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Abstract –A general scheme for automatic signal
detection in scanning surveillance systems is proposed
[8] . We consider the problem of deciding if we have an
alarm, based on the data measured in the cell under
analysis in different consecutive scanning time instants.
The proposed scheme includes a linear predictor and a
subspace model for the signal to be detected, in an effort
to maximise the detector performance. Although it may
have general applicability in scanning surveillance
problems, we focus the work on the problem of wide-
area uncontrolled fire detection by means of infrared
radar.
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I. Introduction
Wide-area electronic scanning surveillance includes a
large number of applications involving different types of
energy: electromagnetic, acoustic, optical, infrared [7].
All of them share in common the preference for
automatic detection, thus implying the capability for
solving at some level an hypothesis testing problem: only
noise background present against signal (alarm) plus
noise present.

To be more specific let us consider a global system
devised for wide-area fire surveillance, based on the use
of a number of passive infrared sensors, which are
located to render a required coverage. The information
collected by each sensor must be transmitted to a base
station, where it is integrated to reach a final decision
about the possible existence of fire. Other information
coming from other types of sensors, relative to the
environmental conditions, may be also taken into account
to help the final decision. In order to minimise the
communication resources needed, it is desirable to allow
a local detection of alarms at the infrared sensor site. This
implies to have local capabilities for digital processing
the received signal with the aim of generating local
alarms. This will be the only information to be sent to the
central processor of the base station. The overall
performance of the whole system will very much depend

on the performance of each individual sensor. Thus, it
will be desirable to reduce as much as possible the
number of false alarms received by the base station, while
keeping a local high probability of fire detection.

In this paper we address the design of the local detection
algorithms. We will not consider the problem of
information integration by the central processor, i.e., the
fusion problem. In any case the global design of the
overall surveillance system will be conditioned by the
coverage required both in time (repetion frequency to
illumate a given cell) and space and the type of sensor.

It is convenient at this point to clarify some concepts that
will be extensively used throughout the paper. We are
interested in the detection of uncontrolled fire, i.e., a fire
producing a maintained temperature increase as time goes
by. An uncontrolled fire should produce true alarms. We
will call undesired alarms the ones caused by occasional
effects different to uncontrolled fire, e.g., a chimney, a
car crossing the surveyed area, the disappearance of a
cloud... Finally, we will give the term false alarms the
usual meaning of alarms due to the background (infrared)
noise. According to the above definitions we will be
interested in a system that, for a desired probability of
false alarm (PFA), could maximise the true alarm
probability of detection  (PD), while keeping small the
probability of detecting undesired alarms (PDU).

Now, let us assume that the surveyed scenario is divided
into resolution cells. The recorded signal will be sampled
in such a way that we can make a mapping between each
sample value and each one of the resolution cells. We
want to address the problem of automatically deciding if
there is an alarm in a given cell. A simple approach
would be to decide that an alarm is present when the
corresponding sample cell magnitude is greater than a
predetermined threshold. If we have knowledge of the
noise distribution, the threshold may be fitted to satisfy a
desired PFA. Then, the obtained PD will depend on the
signal to (background) noise ratio (SNR).

In general, the noise data collected in wide-area
surveillance scenarios are highly correlated. We can take
advantage of this correlated noise information to improve
the SNR, by means of subtracting a noise prediction from



the sample value under analysis. We propose in this paper
the use of a prediction obtained from the noise samples
recorded in the same cell at previous instants.

On the other hand, by only using one sample in the
detection step, we have no means to distinguish
uncontrolled fires from occasional effects, that is, PD
could be similar to, or even less than PDU. Noting that
the maintained temperature increase of an uncontrolled
fire may be a distinguished feature, we propose to make
the detection on the base of several measurements
corresponding to the same cell at different consecutive
scanning instants. We arrange the consecutive data
samples in a vector form, thus leading to a vector
detection problem. To take advantage from this vector
formulation we need models for the true and for the
undesired alarms. If we want robustness and general
applicability, these models should be defined in a very
general form (it would probably be more appropriate to
talk about exploiting general properties of the involved
patterns rather than to talk about models). Therefore, our
assumptions will simply be that the vector signal patterns
due to uncontrolled fire have most of its energy inside an
adequately defined subspace, while the patterns due to
occasional effects only have a small percent (desirably a
zero percent) of its energy inside that subspace. These
hypotheses will mainly refer to separating low-pass from
wide-band behaviours. Two simple parameters will allow
a subspace design adapted to specific scenarios.

