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Abstract—Performance assessment (PA) provides an important the use of adaptive processing in OTH radar. The adaptive

tool for radar system evaluation. In addition to allowing compar-
ison of different signal processing algorithms and sequers on a
near real-time or synoptic basis, it can also allow determiation
of the performance envelope of the radar system by defining &
surveillance area over which the system is routinely expeet to
detect targets. The use of operational PA metrics for overkte-
horizon (OTH) radar is typically limited by the availabilit y of
truth data, real targets, and real-time signal processing apacity.
This paper presents a computationally efficient PA module
suitable for real-time operational use. The PA module usesys-
thetic targets to calculate detection and false alarm probhilities,
which are used to estimate a novel “probability difference”(PD)
metric. The PD metric provides several advantages over recesr
operating characteristic (ROC) derived metrics, and allove the
ability to explicitly incorporate target location accuracy. The
amplitudes of the synthetic targets are selected to obtaineliable
detection statistics while reducing their effect on the sigal
processing. The PA module is demonstrated in the context ofear
real-time selection of adaptive processing algorithm apppriate
for the prevailing radio frequency interference conditions.
Index Terms—ignore

I. INTRODUCTION

High frequency (HF) skywave over-the-horizon (OTHfan produce

processing algorithm vyielding best target detection and
tracking performance is dependent on the prevailing noise
and interference conditions. Spatial adaptive proceqSd)

with spatial degrees of freedom is used to cancel sidelobe
RFI [3], while time-varying SAP (TVSAP) is used to cancel
non-stationary sidelobe RFI [4]. Range adaptive procgssin
(RAP) with range (fast-time) degrees of freedom is used
to reject range correlated RFI incident through the receive
antenna beam (“main beam” RFI) [5]. Space-time adaptive
processing (STAP) [6] with spatial and range degrees of
freedom is used to simultaneously cancel sidelobe and main
beam RFI.

Although adaptive processing effectively mitigates
interference and noise, it can impact upon target detection
primarily in three ways. First, since adaptive processing
training data is typically selected using amplitude thrédimg
to preclude targets and clutter, low SNR targets can be
included in the training data, and hence become attenuated
with the interference and noise. Second, adaptive praugssi
“target copy” [3], where targets and/or

radar uses the ionosphere as a propagation medium, allowiogospheric clutter (e.g. meteors, spread Doppler clutter
the detection and tracking of targets at ground ranges ape copied into other surveillance beams (or ranges) from
to 3000 km [1]. The raw data recorded by a unifornsidelobes in the adaptive beam (range) pattern. Third,esinc
linear array of receiving elements is matched filter (rang€TH radar targets are typically oversampled in Doppler,
processed, beamformed and Doppler processed to prodemege and beam due to the combination of radar parameter
conventionally beamformed (CBF) azimuth-range-Doppleelection and the use of data windows to control sidelobe
(ARD) data. Constant false alarm rate (CFAR) [2] processirigakage in each dimension, different target ARD cells may
is applied to whiten the CBF data to provide input to the targbe processed using different adaptive processing weights,
detector, and the resulting detections provide input to tip®tentially leading to target position estimation errots.
tracking system to produce target tracks. The performaificeis therefore critical that adaptive processing perforneanc
OTH radar may be degraded by the external HF interferenassessment techniques explicitly incorporate measursmen
and noise field, which is often spatially anisotropic andf target attenuation, target location accuracy, and targe
temporally non-stationary. While every attempt is made tetection performance (i.e. ability to discriminate betwe
select clear frequency channels, it is impossible to cotaple false alarms and detections).

avoid radio frequency interference (RFI) since natural RF

sources (e.g. lightning) and transmissions from other HF This paper presents a near real-time air-mode operational
users may overlap the receiver bandwidth intermittently aradaptive processing performance assessment and selection

unpredictably.

