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Abstract

A technique for linear FM chirp signal detection on a
COTS Field Programmable Gate Array (FPGA) based
reconfigurable computing testbed has been implemented. The
scheme used for signal detection was based on a semi-coherent
method originated by Lank, et a[1]. The scheme developed
addresses, in an adaptive computing environment, the
detection of a family of signals that can be hard to detect at
reasonable false alarm rates. The techniques we have
demonstrated make it possible to enhance the detection and
measurement SNR by 10 to 20 dB (depending on signal pulse
widths and excursions) and to process incoming data through
hardware at real time rates in excess of 30 Million samples per
second. The semi-coherent technique for signal detection was
one of three signal processing schemes studied using analytical
models as well as Monte-Carlo type simulations. We have
illustrated the performance potential of Adaptive Computing
technology in high bandwidth data streaming applications. The
result was a powerful approach to rapid iterative ACS
algorithm analysis and visualization using popular commercial
tools and confirmation of resultsin end user preferred formats.

|. INTRODUCTION
Under the AFRL/DARPA Adaptive Computing Systems

detection on a COTS FPGA based reconfigurable computing
testbed. The scheme used for signa detection is based on a
semi-coherent method originated by Lank, et al[1].

The scheme we have demonstrated addresses, in an
adaptive computing environment, the detection of a family of
signals that can be hard to detect at reasonable false alarm
rates. When viewed by areceiver that ssimply looks for energy
in the frequency excursion band of interest the SNR (signal to
noise ratio) of many of the signals of interest are very low or
negative. Such signals are undetectable without further
processing. The techniques we have demonstrated make it
possible to enhance the detection and measurement SNR by 10
to 20 dB (depending on signal pulse widths and excursions)
and to process incoming data at real time rates in excess of 30
Million samples per second.

The semi-coherent technique for signal detection was one
of three signal processing schemes studied using analytical
models as well as Monte-Carlo type simulations. The
techniques were compared in terms of agorithm complexity
and parameter estimation performance. These studies were
aimed at defining the optimal operational boundaries of each
scheme versus defining which scheme was the best design
choice. Thiswill alow a reconfigurable design strategy to be
developed to exploit the full potential offered by the adaptive
computing architecture. These studies also established new

(ACS) “Reconfigurable Algorithms for Adaptive Computing"rapid closed form techniques for the calculation of expected
(RAAC) program, Sanders, A Lockheed Martin Co. igrocessing gain performance for an ACS based detection
investigating innovative algorithms that are applicable to t'éﬁproach. The agorithms were partitioned into FPGA
signal processing of digitized RF signals including electronigyementable segments and FFT accelerator implementable
warfare (EW) operations suitable for field programmable gadgyments. Matlab simulations of each technique were
array (FPGA) implementation. The latter has been identifigdherated as part of the trade off process. The semi-coherent
as one of the most promising enabling hardware technologiggection approach provides the best compromise of
for advanced adaptive computing system realization. Magtformance versus computational complexity, and thus FPGA
RF systems and in particular EW systems have two MaPfp area  The coherent detection approach, which uses
operational requirements: the detection of eIectromagnq“gmme matched frequency chirps, provides the best
emissions and the demodulation or measurement of t"@ormance overall though at substantial complexity and area
characteristics.  The criteria for assessing any particui&t. Thus, the semi-coherent approach is best stited for real-
algorithm design are thus based on performance with respagE and non real-time large file processing. The coherent

to these operational requirements as well as its efficiency Wilhroach is the best approach for close inspection and
respect to FPGA implementation. This paper describes tigasurement of specific signals.

implementation of a technique for linear FM chirp The semi-coherent method consists of two parts a

preprocessing step which involves a sample-by-sample

“This material is based upon work supported by thﬁ]ultiplication of the received signa with the complex

AFRL/Information Directorate under Contract No. F30602'98'C60njugate of a delayed copy, and an FFT spectral analyzing

0104. Any opinions, findings and conclusions or recommendations . s .
expressed in this material are those of the author(s) and do We have implemented the pre-processing step of this

necessarily reflect the views of the AFRL/Information Directorate” Scheme in an FPGA using and extending tools developed on
the (DARPA ACS) Algorithm Analysis and Mapping Tools

program, including coupling of data between Ptolemy (the

Zano 1 F1



design environment used for the Algorithm Analysis and
Mapping Tools program), Matlab and a DoD Signa
Processing Analysis package. The result was a powerful
approach to rapid iterative ACS algorithm analysis and
visualization using popular commercial tools and confirmation
of resultsin end user preferred formats.

We have illustrated the performance potential of Adaptive
Computing technology in high bandwidth data streaming
applications, using a hybrid FPGA and FFT data streaming
architecture to accomplish a function and data rates
conventionally achieved only in analog applications. From a
modular view, the results illustrate the ability of a single chip
ACS implementation to perform the core function of a 9x9
inch conventional analog digital technology module while
reducing power requirements from 70W to lessthan 3 W.

