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ABSTRACT

Locating emitters by cross-correlating received signals to
compute their time-difference-of-arrival (TDOA) and the fre-
quency -difference-of-arrival (FDOA) requires that signal data
received at one platform be transferred to the other platform.
Often the data link used has insufficient bandwidth to accom-
plish the transfer within the time requirement, and therefore use
of data compression is needed. This paper outlines a useful
progression in compression techniques from those that consider
only mean square error to those that consider the true impact
on the estimated TDOA/FDOA accuracy. Within this context,
specific results are presented for two compression approaches
for TDOA/FDOA systems. The first is the application of
block-adaptive quantizers (BAQ) to the real and imaginary
parts of the complex baseband signa to be transferred. The
second uses a wavelet transform together with an adaptively
allocated set of quantizers; also, certain wavelet coefficients can
be eliminated with lower impact on the TDOA/FDOA accuracy
than expected from a mean-square quantization point of view.

1. INTRODUCTION

An effective way to locate electromagnetic emitters is to
measure the time-difference-of-arrival (TDOA) and the fre-
quency -difference-of-arrival (FDOA) between pairs of signals
received at geographically separated sites [1]-[3]. The meas-
urement of TDOA/FDOA between these signals is done by
coherently cross-correlating the signa pairs [2], [3], and re-
quires that the signal samples of the two signals are available at
a common site, which is generally accomplished by transferring
the signal samples over a data link from one site to the other
site. An important aspect of this that is not widely addressed
in the literature is that often the available data link rate is insuf-
ficient to accomplish the transfer within the time reguirement
unless some form of lossy data compression is employed. For
the case of Gaussian signals and noises, the results in [4] estab-
lish bounds on the ratedistortion performance for the
TDOA/FDOA problem and compare them to the performance
achievable using scalar quantizers, where distartion is measured
in terms of lost SNR due to compression. However, these re-
sults are not applicable when locating radar and communication
emitters because the signals encountered are not Gaussian.

The two noisy signals received are complex-valued base-
band signals given by
8(k) = s(k) +n(k)
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where s(k) and d(k) are the complex baseband signals of interest
and n(k) and v(k) are complex white Gaussian noises, each with
real and imaginary parts notated as indicated. The signal d(k) is
a delayed and doppler shifted version of s(k). The signa-to-
noise ratios (SNR) for these two signals are denoted SNR and
DNR, respectively®. To cross correlate these two signals one of
them (assumed to be S(k) here) is compressed, transferred to
the other site, and then decompressed before cross-correlation.
After lossy compression, signal S(k) has SNR of ANR,, and

the SNR after cross-correlation is given by
WT
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where WT is the time-bandwidth product (or coherent process-
ing gain), with W being the noise bandwidth of the receiver and
T being the duration of the received signa [3]. Note that the
post-correlation SNR is dominated by the smaller of SNR;, and

DNR. The accuracies of the TDOA/FDOA estimates are
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where B, is the signal’s rms (or Gabor) bandwidth in Hz,
Drms iSthe signal’s rms (or Gabor) duration in seconds [3]; we

1 SNR (non-italic) represents an acronym for signal-to-noise
ratio; NR (italic) represents the SNR for (k) .
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will refer collectively to these two signal parameters as the
signa’s“rmswidths’.

In this paper we present results for two different com-
pression approaches for TDOA/FDOA estimation. The first,
caled R/l quantization, applies block-adaptive quantizers
(BAQ) to the real and imaginary parts of the signal [7], and the
second uses a wavelet transform together with an adaptively
allocated set of quantizers[8].