The paper is structured in the following manner. Once the
general scheme has been shown in the next section, we
address the prediction problem in Section III. Section IV
presents the detection test including the signal pattern
subspace model. In Section V we summarise the design
steps. Finally, Section VI shows the results of applying
the proposed technique to data on wide-area fire detection
by infrared radar.

II. General scheme
Following the basic ideas provided in the previous
section, we propose a general scheme composed by two
main parts (figure 1). The first one corresponds to the
vector prediction step, the second one to the vector
detection step. In the following we make a general
explanation. A more detailed presentation of the involved
equations will be given in the next sections.

Let us assume that we scan the surveyed scenario in
azimuth and range (or height). Each particular cell
corresponds to a particular azimuth-range pair.
Periodically, each cell will be illuminated by the sensor
beam. Let us call {w(n)} the zero-mean stationary
stochastic process composed by the background noise
measurements corresponding to a particular cell in
successive scanning (discrete) time instants n. The actual
measurements will be described by the stochastic process
{x(n)}, where in general x(n)=s(n)+w (n), being s(n) the
deterministic (but unknown) signal due to the possible
presence of an uncontrolled fire or an occasional effect.
The aim of the prediction step is to reduce as much as
possible the background noise, so there is not important

at this step to distinguish between uncontrolled fire and
occasional effects.

Now, referring to figure 1, we form the noise vector
w=[w(n) w(n-1) ...w(n-N+1)]T, corresponding to the
actual samples collected from the (n-N+1)-th scan to the
n-th scan in the same cell, i.e., we are assuming no signal
present at those scans. Now we define the vector
x=[x(n+1) x(n+2) ... x(n+D)]T of samples taken from the
(n+1)-th scan to the (n+D)-th scan in the same cell.
Vector x will always have a noise contribution and (when
a true or undesired alarm is present) a signal contribution,
i.e., x=s+wD , where s=[s(n+1) s(n+2) ... s(n+D)]T and
wD=[w(n+1) w(n+2) ... w(n+D)]T

In principle, we want to decide if an alarm is present on
the basis of the information contained in vector x,
nevertheless we may try to improve the SNR by
predicting the vector x from the vector w, assuming that
the noise may be predicted up to a given degree. Then we
make a linear prediction of vector x, from vector w, and
we subtract it out from vector x, thus obtaining a new
(prediction error) vector e which is to be the detector
input, i.e.,

zsHwxxxe +=−=−= p (1)

where H is a matrix (DxN) implementing the linear
transformation of the predictor and z is the residual noise
vector after prediction.

We show in the next section that, if H is optimal in the
mean-square sense, the noise mean power corresponding
to z, will always be less than the original noise mean
power corresponding to wD. Additionally, some degree of
decorrelation must be expected in z, when compared with
wD. The interest of this decorrelation property will be
stressed in Section V.

The second part of the general scheme is the detector. We
are interested in alarms showing (in the cell under
analysis) smooth increasing trends through the successive
scans, assuming that this behaviour corresponds to
uncontrolled fire. This fire evolution pattern, may be
exploited by means of an adequate subspace signal
estimation to be explained in Section IV, followed by a
conventional matched filter detector. Prewhitening of the
residual noise z, is also required for optimum detection.

III. Noise Prediction

 We want to find the optimum linear transformation that

minimises the mean square error { }2
eE ; this is a

particular case of the Wiener-Hopf equations [3], then

1−= wwxwopt RRH (2)



where Rxw=E{xwT} (DxN) and Rww=E{wwT} (NxN).
Remember that we are assuming that the possible signal
present is deterministic, so, in all the cases, the matrix
Rxw has a generic element (i,j) equal to Rw(i+j-1)
0<i<D+1 0<j<N+1, being Rw(m) the noise
autocorrelation function. On the other hand Rww has a
generic element Rw(i-j) 0<i<N+1 0<j<N+1.