(PAS) module for OTH radar. Section 2 describes OTH radar
PA metric limitations, while section 3 describes existing

The HF interference and noise environment motivat€3TH radar PA metrics and their applicability for adaptive



processing PA. Section 4 introduces the probability déffere modelling truth targets unsuitable for near-real-time PA.
(PD) metric, while section 5 describes the use of the PD

metric in the PAS module. Section 6 uses JORN data to4) synthetic target injection: injecting artificial targahto

compare the results obtained using PD and existing PA real radar clutter and noise data. This suffers from

metrics. the inability to simulate the properties of the target

echoes [11]. For instance, it is difficult to simulate the

spatial signature of a real target due to the difficulty

[l. OVER-THE-HORIZON RADAR PERFORMANCE in measuring signal wavefront distortions and array

ASSESSMENT manifold errors. This is a problem when assessing

o . ) , spatial adaptive processing performance for main beam
There are a number of limitations in developing operational RFI, as the difference between the actual and simulated
performance assessment (PA) metrics for OTH radar. The  gpqiiq| signatures can result in an overestimation of the

major limitation is the Ia(;k of truth data available for performance of spatial adaptive beamformers.
verifying that radar detections correspond to real targets

rather than ionospheric clutter, signal processing artisfge.g. The adaptive processing performance assessment and

§|delobe target,. adaptlve_prgcgss.lng target copy),_orermmd selection (PAS) module is required to select the apprapriat
interference artifacts. This limitation may reduce in figtuas . . . . : :

: ) . . daptive processing technique in near real-time without
more air and ship targets are instrumented with automafgr ot around position truth. Given the above considenatio
dependent surveillance-broadcast (ADS-B) and automal g€t 9 b ' ;

C . L .
identification systems (AIS), respectively. However, ewstin zy?i?f?grt?;%?frgi;?g IE :SEd PA appears the only feasib
this instrumentation, the number of available real targesy P '
be insufficient to produce statistically reliable near +ixale

PA metrics. The OTH radar PA scheme described by [11] randomly

injects synthetic targets into dwells of real radar datae Th
targets allow the estimation of the probability of detestio
A{d false alarm as a function of detection threshold, atligwi
receiver operating characteristic (ROC) curves [12] to be
computed. This PA scheme was demonstrated by assessing
1) target tracking: tracking results provide a reliablghe performance of a meteor excision algorithm using 10000
basis for comparing signal processing algorithms [7§ynthetic targets. This large number of targets was deemed
However, in addition to uncertainty regarding theyecessary to achieve sufficiently low estimated probabilit
practicality of some tracking performance metricgariances. Further, each target is inserted one at a time to
[8], tracking requires a pre-defined number of radajvoid the targets affecting the processing, requiring each
dwells for track initiation [8], and often requires usemprocessing sequence under assessment to be reapplied for
intervention [8,9], thereby making tracking systemgach inserted synthetic target.
unsuitable for near real-time PA.

There are a number of alternative approaches that h
been applied for OTH radar PA:

Given the limited computing resources available and the
2) ground truth targets: measurement of the performanggar real-time requirement for the PAS, the OTH radar PA
of the radar detection system using observations gtheme of [11] is impractical. Despite this, a similar schem
a live test target whose ground position is knowRas been successfully developed, as described in section V.
under operationally significant conditions [7,10].
This requires target observation over a sufficient
time period, during which the external environmental Ill. PERFORMANCE ASSESSMENT METRICS
conditions, target dynamics, and radar system mustThe relative performance of different signal processing
remain approximately stable, thereby making grounsequences (hereafter processors) can vary on a beam-by-bea
truth targets unsuitable for near-real-time PA. Therand dwell-by-dwell basis due to the spatially anisotropid a
is also the need to discriminate the target from othéemporally non-stationary nature of the HF RFI environment
targets in the surveillance region, and to exclude thesdthough it is feasible to use the output from the best
other targets from the analysis as they may corrupt thperforming processor for each beam (or beam/range) and
measurement. dwell, this can prove problematic. The use of different
processors for each beam (or beam/range) may exacerbate
3) radar-propagation-environment-target system mauglli target position errors as different target ARD cells may be
this approach suffers from the inability to accuratelprocessed using different processors. The use of different
represent the detailed temporal and spatial scalpsocessors for each dwell may exacerbate target tracking
of many aspects of the problem necessary farrors as the detection and false alarm statistics may \ary f
detailed analysis [7], and typically requires significanéach processor. As a result, the PAS module should select one
computational processing capacity, thereby making suphocessor that yields best performance over all survaiflan



Metric Target Target Target .
attenuation accuracy detection gain for all targets.

Noise level No No No . . . . . .
Synthetic target Yes No No This metric yields information on target attenuation, but
5 SL\IEI\?SIH _ . . . does not yield information on target location accuracy or

ea gain es (o] o .

Niss distance No Yos No detection performance.

