-delay 
Estimation 

Consider the following simplified model of a received 
signal: 

r(t) = s(t- d(t)) + w(t) (3) 
where the signal s(t) is a known function, d(t) is an 
unknown but nonrandom waveform. The signal w(t) is a 
zero-mean white Gaussian noise uncorrelated with s(t-
d(t)), and with spectral density of Ni2. Since the signal 
d(t) is non-random, it can be expanded in terms of a 

complete set of orthonormal functions {~;(t)};': 1 as 
follows: 
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0() 

d(t) = Ld; tP;(t) (4) 
i=l 

where the coefficients d; are found using eqn. (2). 
Augmenting these coefficients together in a vector d = 
[ dl , d2, ... f , where T denotes matrix transposition, results 
in 

00 

s(t -d(t)) = s(t- L.d; tP;(t)) =s(t,d) (5) 
i=l 

Hence, the problem of estimating a continuous-time signal 
d(t) is reduced into a multiple parameter estimation of the 
vector d. The log-likelihood function [17} for the observed 
data in eqn. (2) is 

2 T 
In A[r(t), D] = -f r(t)s(t,D)dt 

No o 
1 T - --J s 2 

( t ,D ) dt (6) 
No o 

where D = [D1• D2, ... f is the estimate of the unknown 
transformed delay vector d. This technique is called the 
maximum likelihood estimate of d because it maximizes 
the log-likelihood function in eqn. (6). Applying the 
steepest ascent search to eqn. (6) results in the following: 

J5 t = J5 j + a; 0 ln [A ( r ( t), I)- ) ] 
ofJj 

i = l, ... , N (7) 
where "+" and "-" signify the new and the old ;th 
coefficient estimate, D- is the previous transformed 
delay vector estimate, and U; is a convergence parameter. 
Simplifying eqn. (7) results in 

J5t == J5i + p .J[r(t)- s(t, if)] os(t,J) -) dt (8) 
I 0 /} "'-D; 

2 
where the convergence parameter P; = -u; . The 

N o 
derivative term in eqn. (8) is found to be 

Cl() 

8s(t ,JY) = _as_(t_-......:."[-==l~b_;_~_k (_t)_) 

Hence, eqn. (8) is rewritten as: 
T oo 

fJ,+ = .8;- - f3; J [r(t) - s(t - ~ iJ;; ~k (t))] 
0 k=l 

(10) 

The discrete form of eqn. (10) is 
N 

bt(n)= b-(n)-r, 1: [r(n)-s(n-J[(n)) 
1Fl 

"' 8s(n- J;- (n)) 
'l';(n) ,.. 

o(n-d;(n)) 
I 

(11) 

where J ;- ( n) = 1: b; ~ k (n) is the previous delay 
k=l 

estimate using only the first I transformed coefficients, 
<I> k ( n) is the Jlh wavelet coefficients, N is the complete 
data window size, and Yi is a convergence parameter. If I= 

N, then the complete orthonormal set is used to produce 
the delay signal. The wavelet transformation has an 
excellent energy compacting property [23]. This property 
means that few transformed coefficients will be needed to 
represent the signal while the rest of the coefficients will 
have negligible values. Hence, a very good replica of the 
original signal can be obtained by using these few 
coefficients. This means reduced amount of computation is 
required in the estimation process. 
Online time-delay estimation is performed by 
implementing eqn. (11) over a moving window of the 
received data r(n), where n is the time index of the present 
data. The data window includes M points, that is, the 
present data and the previous M-1 data points {r(n-M+ 1), 
... , r(n-1), r(n)}. Hence, eqn. (11) becomes 

n 
bt(n) =bi(n)-Y; L [r(m) -s(m-d/(m))] 

m=n-M+l 

<!>;(m) os(m-~~(m)) 
o(m- dz (m)) 