Il. PRELIMINARY ASSESSMENT OF FM SIGNAL
DETECTION TECHNIQUES

A. Comparison of FM Sgnal Detection Techniques

The most common paradigm for detection and
classification of an unknown signal in a noisy environment
consists of three processing stages: signal transformation, peak
detection, and parameter estimation. The main purpose of
transformation is to increase the signal-to-noise ratio and to
represent the signal in a domain where detection and
measurement can be made easier and more robust. Thisisthe
stage where most approaches differ from each other. We have
conducted a preliminary study of five approaches for detection
of liner FM signals and compared their processing
reguirements and performances for some selective cases.

To help clarify the following discussions, we consider the
following problem. The objective of each processing
approach considered here is to detect and perform waveform
measurements of pulse or CW signals described as

Aexp[j(uxt +Bt?)]  for t, <t < t,+T (1)

and th = NTpR

where A is the complex amplitude, w is the starting
frequency, B isthe chirp rate, T is the pulse width, and Tpr is
the pulse repetition period. Throughout this and next sections,
both frequency and chirp rate contain implicitly the factor of
21

For a rigorous evaluation, the performance must be
evaluated in terms of detection probability under a specified
false alarm rate and the accuracy of estimation for the four
most important waveform parameters (w, B, T, Tpr). Rather
than performing a detailed evaluation by applying such
rigorous criteria to all five approaches, the objective of this
preliminary study was to quickly identify one or two
approaches as the candidate for future design consideration
before arigorous treatment is applied.
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Unquestionably, the processing cost is one of the primary
considerations for selecting an algorithm for the basis of final
architecture design. The cost criterion was not only based on
the number of operations as estimated from simple
mathematical analyses or computed using MATLAB
simulations, but was also based on its efficiency for
implementation in FFT engines and FPGA.

1) Least Squares Method

This approach uses short-time FFT to transform the input
signal into the spectral domain. Similar to the generation of a
spectrogram, the FFT is applied on data collected from a short
time frame, which advances in time with some overlap. A
threshold detection is performed in each spectral profile to
determine whether asignal is present with a certain likelihood.
When such detection occurs in a number of consecutive
frames, the frequencies of the detected peaks are used to
determine the starting frequency and chirp rate of the signal by
means of linear regression, i.e., the least squares method. The
processing sequence of this method is shown in Fig. 1.

Short-time Least Squares Signal
}—> FFT — | Estimation _>< Parameters

Figure 1. Least squares method for detection and
estimation of FM waveforms.

Threshold
Detection

Input
Signal

With regards to processing requirements, the major
processing load of this method is in the short-time FFT step,
which is based on the following discrete Fourier transform:

Yk = Z Wy X(t#T,) exp(-jn) 2

where v, is the output of the k-th frequency bin for the m-th
frame, x(t) is the input signal in complex representation, w, is
the n-th coefficient of a window function, t,, is the starting
time of the m-th frame, 1, denotes the n-th point in the frame,
and w represents the (angular) frequency of the k-th bin. In
addition, the a-th power of |y is computed for each bin prior
to the next processing step where a is generally an even
integer.

The number of operations involved in each frame can be
approximated by

MirexNmax] Nempux 1092(Ne) + 3 + 0/2] ©)

where 1 < k < K number of frequency bins< FFT size
1< m< Mpa number of frames

1< n < N framesize=FFT size
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Nempix =6 number of ops per complex Hough transform is a data processing technique widely
multiplication used to enhance the detection of linear structures in image

data. This transform has the unique property in that it maps all
the points along a line in the original image domain into a
single point in the transform domain. Thus, in principle the
detection of the a linear structure becomes the detection of a

The values of these processing parameters need tosimgle point with an enhanced probability. In addition, the
optimized with respect to both the performance requiremedacation of the point in the transform domain can be used to
and processing efficiency. In particular, the value of the FEEtermine the distance and the slope of the line. Based on the
size,Nma Which controls both frequency and time resolutiongpservation that linear FM signals exhibit streaks of slant line
must be chosen in consideration to the signal bandwidth of g&gments in a spectrogrant is logical to exploit this
frame and at the same time in consideration to the hardwtehnique for detection of such signals.

speed performance factor. This approach also uses short-time FFT in the first stage to
The least squares estimation function in Fig. 1 is basedtoansform the time-series signal into a time-frequency 2D
the principle that the best estimate of the linear FM waveforepresentation.  The entire processing sequence of this
parameters (o, B ) is one that minimizes the following costapproach is schematically shown in Fig. 2. To reduce
function. processing load, the high-value data selection function in Fig.
2 uses a threshold to select pixels of large magnitudes prior to
Hough transform.