A BAQ technique has been applied to the compression of
synthetic aperture array (SAR) signals [5], where block-
adaptive quantizers designed for Gaussian signals are applied to
the real and imaginary components. However, for the
TDOA/FDOA case considered here, the signal’s pdf is not
known nor is it expected to be Gaussian. Thus, first, we derive
bounds on the SNR performance of the BAQ technique when
applied to radar and communication signals and investigate the
impact on TDOA/FDOA estimation. Simulation results are
compared to these bounds to show that they are indeed viable.
Second, we develop a wavelet-based algorithm and demonstrate
through simulations that it outperforms the R/l quantization
approach for signals of interest. Finally, the wavelet-based
method is briefly discussed in a setting that considers a trade-
off between quantization and decimation for TDOA/FDOA
emitter location. This idea is generalized to the following: cer-
tain wavelet coefficients can be eliminated with less impact on
the TDOA/FDOA accuracy than expected from a mean-square
quantization error point of view.

2. R/l QUANTIZATION METHOD

The R/l quantization methods decrease the number of bits
used to represent signal samples by converting each sampleto a
form that is more coarsely quantized; this is done on a block-
by-block basis by scaling the real and imaginary samplesin a
block by scale factors g, and g;, respectively, and then
rounding to the desired number of bits. For analysis purposes
we consider that the compressed signal is unscaled before cross-
correlation. We consider two ways of scaling: (i) Multiply-
Scaling: multiplying the samples in a block by an appropriate
positive factor chosen to set to 1's al the non-sign hits of the
largest-magnitude sample in the block, and (ii) Shift-Scaling:
left-shifting the bits of the samples in a block by an amount
chosen to shift the most-significant 1 of the largest-magnitude
sample in the block into the MSB position. Thus, shift-scaing
is multiply-scaling with a scaling factor that is a power of two.

The quantized signal can be considered to haveaB=b+1
bit representation of the form S B;B,B3---By,, where S de-

notes the sign bit, . denotes the binary point, and the B/'s de-
note the b bits used to represent the magnitude. Then
sg =22 /12 is the variance of the quantization noise [6].

After scaling and quantizing the real part of $(k) , we get

St (k) =s¢ (K) + 1 (k) +e (k) /gy

where e, (k)is the quantization noise; a similar expression for

the imaginary part can be written. Using this and defining the
signal peak-to-rms parameters

_ max{]sr (k)[} B max{]g (k)[}

it is possible to show [7] that a, »a; 2 a for the signals of

interest and that the SNR of the complex signal after compres-
sion and decompression is bounded by

R, < SN— )

B¢
1+aZSNR§ z
2

From this we see that the degradation due to quantization
is more pronounced when SNR is large or when a is large (or
both); of course, when SNR is large a larger SNR loss might be
more easily tolerated by the system. Note that larger values of
a reduce the bound on the post-quantization SNR; large a cor-
responds to signals that are “peaky”— such as speech, while
small a corresponds to signals that are not — such as FM sig-
nals.

For multiply-scaling this upper bound can be very nearly
achieved. However, when using shift-scaling thereis no guaran-
tee that this bound will be even close to being achieved. Shift-
scaling can only assure that the scaled version of the largest
signal sample liesin [1/2,1), which leads to the lower bound

givenin

R £ N\R <L
B § q

1+4aZSNR§Z—j 1+a
3 o

These bounds can be used to establish bounds on the
cross-correlator output SNR with quantization that, together
with simulations, show that it is possible to reduce the quanti-
zation to B = 4 bits per real part sample and B = 4 bits per
imaginary part sample and suffer negligible reduction in output
SNR (see Figure 1) and in TDOA/FDOA accuracy (see Figure 3
discussed later). Fewer than B = 4 bits has been found to be
unsatisfactory due to the excessive nonlinearity of the quantiza-
tion. Figure 2 shows the theoretical and simulated results for
both the quantized and the nonquantized cases for a simulated
single-sideband signal with B = 4. For the case shownitisclear
that there is little impact on the output SNR; this is true in

9
g
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general when SQRZ2 P, /s é is kept higher than either SNR or
DNR. Thisis easily seen by recognizing that

11,1
NR, SR QR

q
so that the output SNR is

_ BT
NRec = 1 1 1 1 1

+ +
ANR QR DNR NRDNR SQRDNR

Thus, SNR is dominated by the lowest of SNR, DNR,

and SQR. Thus, when either (or both) of the signals has low
SNR, the additional impact of moderate quantization is neglig-
ble. If both signals have high SNR then even moderate quanti-
zation has a significant impact, but that is a case where perhaps
the degradation can be tolerated.