(12) 

where J5 ;+ ( n ) now signifies the ;th WT coefficient for the 
data block which starts at n-M+ 1 and ends at n. The 
estimated delay signal over the time window {n-M+ 1, ... , 
n-1, n} is obtained by the following formula: 

I 
J;-(m) = :Lb;~k(m) m = n-M+l, ... , n (13) 

k=l 

where the delay signal J.;- (m) can be evaluated only for 
m = n, or for any previous time down ton-M+ 1. Therefore, 
depending on how the window is moved, the delay 
estimate can be obtained online, by sliding the window by 
one point only. This means that the present window shares 
the latest M-1 data points with the previous window. The 
non-shared data point is the most recently received data 
point r(n) . Also, near-online delay estimate can be 
achieved by letting the present data window have the most 
recent I data points, where l<M. This represents an 
overlapping between adjacent windows by M-1 points. 
Block delay estimate can also be performed. This is 
achieved by letting the present data window have the M 
most recent data points. This results in non-overlapping 
windows. The resulting delay estimates may have 
discontinuities especially at interval ends. The near-online 
or block delay estimation can be used when processing 
time of the algorithm takes more than one sampling 
interval. 
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In the following section, the soft-thresholding technique 
used in the systolic architecture is discussed. The 
technique is adaptive and is based on Stein 's Unbiased 
Risk ·Estimate (SURE) [8]. Basically, this technique 
estimates certain threshold based on the data available. 
Any value below that threshold is considered zero and all 
the data above the estimated threshold remain unchanged. 
Using the SURE method, we double filter the data, first by 
applying the wavelet transform and then by applying the 
SURE technique. This technique can be implemented 
using the following: 

Assume C1 =ur and Ai =[x:t. where X 1 is a 
sorted array of the input data from 1... n. Let's define risk 
as the calculated weighted minimum value and T as the 
calculated threshold value. risk can be calculated using the 
following equation: 

risk ~n-2ti+[tx,' +C1A1 I, (14) 

k = min(risk) 
T=X(k) 

-{X; X; ~T} X . -
' 0 X; <T 

3. Algorithm Development 

(15) 
(16) 

(17) 

In this section, the algorithm that implements the wavelet-
based time-delay estimation is developed. The algorithm 
can be divided into four different blocks: The wavelet 
transform block, the inverse wavelet transform block, the 
soft-thresholding block, and the time-delay compensation 
block. The wavelet transform and the inverse wavelet 
transform are of the orthogonal type. The variables used in 
the algorithm are defined as follows: Sw and rw are the w-
length sending and receiving arrays, respectively, while 
dsdw, and tw are the w-length derivatives of the sending 
array and the estimated time-delay array, respectively. 
Step 1: Initialize Sw, rw, dsdw, and tw 
Step 2: Setup the following w-length blocks (i=1 for the 
first iteration) 

Sw = s[i:i+w-1] 
rw = r[i:i+w-1) 
dsdw = dsd[i:i+w-1] 
tw = t(i:i+w-1] 

Step 3: Compute the following: 
temp = rw- Sw 
temp = temp * dsdw 

Step 4: Perfonn the wavelet transfonn (FWT) where the 
qmf is the wavelet coefficients of a specific type and e is 
the convergence parameter. 

Dw = FWT (temp, qmf) 
Dw =Dw·e* Dw 
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Step 5: Apply the so:ft-thresholding technique. Lis a 
predefined parameter that specifies the number of levels in 
which the soft-thresholding is effective. 

Dw =soft-threshold <Dw. L) 

Step 6: Perfonn the inverse wavelet transform (IWT). 

Step 7: Prepare the output for the new iterations 

t-dfw = tw- dtw 
Sw = sin (it * t-dtw) 
dsdw =it * COS (it * t-dtw) 

Step 8: Repeat steps 3 through 7 until convergence occurs. 
Step 9: Repeat steps 2 through 8 for the next packet in the 
incoming signal. 