Now we are going to consider the noise power reduction
achieved by the presence of the predictor. We will define
a figure of merit, the so called signal to noise ratio gain
(SNRG). This later will have and evident influence in the
final SNR improvement of the detector statistic, as we
will show in Section V.

We show in [8] that SNRG due to the application of the
predictor will be
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Note that  ( ) 01 >− T
xwwwxwTrace RRR due to the positive

definite property of 1−
wwR , so we are guaranteed to

always have SNRG > 1.

IV. The detector
Once the SNR has been improved by noise prediction, we
want to make an automatic detection of the possible
presence of an alarm in vector e.  If we could have
knowledge of the (deterministic) signal pattern
corresponding to a given fire, we could use a
conventional matched filter preceded by a noise
prewhitening (see figure 1 again). This detector will be
optimal for the Gaussian case. Nevertheless, knowledge
of the signal pattern is not a practical assumption in our
case, so we have to move to suboptimal detection.

The worst possible situation is that of not having any
prior knowledge about the signal to be detected, then a
simple energy detector based on comparing uTu (where u
is the output of the prewhitening transformation

2/1−
zzR applied to e) with an adequate threshold is the

most usual solution. Apart from being suboptimal, the
energy detector does not allow any distinction between
true and undesired alarms.

Somewhere in the middle we can devise detectors which
are able to take advantage of some prior knowledge about
the expected behaviour of the true alarm signal pattern. It
is reasonable to consider that an uncontrolled fire must
show a temperature increase in the corresponding cell
during successive scans. We assume that the time
between scans and the cell dimensions are adequate for
that increasing behaviour be smooth when compared with
the variations of the background residual noise after
prediction, and the variations of the undesired alarm
patterns. These are very general assumptions, mainly
referring to distinguish low-pass from wide-band

behaviours. In this way we avoid the use of very specific
models for the true and undesired alarms, thus we could
cover a large number of practical situations. The previous
assumptions may be formally formulated by means of a
matched subspace approach [3].

We will assume that the smooth behaviour of the signal
pattern is equivalent to considering that the signal (after
prewhitening) may be spanned in a given (low-pass)
subspace of known dimension p<D, meanwhile we need
the whole space for spanning the undesired alarm
patterns. Then, a signal estimator [4] may be obtained by
projecting u into the corresponding signal subspace. This
signal estimator is a maximum likelihood one, for the
Gaussian case [3]. It may be used as the signal needed in
a conventional matched filter implementation (see figure
1 again). If we call P the projection matrix, the detector
statistic to be compared with a threshold will be

PuuTr =     (4)

We assume that P is able to severely reduce the energy of
a signal due to occasional effects, thus reducing the PDU.

One important question remains relative to the design of
matrix P. We have to take into account the above
mentioned differences amongst the true alarm patterns
and the undesired ones. Thus, we propose the use of the
dominant Slepian sequences [1], [2], which are the
impulse responses of low-pass FIR filters having optimal
selective properties. A brief explanation follows.

Let vector h (dimension D) be the impulse response of a
FIR filter and H(ω) the corresponding frequency
response. We want H(ω) to concentrate the maximum
amount of  energy in the interval –πβ<ω<πβ under the
constraint hTh=1. The solutions to this problem are the
dominant eigenvectors of matrix M (DxD), defined by

( ) ( )[ ]nmsincnm −= βπβ,M (5)

These eigenvectors are the dominant Slepian sequences.
The first dominant eigenvector is that one having the
corresponding maximum eingenvalue and it concentrates
the maximum energy in the interval –πβ<ω<πβ .
Successive dominant eigenvectors will concentrate
successively less energy in the same interval. We may
choose the first p dominant eigenvectors to span a low-
pass subspace, to where vector u will be projected. The
projection matrix P will be given by

( ) TT AAAAP
1−

= (6)

Where A is a is a Dxp matrix whose columns are the p
dominant eigenvectors of M.