Probability of Yes No No

detection/false alarm )
ROC curve Yes No Yes C. Peak SNR difference
Probability difference Yes No Yes . . . .
Extenci/ed ROC Yes Yes Yes In OTH radgr, peak.detecnon is a.ppl|ed py fmdlng'all
curve ARD cells with amplitudes exceeding their immediate
EXte'qu?d probability Yes Yes Yes neighbours. The peak positions = (d;,r;,b;) and SNRs
iference N

s; are estimated using an independent interpolation across
each ARD dimension using the peak cell and its immediate

TABLE | neighbours.
OTH RADAR PERFORMANCE ASSESSMENT METRICS AND THEIR ABILITY

TO INDICATE TARGET ATTENUATION, TARGET LOCATION ACCURACY, AND N .
TARGET DETECTION PERFORMANCEEXTENDED ROC CURVES AND PD The peak positions and SNRs can be used to estimate

REFER TO THE USE OF VARIABLE DETECTION GATE SIZE the SNR difference between two processors. This can be

achieved by associating peaks from different processors

(peak-peak association), and calculating the SNR diffezen
[Lor all associated peaks. Peak-peak association is coatgdic

the difficulty in verifying that the peaks correspond talre

gets. The peak widths estimated during peak interpolati
can assist in this process. For synthetic targets, the SNR
difference can be calculated by locating the peak closest to
Bach target (target-peak association), and using the pe&k S
%s the target SNR estimate. The SNR difference between the
two processors can then be estimated by calculating the mean
or median SNR difference for all synthetic targets.

beams and multiple dwells. We therefore require a tempporal
stable scalar PA metric representing processor performar%gr
over all surveillance beams.

The following subsections describe different real-tim
OTH radar PA metrics. The ability of these metrics t
evaluate target attenuation, target location accuraayianmet
detection performance is summarised in Table 1.

This metric yields information on target attenuation, but

i . it does not yield information on target location accuracy or
OTH radars routinely measure environmental performanggeaction performance

metrics such as clutter power, background noise level and
sub-clutter visibility (SCV, the clutter power to backgral
noise level ratio) for each surveillance beam [10]. ThB. Miss distance

clutter power and SCV are unsuitable for use as adaptiver, synthetic targets, the peak positiops can be used
processor metrics as the clutter power may be affected Ry provide an estimate of the miss distance between the
adaptive processing. The noise-level represents the mgsbys and synthetic targets using target-peak associaiion
useful environmental metric for adaptive processor PA, al tection miss distance metric may be estimated by taking
can be averaged over all surveillance beams to yield a scgld& mean. median or root-mean-square (RMS) difference
performance metric. between the peak and simulated target positions. Likewise,

) ) ) false alarm miss distance metric may be estimated by taking
_ This mean noise level does not use synthetic targgle mean, median or root-mean-square (RMS) difference
injection, and consequently does not yield information Ofetween the peak and simulated target positions using the
target attenuation/accuracy or detection performance. original data without synthetic targets added (i.e. tafgme

data).

A. OTH radar performance metrics

B. Synthe.t|c target SNR gain _ _ The detection miss distance yields information on target
Synthetic targets can be used to estimate the relative SNRation accuracy, but does not yield information on target
gain between two processoksand! for each target using  attenuation or detection performance.

 ywi(di, i, b))

Sik = (1)

|Ywn(di, i, bi)[? E. Probability of detection and false alarm

where y,.,m,(d, r,b) is the whitened ARD data for processor For real targets, the probability of detectign.; can be

m and (d;,r;,b;) are the positions of theV; targets. The determined by forming a finite-width ARD detection gate
SNR gain may be estimated using the mean or median SMPund known target positions, and dividing the number of



detections within each gate by the number of detection gaigs. p4c.(p,)), and the area under the ROC curve
used. Likewise, the probability of false alarm, can be

determined using the same process, but with detection gate A=
placed in positions expected to be free of targets. A detacti pea=0
is registered if the square of the maximum cell amplitud

- ) o also known as the Mann-Whitney test statistic, which
within t.h.e detection gate exceeds an SNR threshojielding estimates the probability that a randomly selected detecti
probability of detectionpget(t) and false alarmpy,(t) as

2 function of £. Due to the aforementioned limitations inwiII be ranked higher than a randomly selected false alarm.
; he paet(pf,) metric is often used for assessing the output

obani e (U 5 Sommonio e S/t el ocesors proving o 10 kg sy e
P P 3ome tracking systems require the inputs to conform to a

T e oo dpeiler, — 1, For processor comparsons, he are
M get p y 9 metric 4 requirespqget to be resampled at fixegd;, values

(target—added da.tg), while, |_s.found using detection gatesso the area estimate for each processor is calculated¢aénti
in the same positions for original target-free data. Notat th

we hereafter denot@gc(t) and pe.(t) as paet and pg, for
notational convenience.