4. Systolic Architecture 

4.1 Architecture Description 
This section presents the systolic architecture that 
implements the online wavelet-based time-delay 
estimation algori.tlun using the maximum likelihood 
technique. The architecture shown in Fig. 1 is responsible 
for the computation of the main loop (steps 3 through 7) 
which is repeated either a fixed number of times or until 
convergence occurs. It is important to note that all 
operations of this architecture are performed in a pipelined 
fashion without any loss in time cycles. The inputs to the 
architecture are: Sw WhiCh is the generated Signal, rw WhiCh 
is the input signal (i.e., signal plus noise), dsd .. which is 
the derivative of the input signal, t., which is the·time, and 
qmf which is the Q-point orthononnal quadrature mirror 
filter coefficients. Coiflet-3 is chosen in the 
implementation of this architecture (Q=18). w is the data 
window size. The index i spans the range from 1 to N-w+ 1 
by L-point increments, where N is the number of samples. 
The output of the architecture is the w wavelet coefficients 
(w = 16), which are stored in the WC vector. Although the 
presented architecture is designed for the online scheme 
where L = 1, ifis also suitable for use in the other two 
schemes, namely, the block-wise (L =M) and the near-
online versions of the algorithm, where the window size 
can be any value between 2 and M-1. The systolic 
architecture shown in Fig. 1 is for Q = 18, w = 16 and L = 
I. Only 16 wavelet coefficients (w = 16) are considered in 
this architecture for simplicity of presentation and without 
loss of generality, since this architecture is readily 
extendible to any number of wavelet coefficients. The 
operation of this architecture is described in the following. 

The s .. , r .. , and dsdw inputs are fed to an add-multiply unit 
(AMU). The operation of the AMU is shown in Fig. 2. The 
output of the AMU is fed to the X shift register, which is 
partitioned into two 8-bit shift registers: X u and XL. Since 
the QMF filter type to be used is known and fixed, it is 
assumed that its coefficients are precomputed and stored in 
two systolic arrays specifically designed to perfonn 
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periodic convolution of the pre-stored filter coefficients 
with the input signal. These arrays are used to compute the 
forward as well as the inverse wavelet transforms. The first 
convolution array (CONV1) stores the mirror QMF filter 
which is obtained by applying the ( -1 i modulation to the 
filter. The second convolution array (CONV2) is a bi-
directional array, which stores the QMF filter coefficients 
and can be used in either the forward or reverse direction. 
The operations of the first and second convolution arrays 
(CONVl and CONV2) are shown in Figs. 3 (a) and (b), 
respectively. In these figures, D represents a delay register. 
When computing the forward wavelet transform, the input 
to CONVl is the Q + w sequence [xi6 x1 x2 .. . xi6 x1 x2 ... 
xi6 xi] and every other point of the last w points of the 
convolved output is taken to the WC register, constituting 
the last w/2 wavelet coefficients. The input to CONV2, 
which is used in the reverse direction, is the Q + w 
sequence [xi x2 ... x16 x1 Xz ... xi6 x1 Xz] and every other 
point of the last w points of the convolved output is fed 
back to the XL register, constituting the input signal for the 
next iteration. The convolution operation is performed one 
more time in order to get the first w/2 wavelet coefficients. 
In this iteration, the input to CONVl is (xs x1 ... x8 x1 ... x8 
xi ... x8 xi] and the input to CONV2 is [x1 . . . x8 xi .. . xs x1 
. . x8 x1 x2]. The first w/4 wavelet coefficients are taken 
from CONV2, whereas the next w/4 wavelet coefficients 
are taken from CONVl. The outputs of the WC and Dw 
vectors are fed to a multiply-add unit (MA U), which 
updates the Dw vector and stores it back in the Dw shift 
register. The operation of the MAU is shown in Fig. 4. 
Note that the Dw register is initially set to zeros. 