a =24,... power exponent of FFT output
magnitude

Q = Z P Gk - @+ 2Bty)? )
- o Input Short-time High-Vaue Hough
wherew,y is the measured frequency of thh bin in the [ Signal ]_' FFT ||| Datasdection] ) Transform_|
m-th frame, t, is the starting time of thexth frame, angy
is a weighting factor characteristic of the relative importance L P~ —— Soa
of each data point. In practice, the weightis made equal to Localization [T | Estimation _" Parameters

some even power of the amplitude (pg = ymd® Witha =2,
4, ...). Minimizing Q with respect taw and B leads to the
following system of linear equations from whighand 3 can
be determined. The requirement for short-time FFT function is the same as
the least squares method and is also the most demanding part
of this approach. The second most computationally intensive

Figure 2. Block diagram of the Hough transform method

Anw+AwpB =B ©) step is the Hough transform, which involves the following
Ay W+A»B =B, (6) computations.
where A= T3 Pk s A= 28 = 255 P tm For each input cell or pixelXn, Yn):
Poo= 227 Pkt I 2, V) >V
B1 = 2% Pk Wik B2= ZZ Pk Wk bt Then g = X cosg) + Y, sin(@,) @
i = int(py) 8
The number of operations involved in the computation of 24(1.K) = 4(i,K) + Q% Vo) 9)
these coefficients is approximately equalM@Nyex (0/2 +

9).
There are two major advantages of the least squares"‘_’here Xm andy, repre_sent -the Cartesian coordinates of a
method.  First, its processing is relatively efficient; angfll in the spectral domainy, is the threshold to control the
secondly, it can estimate chirp rate and starting frequertymnber of input cells to be computed, apds an independent
directly. However, this approach has a major drawback in tiyafiable whose range is determined by the range of all chirp
it is mainly useful for the detection and estimation of '&t€s of interest, andandk represent the indices of a cell in
dominant signal in the field. Its performance can be affectt¢ Parameter (transform) space. The number of operations

by interference from multiple signals if more than one signdduired for these computations is approximately equal to:
are of equal strength. Besides, its processing gain is the least

of the five approaches. 5K, euNo + MoresNore (10)

2) Hough Transform Method whereKox > k is the number of resolvable chirp rates,

Mnax IS the number of frames in the spectral dombig, is
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the number of frequency bins in the spectra domain, and
No < Myax Nimax 1S the number of input cells with value >y,

The minimum requirement for the peak localization
function is locate the highest peak in the 2D surface generated
by the output data. In general, the surface is smoothened first
by means of convolution with a 2D kernel to minimize the
effect of spurious noisy spikes on the true peak location. The
processing routine involves the following computations

Znax =0
for the row-loop
for the column-loop
z(XmYn) = ZZ V(AX,AY) Z(X-DX, Yo-Ay) (11)
It Z1(XmYn) > Zmax
Zoax = Z1(Xm)Yn)
peak index = (m,n)

(12)
(13)

where z;(XmYn) represents the smoothened surface.

The number of operations is approximately equa to
MiaxNmaxl (B + 1)(An + 2], where M IS the number of
columns and N is the number of rows of the 2D data, and
Ay and Ay arethe sizes of the smoothing kernel inthex and y
dimensions respectively.

With the proper choice of a control threshold, the
processing efficiency of the Hough Transform method can be
made to be nearly comparable to that of the least squares
method. One advantage of this approach compared to the
former is the capability to detect multiple signas if they are
well separated in the parameter space.  However, the
waveform estimation performance of this approach in the
presence of noise can be inferior to that of the least squares
method in terms of accuracy. The performance is aso
susceptible to interference from multiple sources if they are
close in the parameter space.

3) Wigner Distribution Function Method

Beside the short-time FFT, another well-known approach
to the time-frequency analysis of signals is based on Wigner
distribution function (WDF). The WDF is a hilinear
transformation which involves the Fourier transform of the
product of a delayed copy and the conjugate of an advanced
copy of the signd, i.e, X(ty - T/2) X*(tn + 1/2). Like the
short-time-FFT method, the WDF method also transforms the
time-series of asignal into afrequency-time 2D representation.
In particular, the WDF of a linear FM signa also exhibits
streaks of dlant lines in a spectrogram. For this reason, the

improve both frequency resolution and temporal resolution
simultaneously by adjusting the signal frame size, the WDF
method can achieve a higher frequency resolution by
increasing the frame size without degrading the temporal
resolution. Hence it is advantageous to use this method to
produce a sharper peak in the parameter space and to improve
the detection and estimation performance compared to the
second approach.

The following discrete pseudo-WDF expression is widely
adopted for computing the WDF of an input signal x(t).

y(tma m() =2 Wh X(tm - Tn/2) X*(tm + Tn/2) exp('] ('q{[n) (14)

where w, is a diding window used to smooth the cross
spectra arising from the bilinear transformation. The number
of operations required for is equal to:

MirexNmax [Nempx (1 + 1092Nmex ) + 20w (15)

where M IS the number of frames, Ny is the window
size, which is usually made equal to the size of FFT for
practical purpose, Newpix ( ~ 6) is number of operations per
complex multiplication, and &y, has a value of zero or unity
depending on whether a rectangular window is used or not.
The WDF process requires an extra amount of M, NmaxNempLx
operations in comparison to a short-time FFT process under a
similar condition. The number of operations is further
increased if a large size of N is used to improve the
performance. This has the benefit of improving the frequency
resolution in the frequency-time domain, which trandates to a
benefit of reducing the peak width in the parameter space; but
at the expense of processing.