We want to stress again the quick assumptions made
about the patterns involved. The capability to reject
undesired alarms or to accept true alarms, will only
depend on the amount of energy of the corresponding
signal vector which is included in the considered
subspace. Note that by means of  β and p we could select
the most adequate subspace for a given scenario.

V. System design
The purpose of this Section is to summarise the design
steps, given guidelines for fitting the most adequate
system parameters.

Calibration

First of all we have to estimate the noise autocorrelation
function Rw(m). In general the scenario will be
nonstationary: different areas and different scan times
would require different autocorrelation estimates. We
propose to divide the scenario into two dimensional
(range-azimuth) windows in such a way that stationarity
may be assumed inside each window, i.e., the scan to
scan noise correlation is the same for all the cells inside a
given window. After a certain time interval, we must
update the autocorrelation estimates to account for
variations in the general conditions of the scenario (day
or night, weather variations,...)

Predictor

We have to fit D and N. Note that a decision is made by
considering vector x, which is formed by the samples
collected during D successive scans. In principle, we
should try to use a value D as big as possible, with the
aim of exploiting as much as possible the information
about the involved patterns. However an upper bound on
D is imposed by the maximum delay that we are allowed
before an alarm is to be decided. On the other hand N
depends on the autocorrelation function: it has nonsense
trying to predict from scan times which are uncorrelated
with the predicted ones (N+D should not be greater than
the autocorrelation length). Once D and N are fitted, we
design the predictor H by means of equation (2).

Detector

We have to fit β and p to define the matrix P, and we
have to select the threshold T to which the statistic r has
to be compared with. Parameters β and p will be very
depending on the type of undesired alarms that we want
to fight against. Desirably both parameters should be as
small as possible, with the aim of severely reduce the
energy of the occasional effects which is inside the
subspace spanned by P. But we have to take care of
avoiding cancellation of the signal energy due to
uncontrolled fires. The value T will be fitted to obtain a
given PFA, this is an easy task if we assume that the
noise in vector u is multivariate Gaussian, because then,
the statistic r has a known distribution: chi-square with p
degrees of freedom [3], [6].

We show in [8] that in the most favourable situation in
which the signal is perfectly low-pass (a DC component,

s= ( )D/1 [1 1...1]T (we normalise s to have Es=1, with
no loss of generality) and the residual noise is perfectly
wide-band (Rzz=Rzz(0)I) we have
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Equation (7) gives us a clear indication on the importance
of including a predictor step to improve the original
signal-to-noise-ratio SNRx.

It is worth to emphasise that SNRG  is not a design
parameter. However, it could help in the predictor order
N determination: we increase N until no significant
improvements are obtained in SNRG.  In any case it
provides us indications on the interest of including the
predictor step. Note that it is only noise dependent. We
will evaluate SNRG in our particular application in the
real data experiments of Section VI, considering
estimates of the background infrared noise
autocorrelation.

VI. Experiments
We have applied the scheme of figure 1 to real infrared
data collected by a passive infrared radar, located in a
mountainous area at the Southeast of Spain (Alcoy,
Alicante).  The sensor model was Thermoprofile  6 HT
(AGEMA Infrared Systems). The scanning was electronic
in range and mechanical in azimuth. The recorded data
depends on three variables: time (or scan number),
azimuth and range (or sample number). The received
signal is digitized and a range-number of sample
correspondence is made by considering the delay and the
sampling frequency.

Here we have selected one block formed by 84 records,
which are superimposed in figure 2. In a given record,
each sample corresponds to a particular cell, so in figures
2 each individual record shows the amplitude variations
as we move in range, for given azimuth and scan number.
The 84=21x4 records correspond to 21 consecutive scan
numbers (scan period is 1 minute, the actual times were
17:00h to 17:20h) taken in four consecutive azimuths
(starting at 7,3 degrees with respect to the normal to the
sensor and advancing in steps of 0.23 degrees). Each
record has 51 samples, each sample corresponding to a
range distance. The block starts at sample 250, which
corresponds to some 10 Km distance and ends at sample
number 300, which corresponds to some 5 Km distance.