The contents of the Dw shift register are fed to a multiplier, 
which squares the values before entering the sorter array 
(S). The operations of the Sorter Unit (SU) and the sorter 
array are shown in Figs. 5 (a) and (b), respectively. Note 
that the m; 's are initially set to the largest negative value. 
The squared, sorted output is fed to the SS register and to a 
summer unit (shown in Fig. 6) to produce the cumulative 

j 

sorted sum of the inputs, that is, the value B1 = L X;
2 

. 
i=I 

Note that the SS register contains both the sorted as well as 
the squared and sorted values. These values are stored in 
the B register. The SS vector, the B vector, and the 4-bit 
counter output are fed to a MAU whose output is fed to an 
add-add unit (AAU) (shown in Fig. 7) to produce the risk 
factor (eqn. 14). The risk factor is fed to the same S sorter 
to find the minimum factor with its rank k (eqn. 15). The 
original value corresponding to this rank constitutes the 
threshold value T (eqn. 16). This value as well as the Dw 
vector are fed to a comparator in order to perform hard 
thresholding as illustrated in eqn. ( 17). The output of the 
comparator is fed to the X shift register in order to use the 
same convolution arrays to compute the inverse wavelet 
transform, which is explained in the following. 

The input to CONVl is the Q + w/2 sequence [x1 0 x2 0 .. . 
x4 0 xi 0 x2 0 ... x4 0 x1 0 x2 0 .. . x4 0 x1 0]. The zeros, 
which are needed in the upsampling process, are fed to the 
array via the MUX units at the input of each array. The 
input to CONV2, which is used in the forward direction, is 
the Q + w/2 sequence (0 XI 0 x2 ... 0 x4 0 XI 0 x2 .•. 0 x4 0 

x1 0 x2 . .. 0 x4 0 xi]. The last w/2 outputs of the two 
convolution arrays are added up via a summer to produce 
the input signal for the next iteration. The convolution 
operation is performed one more time in order to get the w 
time-delay coefficients. In this iteration, the input to 
CONVl is [xi 0 Xz 0 ... xs 0 xi 0 ... x 8 0 x1 0) and the input 
to CONV2 is [0 x1 0 x2 . . . 0 x8 0 x1 ... 0 x8 0 xi] . These 
coefficients are stored in the X shift register. 

This new X vector is used to compute the time delay. This 
is done via another AMU which accepts the tw, .0, and X as 
inputs, and outputs the time delay (times Q) values 
necessary to compute the updated Sw and dsdw vectors. The 
time delay generated by this AMU is fed to the zigzag-
shaped systolic array (shown in Fig. 8), which computes 
the sine and cosine of time delay values. It is important to 
note that the architecture of Fig. 1 implements the 
computation of these two trigonometric functions as an 
important special case under the assumption that the input 
is a sinusoidal signal. The general case is to have any input 
signal with its values pre-stored in a table. Then the 
process of updating the sw and dsd... vectors is through 
table lookup and performing linear interpolation. 

The zigzag-shaped systolic array consists of six multiply-
multiply-add units (MMA Us) , the operation of which is 
depicted in Fig. 9. The array on the left side computes the 
sine and the other array computes the cosine using the time 
series expansion of these trigonometric functions up to 
four levels. If better accuracy is needed, more MMAUs 
can be cascaded. The factorial constants need not be 
generated at each computation since they are pre-stored in 
the MMAUs. The output going downward in each array 
represents the accumulated sum, whereas the output going 
diagonally from one array to the other carries the time 
delay value and the corresponding power of this value. The 
output of the left-hand array (the sine array) is fed to the s,. 
shift register and the output of the right-hand array (the 
cosine array) is fed to the dsdw shift register via a MUX. 

4.2 Complexity Issues 
The systolic architecture shown in Fig. 1 uses minimum 
hardware components, which consists of nine shift 
registers of length w, two MAUs, two AMUs, one AAU, 
six MMAUs, one comparator, one sorter array, one 
convolution array, one bi-directional convolution array, 
one 4-bit counter, two multiplier units, one summer unit, 
and several MUXs and Dl\.1Xs. 