Compared to the short-time FFT approach, the WDF
method has the advantage of providing an improved
performance in detection probability and estimation accuracy.
However, there are two major drawbacks. First, significantly
more computations are required, and second, its performance
is affected by cross-spectra in the generation of WDF if two
signals are correlated inside the window.

4) Chirp-Matched Filter Method

This approach exploits the classical matched filter concept
by using a bank of filters generated from chirp-waveforms [2].
The idea is to design the bank with a sufficient completeness
in the expected range of signal chirps so that any input signal

can be “de-chirped” by of one of the filters to become a
monotone signal. The latter can be then analyzed by means of
a traditional FFT technique. The output of this method is a 3D
representation with Cartesian axes in time, frequency, and

processing sequence of this approach is identical to that of
Fig. 2 except for thefirst step.

However, unlike the short-time FFT method which cannot
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chirp-rate. Fig. 3 shows the structure of the processing flow for
each input frame.

Chirp-Matched Filter Bank

Peak Detection
& Localization

Parameter

] Estimation

Input
Signal

Signal
Parameters

Figure 3. Flow diagram of chirp-matched filter bank
method.

The main processing load of this approach is consumed in
the first block of Fig. 4 where processing of a single frame
with each chirp filter involves the following computation.

Y(tm Bir @) = [ Z X(tm - T) eXp(-iBite’) exp(jetn) 1 (16)
The number of operationsis given by

I mexMimesNmax [Nempix (1 + 100Nmax ) + 3] (17)

where |, represents the size of the chirp filter bank, M
represents the number of input frames to be processed, and
Ny 1S the frame size.

Because this approach is based on matched filter principle,
one can achieve a nearly optimal coherent processing gain
using this approach. Therefore, it offers the best performance
in detection and estimation among the five approaches
evaluated here. Furthermore, it is also the most robust against
multiple-source interference. However, this approach is the
most  computationally  expensive. For  practica
implementation, it is necessary to control the number of filters
and the size of time increment to make the processing problem
manageable.

5) Semi-coherent Processing Method

The semi-coherent approach uses a nonlinear
transformation involving the product of the input signal with
the conjugate of a delayed copy of itself, i.e., x(t) x*(t-1)[3].
The output from this process will contain a monotone signal
with afrequency of (231) where T isthe delay time. Thisisthe
beat frequency between the signal and its delayed copy. Inthe
absence of noise this is equivalent to the output from a
perfectly matched chirp filter described in the above section.
Thus, the performance approaches to the coherent result as the
SNR increases. The chirp rate B can be determined
immediately by performing a FFT to the product sequence.

Once B is determined, we can estimate the value of wwith
one of the following two schemes. The first scheme is to
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exploit the phase of the output, which contains a frequency-
dependent factor. The second scheme is to de-chirp the input
signal with a filter constructed from exp[-jptY]. The
processing sequence of the second scheme, which was used in
the preliminary study, is shown in Fig. 4.

Complex
e
Input Complex - Peak B
Signal [~ Multiplication FFT Localization [T >| Estimation
eiptn2 | Signal
* Parameters|
Complex Peak W
Multiplication Localization Estimation

Figure 4. Flow diagram of the semi-coherent method

The main processing step in the semi-coherent approach
involves:

y(Tm- (W) = [ b2 X(tn) X*(tn - Tm) exp(-j (*ktn) ]2 (18)

Thus, for each delay T, the number of operations required
isgiven by

MirexNmax [Nempix (1 + 1002Nmax ) + 3] (19)

where the processing parameters are defined as before.

This approach is relatively efficient and is capable of
producing an accurate estimate of chirp-rate. The frequency
estimate is generally less accurate than other approaches as the
error in the chirp rate estimation can also propagate to the
frequency estimation. This approach is also susceptible to
multiple-source interference, which arises from the non-
vanishing cross-products in the first processing step. However,
this problem can be overcome with algorithmic design based
on a careful analysis of their mutual frequency relationship.
Care must be taken though, since at low SNR’'s signal
suppression can occur.

As shown in the next section, this approach appears to be
the most efficient in the preliminary evaluation and has (a less
though,) reasonable performance in comparison to other
approaches. Therefore, a more in-depth analysis has been
performed on this approach.