1
Ddet (Pta) APt 2

Although the pqet(pf,) and A metrics yield information
on target attenuation and detection performance, they do no

. . . . . ield any information on target location accuracy.
The probability of detection yields information on targe}/ y ¢ ¥
attenuation. However, it does not necessarily yield infation

) . . " n example of typical peak derive , , and ROC
on target location accuracy as biases in target positions ofa‘ b yp P Dlct, Pra

adantively orocessed data are generally smaller than turves obtained by injecting synthetic targets into the NOR
plively p ) . 9 aty . Kta-set commencing 0500 UT, 22 April 2008 (hereafter
ARD cell size, while detection gate sizes are typically

. 0080422-050000) using CBF and four adaptive processors
the order of the ARD cell size. Althouglpa.; and pr, (AP1 to AP4) are shown in Figures 1 and 2. Although AP2
can be combined to assess detection performance usin

) ) - .cleqarly produces the largegt; for all p:,, the remaining
Receiver Operating Characteristic (ROC) curves as desttrib rocessors each produce the second largest at different

in the foIIow!ng. gubsectlon, they do not assess detec“@ﬁlues of pr,. Determination of the best of these remaining
performance individually.

processors usingpqe:(pg,) is therefore sensitive to the
choice of p;,. Estimation of A is also problematic as the

. ) X . _“minimum/maximumpg, values differ for each processor. The
the basis forpae: and pr. estimation in OTH radar, With o yimum e, for AP2 and AP4 exceed those of the other
a detection registered if the SNR of any peak within thg, esqors indicating AP2 and AP4 produce more false
Qetggtlon gate'exce'eds the SNR th'reshold. Th|s approacty\Sims. If A is calculated over the available range pf,
intuitively sensible since peak detections provide thautrfpr 565 the AP2 and AP4 estimates will be increased despite

OTH radar target tracking systems. However, the use of pegf noorer false alarm performance. This problem can be

delnvedlpdet arr:dpfa typlcalrl])_/ rﬁsubltg in maXImur]?’dﬁt andpf_a |.aV0ided by selecting minimum/maximupg, values common
values less than unity, which obviate some of the practicall, 5| processors, but this can introduce inconsistency in

of using ROC curves to compare detection performance. TR haring or combining metrics from multiple radar dwells.

maximum peak derivegk, is typically significantly less than 1o area estimation problems do not occur for cell amplitude
unity as the pgak detgctlon process protects agamst p%%‘fived ROC curves as the maximy, is unity. A further
Qetectlon in noise, while thg maximum pea.k derived. implication of using peak derived ROC curves is thatno
is occasionally less than unity as ionospheric cIutterse|0||onger yields the Mann-Whitney test statistic, and in fact

and. interference artifacts, gnd processor losses cqntre S no apparent statistical relevance. Although it is temgpt
in simulated targets not being peak detected. Despite these, iq these issues by renormalising the ROC curves so
issues, peak deriveg;.; andpg, are used in the PAS.

the maximumpge; and pg, values are unity, this introduces
further undesirable outcomes.

The peak positiong; and SNRss; can also be used as

F. Receiver operating characteristic curves Although we would prefer to use ROC derived metrics

Receiver operating characteristic (ROC) [12] curves ha\sjéje to thelr widespread use throu.ghout. the signal procgssin
long history of use in signal processing detection theony acqmmumty, they appear incompatible with our preference fo
have recently been extended for analysing the behaviour H1"9 peak deriveghee andpra.
diagnostic systems and medical decision making. ROC curves
capture the relationship betwegn.. andps, as the detection
threshold is varied, providing a detection performance gam
ison measure. There are typically two methods of estimaing A number of alternative methods for incorporating, and
scalar ROC performance metrig.; at a specifies, = pf,  pra iNto a scalar detection metric have been investigated. One

IV. THE PROBABILITY DIFFERENCE METRIC
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Fig. 1. Probability of detection (solid line) and false atafdashed lines) Fig. 2. ROC curves for the application of different processo JORN data-
for the application of different processors to JORN data-28080422- set 20080422-050000: CBF (black), AP1 (blue), AP2 (greARg (red), AP4
050000: CBF (black), AP1 (blue), AP2 (green), AP3 (red), Afdrple). (purple).