We have applied the proposed technique to the data
block, assuming a stationary behaviour inside the block
(the nonsationarity present in the whole data comes from
the different range sample segment considered, due to the
increasing of the cell sizes as we go away from the
sensor).  We have chosen N=2 and D=4, i.e., in each cell,
we are going to predict the values corresponding to times
n+1 to n+4, from the values measured at times n and n-1.
We have computed the required autocorrelation estimates



for the design of the predictor H (4x2) for each one of the
blocks.

Now in figures 3a, we show the histogram of the original
data (solid line), and of the prediction error (residual
noise) data (dotted line) obtained by applying the
designed optimum predictor to the original data with only
noise present. Note the nongaussian behaviour of the
original data, thus suggesting that a nonlinear predictor
could improve the SNRG. Nevertheless, the histograms of
the prediction error data are nearly Gaussian, so the
detector design will benefit from the usual Gaussian
hypothesis. In particular, we may easily fit a desired PFA.
The computed value for SNRG, is also indicated in the
figure.

The rest of the figures are devoted to the detector. First in
figure 3b, we compare the theoretical PFA (solid line)
corresponding to the use of the statistic r of equation (8),
assuming Gaussianity of the prewhitened noise prediction
error, with actual estimated PFA. This later has been
measured by using all the possible 4 element vectors z
that we may allow in the block after predicting the
original data (this amounts to 3060 vectors for the
selected values N=2, D=4). This figure gives us an idea of
the capability to fit a desired PFA. The matrix P (4x4)
was computed after equation (10), where A is formed by
the two dominant eigenvectors of M (4x4) for β=0.1.

Finally, figure 3c is the most important to show the
interest of the proposed technique. We represent
estimated PD and PDU versus PFA in two different
situations. First we have considered the detection of a
possible fire, simulated by adding a linear trend to the
available 4 element vectors z. The initial value of the
linear trend is equal to the standard deviation of the noise
and the final one  (in our case 4 minutes later) is 4 times
the initial value. The solid line corresponds to the use of
the subspace matched filter and the dotted line to the
energy detector. Note the improvement achieved by the
inclusion of matrix P, which is very significant in the first
block. On the other hand, the asterisk curves correspond
to the estimated PDU of an undesired alarm which has
been simulated by adding a value only to the third
element of the available 4 element vectors z. To make a
correct comparison, the added value equals the square
root of the linear trend energy simulating the fire. The top
asterisk curve corresponds to an energy detector, the
estimated PDU equals 1 in all the cases, that means that
the statistic r was always above the corresponding
threshold, when the simulated occasional effect was
added to the 3060 available vectors. Nevertheless, by
including P (bottom asterisk curves), we dramatically
reduce the PDU.

VI. Conclusions
We have presented a general scheme for

uncontrolled fire detection in surveillance passive
infrared radar. The detection is based on the vector
formed by the measured values in a given cell during
successive scans. Reduction of the noise or, equivalently,
improvement of the SNR, can be achieved by means of a
linear prediction matrix, whose rows are the different
linear predictors needed to predict all the elements of the

vector under analysis. Prediction is made from the
preceding values corresponding to the same cell. The
design of the linear prediction matrix needs knowledge of
the noise autocorrelation sequence. In a practical
situation, the autocorrelation sequence may be estimated
in a calibration process, which may be repeated whenever
(time) and/or wherever (azimuth, height) the stationary
conditions of the noise change. A continuous real-time
calibration is also possible by adaptively update the
autocorrelation estimates using each new measurement.
We have observed in the real data experiments that the
Gaussian hypothesis is not always satisfied by the
original data, so an even higher SNR improvement could
be reached by using nonlinear prediction [5], at the price
of complicating the predictor design.

The proposed detector takes advantage of some practical
hypothesis about the fire evolution, namely, a smooth
(increasing) pattern evolution. By using a matched
subspace approach we have shown how the PD of an
uncontrolled fire may be improved and how the PDU of
occasional effects not having that smooth pattern, may be
severely reduced. In specific scenarios, more detailed
prior information about the fire or about the occasional
effects could be included in a similar manner.

Although we have considered a particular application, the
general scheme may be applied to any radar problem
where detection of alarms in a highly correlated
background is required.
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Figure 1. General Scheme
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