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SUMMARY

One of the biggest challenges in the design of fire detection systems is the discrimination
between actual fire signatures and noise. This is especially true as the fire size at the time of
detection decreases, as the signal to noise ratio decreases accordingly. Smoke detectors, for
example, are simply particle detectors calibrated for specific particle size distributions, number
densities and refractive indices. Smoke particles are electronically or optically sensed, and when
a predetermined signal level is reached, an alarm condition is signalled.

Unfortunately, most currently available smoke detectors cannot discriminate between products
of combustion, and non-combustion generated particulates. In addition, they lack the "intelli-
gence" to discriminate between products of combustion generated by a fire threat condition, and
products of combustion generated by cigarette smoke, automobile exhaust or similar non-
threatening combustion processes.

This is changing, however, with the introduction of artificial intelligence techniques into fire
detection systems. Recent experimental work has shown that by sensing more than one fire
signature, applying signal discrimination techniques, and making fire/non-fire decisions with
fuzzy reasoning or neural networks, fire detection systems are able to accurately discriminate
between fire and non-threatening or deceptive conditions. This paper looks at how these
techniques are currently being employed and offers some ideas for further research and
development.

FIRE OR DECEPTIVE PHENOMENA-
THE DECISION-MAKING PROCESS
Decision-making is a complex process that
involves receiving input data, processing
that data through comparison with known
information and experience, and generat-
ing an output response based on the total
quantity of available information. Although
this can be a difficult process for human

beings, people seldom think of the com-
plexities of this process when looking to
sensors and computers for answers to a
question like, &dquo;Is there a fire in this room?&dquo;

Most people would rely on a variety of

inputs and experiences to answer this

question. For example, assume someone is
walking down a corridor and smells smoke.
This may trigger an internal response that
something is abnormal and should be in-
vestigated. The person may then follow
the odor to the assumed point of entry into
the corridor. After feeling the door for a
temperature increase and listening for
sounds that might be associated with elec-
trical arcing or combustion, the person
may try to gain entry into the room for
further investigation. Once inside, a vi-

sual survey of the room might be made in
order to locate the origin of the smoke. If
a fire is seen, the person may then take

This paper is based on a presentation during the 1993 SFPE Engineering Seminar, Issues in
International Fire Protection Engineering Practice.
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action to extinguish the fire, and, hope-
fully, sound a fire alarm signal.

Several things occurred simultaneously during
this human-based fire detection process.
Input data was received, the information
was processed based on the knowledge and
experience of the person, actions were taken
to obtain additional information, and fi-
nally, decisions were made based on all of
the available information. Smoke was smelled,
an increase in temperature was felt for,
sounds produced by arcing or combustion
were listened for, and a fire was looked for.
This process required four sensory inputs,
understanding of what the inputs meant,
and some knowledge of the combustion

process. How does such a complex process
translate to a computer-based fire detec-
tion system?

Historically, computer-based detection systems
are much more simplistic. They rely on
input data from a single sensor type, and
make their decision based on limited in-
formation about the input signal. In a smoke
detection system, for example, particles
are electronically or optically sensed, and
when a predetermined signal level is reached,
an alarm condition is signalled. This re-
quires only a single input signal and a
single decision point. This is one of the
main reasons why there is a relatively
large nuisance alarm problem.

Slowly, however, more intelligence is be-
ing built in to detection systems. Many
smoke detection systems are now able to
look for a &dquo;smoke&dquo; signal over a period of
time before a decision is made, and several
of these are able to compensate for sensor
contamination, electromagnetic and radio
frequency interference, and the effects of
high air velocities. But this is just a start.
Such systems still rely on a single input,
and the decision making process is still
rather simplistic. A truly measurable in-
crease in detection system fire sensing
reliability will come with the use of mul-
tiple sensor inputs and more complex de-
cision making routines. This is currently
being realized through research into the

use of multiple sensor inputs with cross-
correlation, fuzzy reasoning or neural networks
for signal processing.

SIGNAL CROSS-CORRELATION
Signal cross-correlation describes a tech-
nique in which the time-averaged product
of two or more input signals must reach a
defined threshold to initiate a system re-
sponse.’ In a fire detection system, the
input signals could be generated by two or
more fire signatures, e.g., aerosols, par-
ticulate, radiant energy, gas production or
temperature increase. Because the pyrolysis
or combustion of any material will pro-
duce at least two of these signatures, cross-
correlation can be expected to minimize
alarms from &dquo;false&dquo; signatures produced
by non-fire sources.