Since the addition and comparison operations are 
relatively inexpensive compared to multiplication, they are 
ignored in the comparison below. The architecture of Fig. 
1 requires 4Q + 5w + 10 floating-point operation (flops) 
per iteration to execute, whereas the MA TLAB program 
requires 3Qw + 7w + Q + 12 flops per iteration to execute 
on a Sequential Machine (SM). One flop is defined as one 
floating-point multiplication plus one floating-point 
addition. For the purpose of comparison, the number of 
flops per iteration is tabulated in Table 1 for two special 
cases. For the special case which is depicted in Fig. 1 
where Q = 18 (shown in Table 1), the architecture requires 
5w + 82 flops per iteration, whereas the sequential 
formulation requires 61w + 30 flops per iteration. For the 
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other special case shown in Table 1 where Q "" w,. the 
architecture requires 9w + 10 flops per iteration, whereas 
the sequential fonnulation requires 3w2 + 8w + 12 flops 
per iteration. In Table 1, the Speedup factor is defined by 
the processing time (in tenns of number of flops) in a 
single-processor machine divided by the processing time 
in the systolic processor of Fig. 1. 
The speedup in the computation using the systolic 
architecture is at the expense of the extra hardware used in 
this architectu:re compared with a single-processor 
machine. Another advantage of the systolic architecture 
other than the speedup is that when running the MA TLAB 
program on a sequential machine, MA TLAB requires 13 
"shift registers" to store the various vectors as opposed to 
the nine shown in the systolic architecture of Fig. 1. This 
difference comes from the fact that some vectors are no 
longer needed since the data contained in them is used as 
soon as they are generated, thereby, alleviating the need 
for storing them in registers. The systolic architecture 
presented in this section is simulated using MA TLAB. 
Figure 10 shows the results where a chirp delay is used. 
An optimum solution is achieved with a very few number 
of iterations (less than 100) as well as few numbers ofWT 
coefficients ( <16). The online version is also implemented 
and shown in Fig. 11. In both cases, Gaussian noise with a 
SNR. = 17dB has been added to study the effectiveness of 
the soft-thresholding technique used. The results shown in 
the Figures 10 and 11 indicate that the use of the WT and 
the soft-thresholding technique will improve the signal 
quality as well as the removal of the additive noise with 
the minimum numbers of coefficients. 

5. Conclusion 

This paper presents a systolic architecture with minimum 
hardware components for implementing the online 
wavelet-based time-varying delay estimation algorithm 
using the maximum likelihood technique. Although the 
presented architecture is designed for the online scheme, it 
is also suitable for use in the other two schemes, namely, 
near- online and block-wise versions of the algorithm. The 
architecture executes each iteration of the algorithm in 
0(4Q + 5w + 10) flops, whereas the sequential fonnulation 
requires 0(3Qw + 7w + Q + 12) flops. Two special cases 
were considered for comparison: when Q = 18, the 
architecture requires 0(5w + 82) flops per iteration, 
whereas the sequential formulation requires 0(61w + 30) 
flops per iteration, and when Q = w, the architecture 
requires 0(9w + 10) flops per iteration, whereas the 
sequential formulation requires 0(3w2 + 8w + 12) flops 
per iteration. The significant reduction of the 
computational complexity, which is achieved by the 
systolic architecture implementation of the online WT-
based time-delay estimation algorithm, improves its 
potential for real-time applications. · 

References 
[1] Al-Attar, F., "Simulation for Various Analyzing-

Wavelets," M.Sc. Dissertation, Department of 

A ustralian Journal of Intelligent Information Processing Systems 

197 

Electrical Engineering, University of Jordan, 
Amman, 1997. 