3. WAVELET TRANSFORM METHOD

The wavelet transform compression agorithm [8] consists
of breaking the signal into blocks of N =2P samples, applying
an L-level wavelet transform to each block for L<p (i.e., stop-
ping the cascade of wavelet transform filter bank stages at the
level where the filter outputs have Ng = N/ 2L elements),

grouping the resulting N wavelet coefficientsinto K = 2L sub-
blocks of Ng = 2P~ ' samples each, and adaptively quantizing

each of these subblocks. For the complex baseband signals used
here, this procedure is applied independently to the real and the
imagnary components.

The subblocks of the wavelet coefficients are formed
within wavelet scale levels as follows: the N/2 wavelet trans-
form coefficients from the first filter bank stage are grouped

into 251 subblocks of 2P L coefficients each, the N/4 wavelet
transform coefficients from the second filter bank stage are

grouped into 212 subblocks of 2P L coefficients each, . . .,
and finally the 2P L wavelet transform coefficients from the

last filter bank stage form a single subblock, and the 2Pt
scaling coefficients from the last stage also form a single sub-
block.

Each one of these subblocks is quantized with a quantizer
designed to achieve the desired level of quantization noise. The
choice of these quantizers is made easy by the fact that the
wavelet transform preserves energy; this property can be used
to show that the proper choice of the quantizer cell width is

given by
D= 12 p,
SR

where SQR is the desired signal-to-quantization noiseratio and
P, isthe power of the input signal x(n) (in this case, either

§ (k) or §(k)). Thus, to obtain a desired SQR, the quantiz-
ers {Q;,Q,,...Q, } should each have a quantization step size
given by D. Then the number of bits B, used by the k™ quan-

tizer is chosen to assure that the resulting quantizer covers the
range of the k™ subblock. Thisleadsto the rule

Bi=¢ (10g,| max{|wp |-log,D+1),

where the maximum is taken over the wavel et coefficientsin the
k™ block and the symbol & a means Athe smallest integer not

less than O that is larger than a ;@ this means that when the
expression in parentheses in the equation for By isnegative we
set Bk=0.

In addition to sending the quantized wavelet coefficients,
this scheme requires sending side information to the receiver
about the number of bits used for each quantizer as well as the
step size used. If the maximum number of bits used by any of
the subblocks is Bgy . then the allowable quantizers are those

that use between 0 and By, bits, for atotal of Bpng+1

different quantizers; the number of bits required to specify
which of these is used for a gspecific subblock is
log, (Bmax + 1) bits. Since this must be done for each of the K

subblocks, we require K 1og, (B, + 1) bits of side informa-

tion; side information on the quantizer step size also must be
sent, which will be no more than the number of bits to which
the origind signal is quantized (we have assumed 8 bits here).
So the total amount of side information is

Rsde=K X 10g,(Bpax +1) +8 (bits) .

Simulations have shown thét it is possible to limit B, to 7

bits.

In this approach, the wavelet transform is used together
with bit allocation to provide a means of reducing the number of
bits per (real or imaginary) sample with negligible degradation
of the TDOA/FDOA accuracy. This scheme accepts a specific
desired signal-to-quantization ratio (SQR) and #&tempts to
minimize the number of bits needed to achieve that SQR value.
In practice, the desired SQR can be set either (i) to be roughly
equal to the estimated SNR of the signal to ensure that the im-
pact of the compression on the TDOA/FDOA accuracy is neg
ligible, or (ii) to somefixed a priori value.

An agorithm parameter that can be adjusted is called By,
it is possible to set al values of B, , as determined above, that

are below some specified value B, to zero. This helps to
eliminate wavelet coefficients that contain only noise, and thus
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helps to reduce the amount of information that must be trans-
mitted. Increasing B, causes alarger number of coefficientsto
be set to zero and can therefore increase the compression ratio
with only asmall impact on accuracy.