6) MATLAB Smulation Results

We have used MATLAB simulations to evaluate the above
five approaches. Two cases of input have been simulated in
this study. In the first case, the input contains a single signal
source with SNR = 0 dB. The main purpose of this part was to
study the processing load and the accuracy of waveform
parameter estimation of these detection techniques. In the
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second case the input contained three strong signal sources of d) Based on this study, the last two approaches in Table 2

comparable SNR’s. The purpose of this part was to get apear to deserved further evaluation. In particular, the chirp-

idea of how these techniques in their most basic form perfonmatched filter method had the best performance whereas the

under multiple-source situation. The signal sources were saimi-coherent method had the best computational efficiency.

the form: An increased focus was then placed on the semi-coherent
method. A more in-depth analysis of this method is presented
in Section III.

S(t) = Aexp[f(wt +BtP+@)] for t, <t <t,+T  (20)

angl= e Table2. Summary of the MATLAB summarizesthe

results of the two input cases

We show in Table 2 the results of MATLAB simulation of Processing Cost | Resultof Casel | Result of Case2
the above five detection approaches regarding the processing (Mflops) w2m B2 | wi2m p/2m
load (in terms of Mflops), and the results of frequency and Origina 1500 20.00 30.00 10.00
chirp rate estimation. Before any conclusion can be drawn, tg/#e,1 (S
foIIowmg points qegd to be considered to 'account for. NS s e o84 514 1978 130 973
study being a preliminary versus completely rigorous one: M ethod

Hough Transform 1.37 1545 2018 | 29.96 11.20

| Method
a) The results shown 'here are not based. on any statistegls s viahod 972 1620 2012 048 922
average. Each of them is regarded as a typical result out nf&f"p_Matched Ve 514 1975 2008 10.00
least three separate runs. Filter Method ' ' ' ' '
b) The starting point of the input coincides with the Semi-coherent 0.69 1619 19.97 3027 18.18
beginning of a pulse of the dominant signal. This assumption Mo
reduces the value oM, to unity in the processing
requirement of the last two approaches. This has the effect of
making the processing cost of these two approaches to appear
|ower by a factor of two or three_ ”l. SEM"COHERENT M ETHOD FOR FM SGNAL

DETECTION

c) The processing parameters for each individual method,
such as the size of FFT, the size of the peak-smoothing kernel,

and the number of de-chirping filters, have not bee& Probability Distribution Function (PDF) of

optimized. . .
Semi-coherent Processing Output
d) In the peak localization subroutine, the baseline algorithm d P

only searches for the cell with the greatest value. This If the probability distribution function (PDF) of the

algorithm does not work well in the case where multipRFocessing output is known for all possible values of input
signals are present. SNR’s, it is possible to predict the performance of the

processing system and hence to design optimal processing

parameters. In particular, we can use the PDF for noise-only
Summarizing the preliminary results: input to determine a threshold to control the probability of
false alarm and use this threshold and the PDF for signal-plus-
. . noise input to predict the probability of detection. As
a) In case 1 where only a smgle_sgnal was present, all f'éﬂ’@scribed earlier, the first processing stage of the semi-
methods performed very well (qualitatively comparable). coherent method involves a sample-by-sample multiplication
b) Based on the processing cost, these five methods carobthe received signal with the complex conjugate of a delayed
divided into two groups: (a) a low-cost group consisting of thwepy, followed by a Fourier transform. In this case, the PDF
least squares method, the Hough transform method and dhehe processing output is a function of three variables: the
semi-coherent method; and (2) a high-cost group consistingrfut SNR, the length of FFT integration, and the size of
the WDF method and the chirp-matched filter method. delay used for the conjugate part. In the following sections,

¢) In case 2 where three signals were present, the ch%ﬁ will show a rigorous derivation of the PDF, developed by
matched filter method appeared to be the most robust wherbgfs [4], and demonstrate some useful closed-form empirical
the semi-coherent method appeared to be the least robust2Paroximations to PDF-related parametric functions for
close examination of the latter revealed that the high valuePbgctical implementation.

3 (18.18) was due to a combination of two factors: (1) the

cro§§-product 'of two of the three' signals, and (2) the Theoretical Framework

deficiency of single-peak search algorithm. However, it needs

to be pointed out that in at least one simulation run, a correct

value off3 was produced by the semi-coherent method. The output of the first stage in the semi-coherent method
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involves

y(Tm- (W) =2 X(tn) x* (tn'Tm) exp(-j (*ktn) (21)

We assume that the input consists of a deterministic signal
and arandom noise:

X(t) = () + n(t) (22)

where s(t) is an analytical signal with amplitude A and n(t)
is a complex-valued, zero-mean, Gaussian noise. Therea and
imaginary parts of n(t) are assumed to be mutualy
independent, each with variance 0°>. Therefore the input
signal-to-noiseratio pj, is

Pin = A%(207). (23)

The probability distribution function (PDF) of  [y(Tpy, )]
for any given vaue of p;, can be derived from the result of

Tufts’ work[3]. His treatment leads to the following set ofdual, regardless of the value mf