[2] Daubechies, I., "The Wavelet Transform, 
Time-Frequency Localization and Signal Analysis," 
IEEE Transactions on Infonnation Theory, vol. 36, 
no. 5,pp. 961-1005,1990. 

(3] Daubechies, I., "Wavelet Transfonns and 
Orthononnal Wavelet Bases," Proceeding of 
Symposia in Applied Mathematics, vol. 47, pp. 1-33, 
1993. 

[4] Daubechies I., Ten Lectures on Wavelets, 2nd edn., 
SIAM, USA, 1992. 

[5] Mallat, S.G., "A Multiftequency Channel 
Decompositions of Images and Wavelet Models," 
IEEE Transactions on Acoustics, Speech, and Signal 
Processing, vol. 37, no. 12, pp. 2091-2109, 1989. 

[6] Unser, M. and Aldroubi, A., "A Review of Wavelets 
in Biomedical Applications," Proceedings of the 
IEEE, vol. 84, no. 4, pp. 626-638, 1996. 

[7] Donoho, D., "Nonlinear Wavelet Methods for 
Recovery of Signals, Densities, and Spectra from 
Indirect and Noisy Data," Proceeding of Symposia in 
Applied Mathematics, vol. 47, pp. 173-205, 1993. 

[8] Meyer, Y., Wavelets Algorithms and Applications, 
1st edn., SIAM, USA, 1993. 

[9] Rioul, 0. and Vetterili, M., "Wavelets and Signal 
Processing," IEEE Signal Processing Magazine, vol. 
8, no. 4, pp. 14-38, 1991. 

[10) Vetterili, M. and Herley, C., "Wavelets and Filter 
Banks: Theory and Design," IEEE Transactions on 
Signal Processing, vol. 40, no. 9, pp. 2207-2232, 
1992. 

[11] Grossman, A. and Morlet, J., ''Decomposition of 
Hardy Functions into Square Integrable Wavelets of 
Constant Shape," SIAM J. Math, vol. 15, pp. 
723-736, 1984. 

[12] Mallat, S.G., "Multiresolution Ar,proximations and 
Wavelet Orthonormal Bases of L (R)," Transactions 
of the American Mathematical Society, vol. 315, no. 
1, pp. 69-87, 1989. 

[13] Sweldens, W., "The Lifting Scheme: A 
Custom-Design Construction of Biorthogonal 
Wavelets," Appl. Comput. Hannon. Anal, vol. 3, no. 
2,pp. 186-200,1996. 

[14] Trees, V., Detection, Estimation, and Modulation 
Theory, 1st edn., John Wiley & Sons, 1968. 

[15) Carter, G., "Time Delay Estimation," IEEE 
Transaction on Acoustics, Speech, and Signal 
Processing, vol. 29, no. 3, pp. 461-470, 1981. 

(16) Cain, G.D., "Fractional-delay Filters for Broadband 
Agile Applications," lEE PG E5 Adaptive Signal 
Processing Club, IEE, London, England, June 1998. 

[17] Jain, A., Fundamentals of Digital Image Processing, 
Prentice Hall, 1989. 

[18] Knapp, C. and Carter, G., "The Generalized 
Correlation Method for Estimation of Time Delay," 
IEEE Transaction on Acoustics, Speech, and Signal 
Processing, vol. ASSP-24, no. 4, pp. 320~327, Aug. 
1976 . . 

[19] Carter, G., "Coherence and Time Delay Estimation," 
Proceeding of the IEEE, vol. 75, pp. 236-255, Feb. 
1987. 

Volume 6, No.3 



198 

[20] Chan, Y., So, H. and Ching, P., "Approximate 
Maximum Likelihood Delay Estimate via Orthogonal 
Wavelet Transform," IEEE Transaction on Signal 
Processing, vol. 47, no. 4, pp. 1193-ll98, April1999. 