The R/l quantization and wavelet compression methods
described above have focused on minimizing the mean-square
error (MSE) due to compression. However, because the godl is
to estimate TDOA/FDOA, the minimum MSE criterion is not
the most appropriate one because it fails to fully exploit how
the signd’ s structure impacts the parameter estimates. Because
TDOA/FDOA accuracy depends not only on SNR but also on
the signal’s rms bandwidth and rms duration (see (1)), com-
pression approaches that can reduce the amount of data while
negligibly impacting the signal’s rms widths are desired. Ac-
cordingly, one intent of increasing By, in the wavelet method is
to remove small wavelet coefficients that may contribute insig-
nificantly to the signal’s rms widths. The wavelet transform
approach is a natural tool to enable removing time-frequency
components of the signal that contribute very little to the sig-
na’s rms widths. These ideas are natura generalizations of
results we have obtained to determine the correct balance be-
tween quantization and decimation for data compression for
TDOA systems, which we present here to illustrate the poten-
tial for amore general wavelet-based approach.

We now investigate this trade-off between decimation and
quantization.  Assume that we quantize the complex signa
samples using 2B bits (B for the real part, B for the imagnary
part) and that we sample it at Fqcomplex samples/second. If
the signals are collected for T seconds, then the total number of
bits collected is 2BTFg. System requirements often specify a
fixed length of time, T, for the data transmission over the link at
arate R bitgsecond. Then the total number of bits collected
must be able to be sent over the link at rate R in no more than
link time T, ; thus, the constraint to satisfy is 2BTFs £ RT, .
Equivalently, if we define R=RT, /T as an effective rate and

assume equality in the constraint we get

R = 2BF;. ©)

Now consider that the recelved signals are filtered and deci-
mated to a bandwidth of W; (now Fg =W; for critical sam-

pling of the complex signals after decimation) and assume that
the signals- spectra are flat so that the two SNRs don’t depend
on W; . After filtering and decimation, the signal to be trans-
mitted is quantized using 2B bits per complex sample (B bits
for the real part and B bits for the imaginary part ). Theresult is
that the decimated and quantized signal has, from (2), a-
proximate SNR given by

SNR, (B) = L @

-2B
1+a? SNRg—

and the output SNR then depends on the filtered bandwidth
and the quantization level according to

Wi T
1 1 1
+ +
SNRy(B) DNR  SNRy(B) DNR

NNR(W, B)=

=W T NReit (B)
(5

where DNR is the SNR of a(k), the signal that is not quan-
tized. Using Equation (5) in Equation (1) gives a bound on
TDOA accuracy that depends on the bandwidth after decima
tion (W; Hz) and the quantization level (B bits), that is

1
3
1.8W2[T SNRe (B)

Using w = R2B from the Arate-bandwidth-bitsi con-
straint in (3) with Fg =W gives

st (B)® 18 R J_ [b3/ YN eff(B] (6)

where it is really the bracketed term that is of interest here,
since it shows the tradeoff between decimation and quantiza
tion. It is important to remember that (6) includes the rate-
bandwidth-bits constraint, so for a fixed R, increasing B neces-
sarily decreases W , and vice versa. The nonbracketed termin

(6) just scales the result up or down depending on the values of
the sygem parameters effective rate R and collection time T.
However, one impartant insight does come from the first term:
theboundon s, variesasthe-3/2 power of therate R; thus,

if you double the allowable rate you get amost three times
better accuracy, and if you quadruple the allowable rate you get
eight times better accuracy. The reason that increasing the data
rate improves the accuracy is because we have constrained the
time available to transmit the data, so increasing the data rate
allows an increase in the amount of information about the signal
that can be transmitted. Thisis an important insight into the
system design issues.