The probability of false alarm is multiplied by a factor ohtéor clarity.

sampling orpgqe; and pg, normalisation. And unlike the
R threshold integrated log likelihood ratio, the integth
PD metric is bounded within range the [0, 1].

r
method which may appear desirable is using the likeliho
ratio

L(t) = Bdet, 3)

Dfa
The SNR threshold integrated PD yields information

This can be used to produce a scalar detection metric bx ¢ ¢ att " d_detecti ‘ but
evaluation at a specified — fo, (ie. Lo — L(t)), or by oh target attenuation and detection performance, but no

integration over a specified range of values ¢y, ---, tmax information on target location accuracy.

tnlax
La= / L(t) dt. (4) A, Extended ROC and probability difference metrics

tmin

However, L, suffers from similar problems as described The metrics presented so far in this paper do not
above pact(p},), while L, is unstable sinceL(t) — oo fully encapsulat[e the characten;es required by the PAS:
as p. — 0. This instability can be eliminated using thd@'get attenuation, target location accuracy, and target
integrated log likelihood ratio. However, the SNR thresholdetection performance. While the detection miss distance
integrated log likelihood ratio is an unbounded estimadon yields information on target location accuracy, it does not

is therefore deemed unsuitable for PAS use. explicity measure target attenuation, and it is not clear o
straightforward to determine how to incorporate false ralar

The statistic selected for incorporatipge; and pr, into a information. Similarly, aIthom_Jgh the ROC/PD metr.ics.combi
scalar detection metric for the PAS is the probability diffece detection and false alarm mformatlpn., they do mdmate how
(PD) metric accurately targets are detected within a Qetectlon' gate. It

PA(t) = Pdet(t) — pralt), (5) Was therefore decided to develop new metrics combining the

o _ . . benefits of the miss distance and ROC/PD metrics.
which is used to produced a scalar metric by integrating over

SNR threshold - The miss-distancel can be incorporated into a detection
pa = / pa(t) dt. (6) metric by varying the cell width of the detection gateised,
tmin thereby producing a metric dependent éf= g). A single

The SNR threshold integrated PD metric is simpler tmtegrated metrid3;,; can then be obtained by calculating the
calculate than the ROC area metric as it does not reguire weighted sum of a selected gate-width dependent m8tfid
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Fig. 3. Unnormalised ROC curve area metri¢g) as a function of detection Fig. 4. Integrated PD metrig (g) obtained as a function of detection gate-
gate-widthg for the data-set 20080422-050000: CBF (black), AP1 (bl&afR  width ¢ for the data-set 20080422-050000: CBF (black), AP1 (bl¥d)?2

(green), AP3 (red), AP4 (purple). (green), AP3 (red), AP4 (purple).
using metric. We impose the constraint
gtnax gmax
Bine = / B(g) w(g) dyg, ) / w(g) dg =1 9)
9min

Imin
to limit the PD metric to be bounded within [0, 1]. However,

where w is a weighting function, andy,,;, and <
(9) ghting G Jma detector will never be atih

are the minimum and maximum detection gates sizes. THE Unity value for a “perfect”
weighting functionw(d) can be selected to reflect the desiref! Practice.
miss-distancel distribution.
B. Use of the probability difference metric
Figures 3 and 4 shows the unnormalised ROC curvejihough the PD metric fulfils the requirements of the
area metric A(g) and the integrated PD metripa(9). pas, it can be difficult for OTH radar users to meaningfully

respectively, as a function of detection gate-widthfor jnierpret. We therefore propose two PD derived statistirs f
the data-set 20080422-050000. The integrated PD metiic,tical use. First, the PD metric can be expressed as a

pa(g) shows significantly smoother variation thaig). The getection percentagh relative to a reference processor
larger variation ofA(g) is a consequence of differemtie;

resampling at eacly, and due to differences in maximum D=
pea @t eachg, which as noted above also introduces an . ]
undesirable bias to larger values for larger maximpg. Where ax.r is the PD metric of the reference processor.
Although using the normalised ROC curves eliminates the€cond, a relative SNR gain can obtained by determining
bias to smaller values for larger maximupq,, the different the mean additive factor (in dB) required to be applied to
normalisation required for each introduces significant extra the reference processor peak SNisto yield the same PD
variation into A(g). These factors further justify the use ofMetric as the processor under assessment. This SNR gain can