[21] Feintuch, P., Bershard, N. and Reed, F., "Time Delay 
Estimation Using the LMS Adaptive Filter-Dynamic 
Behavior," IEEE Transaction on Acoustics, Speech, 
and Signal Processing, vol. ASSP-29, no. 3, pp. 571-
576, June 1981. 

[22] Chan, Y., Riley, J. and Plant, J., "Modeling of Time 
Delay and its Application to Estimation of Non-
stationary Delays," IEEE Transaction on Acoustics, 
Speech, and Signal Processing, vol. ASSP-29, no. 3, 
pp. 577-581, June 1981. 

[23] Smith, J. and Friedlander, B., "Adaptive Interpolated 
Time-Delay Estimation," IEEE Transaction on 
Aerospace and Electronic Systems, vol. AES-21, no. 
2, pp. 180-199, March 1985. 

[24] Schulthesis, P., Messer, H. and Shor, G., "Maximwn 
Likelihood Time Delay Estimation in Non-Gaussian 
Noise," IEEE Transaction on Signal Processing, vol. 
45, pp. 2571-2575, 1997. 

[25] Fuchs, J., "Multipath Time-Delay Detection and 
Estimation," IEEE Transaction on Signal Processing, 
vol. 47, pp. 237-243, 1999. 

[26) Handel, P., "Frequency Selective Adaptive Time 
Delay Estimation," IEEE Transaction on Signal 
Processing, vol. 47, pp. 532-535, 1999. 

[27] Li, T., "Multipath Time Delay Estimation Using 
Regression Stepwise Procedure," IEEE Transaction 
on Signal Processing, vol. 46, pp. 191-195, 1998. 

[28] Haykin, S. , Adaptive Filter Theory, 3rd edn. Prentice 
Hall, 1996. 

[29] Namazi, N. and Lipp, J., "Non-uniform Image 
Motion Estimation in Reduced Coefficient 
Transformed Domain," IEEE Transactions on Image 
Processing, vol. 2, no. 2, pp. 236-246, April1993. 

[30] Shaltaf, S. , "Time Delay Estimation in Transformed 
Domain," 1st Communications Conference, March 
1996, Muscat, Oman, pp. 228-231. 

[31] Sipper, M., Evolution of Parallel Cellular Machines: 
The Cellular Programming Approach, Springer 
Verlag, 1997. 

[32] Kung, S.Y., VLSI Array Processors, Prentice Hall, 
1988. 

[33} Parhami, B., Computer Arithmetic: Algorithms and 
Hardware Designs, Oxford University Press, 1998. 

Table 1: Comparison of the number offlops per iteration. 

Q= 18 Q=w 

No. of No. of No. of No. of 
w flops flops Speed up flops flops Speed up 

(Fig. 1) (SM) (Fig. l) (SM) 

4 102 274 2.7 46 92 2 

8 122 518 4.2 82 268 3.3 

16 162 1006 6.2 154 908 5.9 

32 242 1982 8.2 298 3340 11.2 

64 402 3934 9.8 586 12812 21.9 

128 722 7838 10.9 1162 50188 43 .2 
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Figure 1: Wavelet-based time-delay estimation systolic architecture. 
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Figure 3: (a) The first convolution array (CONVl) and (b) the second convolution array 
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Figure 5: (a) The sorter unit (SU) and (b) the sorter array (S). 

Volume 6, No.3 Australian Journal of Intelligent Infonnation Processing Systems 



203 

Figure 6: The summer unit (l'). 
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Figure 9: The multiply-multiply-add unit (MMAU). 
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Figure 10: Chirp Delay Estimation: SNR = 17dB with window size of 16 data points. (a) Exact 
and estimate delay for WT coefficients. (b) The corresponding delay estimation error. 
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Figure 11 : Chirp Delay Estimation: SNR = 17dB with window size of one data point. (a) Exact 
and estimate delay for WT coefficients. (b) The corresponding delay estimation error. 
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