To compute the bracketed term in (6) we first compute
NRy(B) using (4). Then it is used in (6) to compute the

bracketed term for a particular set of values for the parameters
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a B, \R, and DNR. Plots of the bracketed term in (6) versus
B, parameterized by 4, SNR, and DNR reveal the proper way to
choose the optimal value of B; that is, how to tradeoff decima
tion and quantization.  Since the value of R does not affect
these curves, the optimal level of quantization is not set by the
allowable datarate. Instead, the optimal degree of quantization
is set by the interplay between the SNRs of the two signals and
the peak factor of the signal to be quantized. Once thislevel of
quantization is determined, the appropriate amount of decima
tion is defined by determining the allowable amount of band-
width by solving (3) for the sampling rate Fs given the allowable
data rate and the number of bits deteemined above. Figure 2
shows a plot of the bracketed term in (6) for the case of effec-
tive rate R=10 kbps, signa BW=100 MHz, origina B=8 hits,
a=5, SNR=20, DNR=20. The desired operating point is where
the curve is at a minimum; however, note that for this case the
minimum requires use of avery small number of bits, where the
theory of quantization used here breaks down. Thus, in this
case we would choose B=4 bits as the best operating point and
the signal would be decimated to 1250 Hz. For that choice the
resulting s; is 1.7 times lower than that for decimation only;

note that quantization alone can not meet the link requirements

for this case. If instead the signashad a = \/5 (eg.,and FM
signal), SNR=20, and DNR=20 the resulting s; would be

nearly 3 times lower for combined quantization and decimation
compared to decimation alone.

This investigation shows that compression algorithms that
balance quantization noise and the reduction of rms widths can
be more effective than just quantization. In other words, to
understand the performance of the wavelet technique we must
really consider how the quantization's zeroing of the
coefficients impacts the signals rms widths, and to improve its
performance we should seek to zero-out wavelet coefficients
that contribute insignificantly to the signal’s rms widths.

4. SSIMULATION RESULTS

Simulations are used to demonstrate the performance of
the wavelet transform using adaptive quantization method.
These simulations also made use of the compression-correction
method proposed in [9], in which prior to sending the com-
pressed signal it is cross-correlated with its original version and
the location of the peak of this correlation surface is then sent
to the other platform where it is subtracted from the peak loca
tions of the surface computed there. Such an approach is very
effective at removing bias imparted by the compression
method.

The results presented here are for the case of aradar pulse
train whose samples between pulses have been removed by a
pre-compression detection procedure; timing pointers are also
sent to allow reassembling the pulses into their origind timing
relationships. The pulse trains are complex baseband linear FM
signals having a pulse width of 4 ns and a frequency deviation

of £0.7 MHz, and consisted of 4096 samples generated at 4
MSPS using 8 bitgsample for the real samples and 8
bits/'sample for the imaginary samples. The signal that was not
compressed had an SNR of DNR = 40 dB; the signal that was
compressed had SNRs prior to compression in the range
\RI [10,40]dB.

The R/l quantization scheme used multiply scaling on
blocks of 128 samples and quantized the samples to 4
bits/sample for the real samples and 4 bits/sample for the
imaginary samples.

The wavelet transform method used a transform having
size of N=2048 and L = 8 levels. Thus, the number of sub-
blocks per transform was 256, each having 8 samples per sub-
block. Thevaues SQR=10dB and B, = 2 were used.

Figure 3 shows three plots. Each plot shows three curves:
no compression, wavelet transform (WT) compression, and R/I
quantization. The first two plots show the achieved TDOA
and FDOA accuracies, respectively, as a function of the com-
pressed signal’s S\R for the R/I and wavelet transform (WT)
methods. The third isa plot of the achieved compression ratios
vs. the compressed signal’s SNR. The impact of R/l quantiza-
tion on the TDOA/FDOA accuracies can be negligible when a
2:1 compression ratio (4 bit quantization) isused. The wavelet
method, however, can achieve a much larger compression ratio
but at the expense of about 25% larger TDOA error on but
virtually no degradation in the FDOA error.
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Figure 1: Bounds and Simulation Results for Output
SNR using R/l Approach
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Figure 3:Smudtions for TDOA/FDOA Accuracy
using R/l Quantization and Wavelet Method