2) Attributes of PDF and Empirical Models

The functionP(p) does not have a closed form and must be
computed numerically for each value mfand for each input
SNR. However, for practical purpose it can be approximated
by simple analytical functions for certain range @f. In
particular, in the limitp,, = 0, P(p) can be placed by a
Rayleigh function. This represents the probability distribution
of the output magnitude when the input is noise only.
Furthermore, for a wide range qf, > 0, P(p) can be
approximated by a Gaussian function with a unity mean. It is
important to point out that the variance of output distribution
with both signal and noise differs from the variance of output
distribution with noise only. In particular, for a wide range of
Pin, their ratio follows a straight line. Results from MATLAB
simulation (marked by asterisks) also confirm this linear
relationship. This property is different from Ricean statistics,
which is characteristic of random variables generated from
linear combinations of a sinusoidal signal and a Gaussian
noise. Although the Ricean distribution function can be also
replaced by the Rayleigh and Gaussian functions in the noise-
only and signal-plus-noise cases, their variances are always
For this reason, the

equations for computing the probability density of normaliz&gnpPirical formula developed by Albersheim to relate the

(T, @)l

_ 1 [poos(y) - 1J2 [psin(y)]? }
Al "

-k (a+h) (a-b)
RV = o) ¢ (24)
Tt
P(p) = j R(p.y) dy
o (25)

where R(p,y) is the joint probability densiﬂy of the

required SNR to probability of detection and probability of
false alarm [5] is not applicable in the semi-coherent case.

The output SNR can be computed with the above set of
equations. However, for a wide range pf, it can be
computed using the following simple empirical model.

Pot =Nspin /(C + Up,)  with 2<C< 4 (28)

The value ofC in this model depends d¥s andMp, and

magnitude and the angle of the complex-valued randdRwSt be determined empirically or computed using the
variabley(ty, «), andP(p) is the desired PDF, evaluated wittfquations ofP(p). Figure 5 shows the result of using this
respect to the normalized magnitysle The two parametes €mpirical model (solid line) in comparison with the result
andb are given by the following expressions. (marked by circles) obtained from a numerical integration of

P(p). The results of MATLAB simulation (marked by
a= _1(1+ L ) and asterisks), each based on®X0ns, are also in excellent
Nspin = 2Pin (26)  agreement with these data.
1 Ns-M,
b= = (=)
NSpin NS (27)

whereN; is the number of terms in the summation &
is the length of delay.

1 The phase angle of the semi-coherent processing output can be
used to estimate the frequency of the signal. Integration with respect
to the normalized magnitude will produce the PDF of the phase
angle, which can be then used to predict the accuracy of frequency
estimation.
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Figure 5: Output SNR as a Function of Input SNR
Computed by Means of Empirical
Approximation and Numerical Itegration

B. Computations of Input SNR and False Alarm
Threshold

The following treatment provides a mathematical
foundation for the derivation of a simple algorithmic routine to
predict the minimum SNR and to determine the threshold that
can satisfy pre-specified probabilities of detection and false
aarm (Pp, Pga).

When the signal is absent, we use the Rayleigh distribution.

Pea = exp[-y7/(20,7)] (29)
wherey isthe false alarm threshold
y=0a[-2 In(Pea)] V2 (30)

= 01(2%p)
where p = [-In(Pe)] *

When the signal is present, we use the Gaussian

distribution.
Po~0.5[1- erf(u)] (3D
where u = V/(2Y20,) - pou? (32
It follows that
u= (01/ 0—2)p - poutll2 (33)
pout: [(Ol/OZ)p - U]2 (34)
= Nspin /(C + Upin) (35)
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Finally the required input SNR can be expressed as

pin= (0" - 1)/C (36)

where q is the positive root of a,g° + uq - (a;+p) =0 and
a,=Ng"%/C.

The above equations can be used to compute the required
SNR for a given set of (Pp Prn). To expedite this
computation, we have developed a fast routine to determine u
for any given Pp, i.e.,, compute the inverse function of Pp =
0.5[1- erf(u)].

C. MATLAB Demonstration of Detection and False
Alarm Performance

We conducted two experiments to demonstrate the validity
of the above empirical models using MATLAB simulation. In
each experiment, a tota of 10* simulation runs were
performed. In the first experiment, we used a constant
threshold derived from the above empirical method. The result
is presented in Fig.6. The solid curves in Fig. 6 show the
empirical PDF's of the processing output magnitude for both
noise-only input and signal-plus-noise input. The asterisks
represent the MATLAB results. The threshold used for
limiting the false alarms is also indicated in this figure. The
simulation shows a slightly high®, but also a slightly higher
Pra. The difference is not significant considering the small
number of runs used in the simulation, although it may suggest
that the threshold as calculated from the empirical method is
slightly lower.