QT et 50, (10)
O+ Olpef

integrated PD metric in the PAS. be approximated using
Q — Qref
o . Soq = — 10(T/10), 11
The SNR threshold and gate-width integrated probability pd Qo — Quef D
difference where o, is the PD metric obtained by increasing the
Gmax  [lmax reference processor peak SNRs BydB. CBF data provides
04:/ / pa(t,g) w(g) dg dt (8) a convenient reference processor for implementing these
Gmin Jbmin metrics for OTH radar adaptive processor comparisons.

is hereafter referred to as the probability difference (PD)



V. THE PERFORMANCE ASSESSMENT AND SELECTION  period T;,, of the current dwell to obtain a time integrated

MODULE PD metric for each processor, with the processor yieldirgg th

highest PD metric nominated the best processor for mitigati

The performance assessment and selection (PAS) modgle current noise and interference characteristics. Theeva
is required to select the appropriate processors for a7, is chosen to be large enough to reduce the variance of
prevailing noise and interference conditions in near teae. the estimated probability variances, yet small enough to be
The processors available for selection include differe@ble to respond to temporal characteristics of the noise and

adaptive processors and CBF (i.e. no adaptive processingivironment, which for OTH radar is typically dependent on
and also incorporate common standard OTH radar processjggospheric characteristics.

algorithms transient mitigation (e.g. impulses, mete¢is)

and data extrapolation (Datex) [14]. There are a number of factors to consider in selecting the
target SNR and number of targets for adaptive processing

In order to obtain accurate PD metrics the synthetic targeissessment. The role of adaptive processing is to uncover
should be inserted into ARD cells free of real targets, sirfa“weak” targets that cannot be detected in the CBF data.
clutter and ionospheric clutter. These are the same ARIhis must be achieved without deteriorating CBF detectable
cells we wish to select for adaptive processing trainingadatargets. Since the most significant adaptive processing
selection, and we therefore adopt the adaptive processiigerioration is expected to occur for targets included in
strategy of forming a clutter-target mask (CTM) listing thehe adaptive training data, it appears sensible to insat th
range-Doppler (RD) cells containing clutter and strongé#s targets at an SNR where they will be excluded from the
in any surveillance beam. Synthetic targets are sequintiatTM and hence included in the adaptive processing training
inserted into each surveillance beam by selecting randa@fata. The PD metric then captures the maximum impact
RD locations that are not listed in the CTM. These positionsg the adaptive processing upon the weak targets it seeks
are then included in the CTM to avoid further targets being uncover. We also need to consider that synthetic targets
added to these locations. This process is repeated until #ah reduce adaptive processing effectiveness in two ways:
specified number of targets have been inserted in each beafrong targets reduce training data availability, whileawe
or the CTM is fully occupied. This approach ensures thetargets not included in the CTM can modify training data
is only one target at any RD position. This allows.; t0 covariances. The target SNRs should therefore be small
be calculated using a detection gate around target positigthough to minimise target effects on the processing, yet
(di,mi,b;), and pr, to be calculated using detection gatefarge enough to yield significant enough differences betwee
around non-target positiong;, ;, b;),V bx. S.t. [by, — bi| > by,  pgee and pg, to improve the statistical reliability of the PD
whereb, is a beam “guard” to allow for beam oversamplingmetrics. Similarly, the number of targets must be small
This approach provides three advantages over to the sthndafiough to minimise target effects on the processing, ygelar
approach of estimatingpr, by forming detection gates enough to maximise the statistical reliability of the PD rivet
about the target positions using the target-free datat, Rirs
obviates the need to apply each processor to the target-freghe effects of target SNR and number of targets have been
data, effectively halving the processing time. Second, iiivestigated by calculating the noise level differenceatd
significantly increases number of detection gates usegfor by applying the adaptive processors to the target-added and
estimation, thereby reducing the variancepgf. Third, it also target-free data for various JORN data-sets collected in
includes a measure for spatial adaptive processing taogst c different noise and interference environments. Values @f 2
[3], as target copies will be observed at synthetic targéds Rargets per beam and target SNRs of 9 dB have been found
locations in other surveillance beams, and therefore as®e to produce statistically reliable PD metrics and noise lleve
pra and reducer. differences significantly below 1 dB in most cases, and have

therefore been adopted as default parameters.

The PAS uses six parallel processing streams. Five streams
are used for applying the five processors to target-addex dat
to producepq.; and pg, curves, with the remaining stream
applying the selected “best” processor to target-free ,data The PAS is demonstrated using JORN Longreach data
which is subsequently used for peak detection and targetorded at a carrier frequency of 15.463 MHz between 0456
tracking. The five processors consist of CBF (i.e. no adaptiand 0502 UT 22 April 2008. During this period an amplitude
processing) and four adaptive processors. The adaptivedulated (AM) RF transmission was received. The range-
processors may incorporate different adaptive processiBgppler plot of the data for beam 1 of the dwell commencing
techniques (e.g. SAP, RAP, etc), or multiple instances 660000 is shown in Figure 5a. The AM carrier signal
selected adaptive processing techniques using differgntti produces a “narrow-band” frequency component at Doppler
parameter sets. This architecture requires the best goces d = 32, while the AM sidebands produce a “wide-band”
be selected before processing each dwell. This is achieyedrmise component that spreads across all ranges and Dapplers
combiningpge; andpy, from all previous dwells within a time A meteor echo is observed at range= 11, and several

VI. RESULTS
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Fig. 6. Mean PA metrics for data-set 20080422-050000: a)sé&devel
reduction relative to CBF (red), SNR gain relative to CBFu@)l PD-SNR

Fig. 5. Range-doppler plots of target-free (top) and taegigted data (bottom) gain relative to CBF (black). The dotted line indicate O dihga) PD metric;
for beam 1 of data-set 20080422-050000. c) Detection miss distance, d) False alarm miss distance.

possible target echoes are observed across range betwegove target location accuracy relative to CBF. However,
d = 6, ..,13. Twenty synthetic targets with SNR = 9 dB havahe adaptive processors also reduce the false alarm miss
been injected into each of th&, = 22 surveillance beams distance, indicating they produce more false alarms thah.CB
for PAS demonstration. The target-added range-Dopplehe PD metric indicates that AP4 produces the best target
plot for beam 1 is shown in Figure 5b. Comparison of thdetection performance, yielding an effective SNR gain G81.
target-free and target-added reveals little obvious ewde dB. Although AP2 yields a higher noise level reduction than
of the injected targets. The most prominent targets areethosP4, it produces increased target attenuation and incdease
injected at(d, r) = (10,37) and (d, ) = (22, 37). detection miss distance, leading to reduced target detecti
performance. Although AP1 yields small mean noise level
The mean values of selected PA metrics for each adaptaed target SNR gains, the increased false alarm rate (i.e.
processor are shown in Figure 6. The mean noise-levetreased false alarm miss distance) results in a detection
reduction and SNR gain metrics are plotted with respect pgerformance loss relative to CBF.
the CBF results. The adaptive processors reduce the mean
noise level and improve the mean target SNR. However,The temporal variation of the 8-dwell time-integrated PD
the mean SNRs gain are slightly lowet 0.1 dB) than the metric for each adaptive processor is shown in Figure 7.
mean noise-level reduction, indicating that some adaptifée large variation in the PD metric for dwells 1 to 7 result
processing target attenuation is occurring. The adaptifrem the unavailability of 8 completed dwells, emphasising
processors reduce the detection miss distance, indictiteyg the need for a time-integrated the PD metric. The results
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VIl. CONCLUSIONS

This paper presents a computationally efficient PA module
suitable for near real-time operational use. The PA module
uses synthetic targets to calculate detection and falgenala
probabilities, which are used to estimate a novel “proligbil
difference” (PD) metric. The PD metric provides several ad-
vantages over receiver operating characteristic (ROCGyeler
metrics, and allows the ability to explicitly incorporatrget
location accuracy. The PD metric forms the basis of the
performance assessment and selection (PAS) module for near
real-time selection of adaptive processing algorithm apgf
ate for the prevailing radio frequency interference caodg.

The PAS module has been successfully demonstrated using
operational JORN data.
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