Results Using Semi-Empirical Model and MATLAB Simulation
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Figure 6: MATLAB Simulation Result and the Empirical
Models of PDF for Semi-coherent Processing Output

In the second experiment, we varied the threshold and
measured th®p and Pr, respectively. It was shown that the
model predictions were in excellent agreement with the results
of simulation.
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IV. FPGA BASED IMPLEMENTATION OF LINEAR FM
CHIRP SIGNAL DETECTION

A. Basic Implementation

Figure 7 illustrates the primary elements of the
demonstration. The demonstration was built on a SparcStation
30 with PCl bus. The demonstration utilized Annapolis
Microsystems Wildforce module (FPGA) integrated into the
workstation and adaptive computing Ptolemy tools [6]
developed by the DARPA funded Algorithm Analysis and
Mapping Environment (AAME) program for the GUI and
implementation aspects of the demonstration. Preparation of
this demonstration clearly illustrated the powerful capability
and versatility of these tools in allowing a rapid turn around
from concept to an adaptive computing hardware/software
implementation.

The basic demonstration supported the original design goal
of a 25MHz bandwidth, supporting operation at 25
M Samples/second for the complex data (I, Q pairs) of linear
FM chirped signals (maximum rate achieved was 40 MS/s as
discussed below). The signals were detected by correlating the
incoming signal against a delayed copy of itself and looking
for resultant constant differential tones. The

Four signal generators were provided and combined.
These elements were implemented as Ptolemy stars. Three of
the generators produced periodic signals. The fourth generated
band limited analytic white noise. The demonstration chirp
rates were chosen to provide an interesting range of chirp rate
excursions and pulse widths. Chirp Rates ranged from
300K HZ/us for the slowest which represented between the first
and second bins in the output FFT to 2.3MHz/us which at the
widest excursion provided for the near minimum pulse width
handled of 10us

The FPGA segment was implemented in an Annapolis
Microsystems Wildforce board in two configurations, each
developed using the Adaptive Computing System tools [5].
One configuration used a single processing element (PE)
FPGA while the other used al five FPGA PEs on the
Wildforce board. The single PE implementation was the first
hardware implementation of the demonstration. This
implementation, which ran at 35 MHz, required five clock
cycles per 1/Q sample pair due to the seria implementation
required by the PE for all input/output operations as well as
the algorithm computations. The use of multiple PEs was the
second implementation.  This required the development of
crossbar and systolic interconnect modeling techniques by the
Algorithm and Analysis Mapping Tools Program. This

Constant Frequency
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- mATLAB. :J |
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Figure 7: Linear FM Detection

presence of a tone indicated the presence of a chirped signal.
The approach provided semi-coherent detection integration
across the overlapped delayed and incoming signal. The
algorithm was decomposed into FFT and non-FFT
components. The non-FFT components were implemented in
the Wildforce FPGA while for the demonstration the FFT was
implemented on the workstation. The demo used 2 FFTs
overlapped 50%. The FFT outputs drove a waterfall display
showing the chirp rates.
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implementation achieved a 40 MHz processing speed and
required one clock cycle per 1/Q data pair, resulting in the
ability to stream data from memory on the Wildforce board at
40 MS/s. Thisrate far exceeded the original design goal of 25
MS/s.  Actual testing therefore included running the
demonstration up to the achieved rates of 35 MHz and 40
MHz, the latter also equaling the 1/Q pair sample rate. The
FPGA based functions were designed to handle 16 hit data.

The development tools used Ptolemy “stars” (function blocks)
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and the tool's scheduling capability in a synchronous data flakvectly related to the chirp rate multiplied by the duration of
(SDF) domain to transfer the data to and from the Wildfortiee delay. The FFT applied to the FPGA circuit output
module. The Wildforce board used a driver developed by tbeherently integrated the resultant tone over the length of the
Algorithm Analysis and Mapping Tools Program to interfaceFT thus significantly enhancing the detection SNR over that
with the Ptolemy environment. The size of the data blook thresholding single incoming 25Ms/s samples. The chirp
transferred for the final demonstration was chosen as 4Kréde was assumed to be bounded but unknown. This circuit
demonstrate full rate processing with rapid graphic outpetuld handle signals with a range of parameters spanning pulse
display generation. Larger data sets (e.g. 65K) were usedth, chirp rate and frequency excursion. FFTs were operated
during the development stages for timing and validations witlith an overlap of 50%. The overlap ensured that as long as
MATLAB and a DOD signal processing library packagehe overlapped signal was 1.5 times as long as the collection
These data blocks were transferred into the PE associdie for the FFT then one of the FFTs would be able to fully
memories on the Wildforce board, processed at full rate antegrate the resultant tone signal. The FFT size was chosen as
transferred out to PE memory and then returned to a file on 128 points for flexibility and speed of implementation and to
workstation. The demonstration transferred data in and outchfinnelize the incoming band into frequency bins suitable for
workstation files using the PCI bus connector. chirp detection. For example, for a data rate of 25MHz, the

The components of the FPGA implementation included thddth of the frequency bins result in 25MHz/128 or
delay element, a complex conjugator and a complex multipli@PProximately 200KHz.
The delay was set at 25 1Q samples. The minimum delay wasThe waterfall display provided a spectrogram view of the
established by providing just enough delay to make tpeocessing results displaying chirp rate space as a function of
differential tone appear around the second bin of the outpiute. In a production system thresholding at the FFT output
FFT for signals at the slowest chirp rate. The maximum delaguld likely replace the waterfall display, but that is a system
was established by ensuring that at the minimum expectgebcific design issue. The ability to zoom was provided.
pulse width that there was guaranteed to be at least one full set
of overlapped pulse data processed by the FFT. The size of ) ]
the FFT (number of points or number of input samples) aRd Summary of Results and Discussion
amount of overlapped FFT processing also factored into theseThis research and demonstration explored new algorithm
considerations. A production system might employ a bank Qfyctures for the detection and characterization of unknown
different delays and replicas of the complete FPGA circuit tthough bounded) chirped FM signals that exploit adaptive
process a wide range of chirp rates in parallel. A productiggmputing coupled with a structure suited for high rate FFT
system would be expected to implement the FFT usingpgcessing engines. The techniques illustrated provide the
COTS FFT accelerator module. capability to enhance the detection and measurement SNR by

The FPGA segment was initially implemented in Ptoleniy0 to 20 dB (depending on signal pulse widths and excursions)
stars (simulation only) to allow testing of the other Ptolemwhile processing input data at real time rates up to 40
elements of the demonstration. The Ptolemy hardwdvamples/Second - the below Figures 9 and 10 illustrate a
description, which used four multipliers, an adder and n@isy chirp signal and the resultant clear tone detection. The

subtractor as shown in Fig. 8 below, was then developed. resultant demonstration has illustrated the performance
potential of adaptive computing technology in high bandwidth

data streaming applications, using an efficiently structured
_ Fised Poisl Imphementation al algorithm implemented in a hardware (FPGA) accelerated
Tedypesl Ciomiphy Corgugane Wby . . . . .

environment. This demonstration also provided a rich
- . platform for experimentation and critical advancement of
uaarature
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Figure 8: Ptolemy Hardware Description

The Algorithm Analysis and Mapping program ACS tools
were then used to generate VHDL code from this hardware
description for placing and routing on the FPGA PE(s). The
Wildforce driver developed for the ACS tools was then i : ;
substituted for the Ptolemy algorithm section, allowing for Figure 9: Input Chirp Signal (with noise)
FPGA communication and accelerated processing.

The FFTs processed the output of the delayed and
correlated incoming data stream. This output was a tone
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Figure 10: Tone (Chirp Signal) Detection

The single Widlforce PE (FPGA) implementation achieved
a board processing speed of 35 MHz and required five clock
cycles per 1/Q sample pair due to the seria implementation
required by the PE for al input/output operations as well as
the algorithm computations. The multiple (all five on
Wildforce board) PE implementation ran at 40 MHz and
required one clock cycle per 1/Q data pair, resulting in the
ability to stream data from memory on board the Wildforce
board at 40 M Samples/Second. The data size handled was 16
bit.

Ptolemy software (hardware simulation) and actual
hardware implementations of the algorithm for detection of
chirped FM signals were verified using MATLAB. A separate
DOD signa processing package was also used in the
verification process. The ability to accomplish this multiple
platform validation provided high assurance of the techniques
developed and validated the demonstration architecture.
Using the same input chirp 1/Q data set, the output values from
a MATLAB simulation of the algorithm were verified to
match those produced from the Ptolemy software and
hardware implementations.  Figures 11 and 12 below show
MATLAB spectrograms of an input chirp signal and the
corresponding MATLAB output simulation. The MATLAB
spectrogram of the FPGA hardware output matched that of the
MATLAB smulation output, showing proper hardware
algorithm implementation.

Figure 11: MATLAB Spectrogram of Input Chirp Signal

Frequency
(50 KHz per Unit)

Time (full scale - 0.2 ms)

Figure 12: MATLAB Spectrogram of Output from
MATLAB Simulation

C. Potential Usein an External Environment

The techniques used in this demonstration for detecting
chirped signals would provide a high probability of detection
for the chirped signals at relatively inexpensive processing
cost. The techniques demonstrated will also provide a level of
detection for phase shift keyed signals and can be adapted for
some cyclo-stationary signals. This technique also provides a
reasonable level of discrimination against interfering signals of
other types. It does not provide a thorough means of
discrimination against other signals. To achieve higher levels
of fase darm discrimination additional processing may be
required to remove such signals as CW signals. In general,
low level short pulsed signals will not interfere since they will
not integrate in the detection process. High level pulsed signals
could interfere and must be considered. Inter-modulation
products will be generated in a dense signal environment and
must also be considered. A production system must provide
the additional techniques needed to discriminate against these
interfering signals. The specific kinds of discrimination to be
used would be a function of the likely interferors in the signal
bands of interest for the specific system. The approach
demonstrated is very compatible with such techniques and can
accommodate them in a production system.

Frequency
(50 KHz per Unit)
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