A good discussion of signal cross-correla-
tion is provided by Heskestad and Newman/ 1

who describe the cross-correlation of two
continuous signals, A and B, as a function
of the present time, t, and the averaging
interval back in time,i~. They describe this
relationship by the following equation:

As long as A and B vary independently,
the cross-correlation will remain small.

Only when A and B increase simultaneously
will the cross-correlation increase. This
has the effect of cancelling much of the
random noise that may be associated with
either A or B independently, thus increas-
ing the overall reliability of the detection
system.

It should be noted that time is an impor-
tant parameter in this function. The reli-

ability of the cross-correlation increases
with the length of the averaging interval.
However, because of the increased signal
processing time, the overall system re-

sponse time will decrease accordingly. In
addition, there are delays due to fire sig-
nature transport time and sensor response
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that must be considered.

Thorn Security Ltd. used this concept in
the development of their High Performance
Optical Detector.2 Their objective was to
design a smoke detector that was sensi-
tive to flaming fires (hot) as well as smol-
dering fires (cool). The approach they took
was to utilize a light scattering smoke
detector as the base. This provided them
with detection of smoldering combustion
at a &dquo;stable&dquo; sensitivity. They then used a
heat sensor to detect the rapid increase in
temperature associated with a fast grow-
ing, flaming fire. The purpose of this was
to increase the sensitivity of the optical
detector to the smaller particles expected
from such a fire. This concept is illus-
trated in Figure 1. Such an approach pro-
vides the ability to detect both large
particles associated with smoldering com-
bustion, and smaller particles associated
with flaming combustion. In essence, it is
a cross-correlation of temperature and
aerosol signatures used to vary the sensi-
tivity of the detector based on the mode of
combustion.

ALGORITHMIC COMPARISON
In other such research, a joint effort be-
tween Nihon University and the Hochiki
Corporation resulted in the development
of an algorithm for improving the reliabil-

Figure 1. Diagram of Temperature Dependent Sensitivity
Adjustment.

ity of detector response by processing tem-
perature, smoke extinction and CO con-
centration signals in conjunction with es-
timating the heat release rate of a burning
item.3 In their work, a correlation between
the heat release rate and the species pro-
duction rate for a flaming fire was seen.
This was used to develop an algorithm
that evaluates the heat release rate and

temperature, CO and smoke increases over
a fixed period of time to make a determi-
nation if there is a fire.

A flow chart for this algorithm is shown in
Figure 2. An initial approximate value for
the heat release, Q f, is chosen to obtain an
initial temperature, Tu. This value is then
compared with the measured temperature.
If the difference between the values is

greater than a predefined convergence factor,
Qf is again used to calculate a new value
of Tu. This sequence is repeated until the
difference between the values becomes

sufficiently small. The smoke generation
rate, Qsmk’ and CO concentration rate, Qco,
are approximated using the same proce-
dure. A cross-correlation function, R, is
then calculated and analyzed to determine
whether or not a fire condition exists. Tests
were performed with a burning chair, a
fire condition, and charring of fish, a false
alarm potential. The experimental system
accurately indicated an alarm for the chair
while ignoring the charring fish.

Figure 2. Flow Diagram for Algorithmic Comparison of Fire
Situation 3.



128

Although this work is very encouraging,
one possible limitation of this approach
might be the availability of heat release
data covering the range of possible fire
scenarios. To be useful, the algorithm should
consider variations in materials, burning
rates and compartment configuration that
can be expected in actual situations. Also,
it may not be applicable to low energy fires
where only limited heat release data may
exist.

NEURAL NETWORKS
In a different approach, other researchers
have investigated subjecting various sen-
sor inputs to a neural network for the
decision making.4 A neural network, as
defined by Hammerstrom,5 is &dquo;an imple-
mentation of a learning algorithm derived
from research about the brain.&dquo; Its most
common application is in the area of pat-
tern recognition. Because the networks can
be trained to recognize spatial, temporal
or other relationships, they can perform
such tasks as prediction, classification and
functional estimation.

Neural networks differ from traditional
software in that a network is trained, not
programmed. In classical software devel-
opment, the programmer defines variables,
creates loops, tests for various error con-
ditions and debugs. In essence, the pro-

Figure 3. Representation of Three-Layered Neural Network 4.

grammer must account for all possible
conditions in advance. In a neural net-

work, however, the parameters of the net-
work are such that the network can infer
solutions without having complete prior
knowledge. The algorithms used, due to

their adaptive, or empirical nature, train
the data over a period of several training
runs, often controlled by parameters that
guide the training process. For this rea-
son, selection of these parameters (which
vary with network type) is a key to net-
work success. This process of training can
be illustrated using an example of a three-
layered network that learns using a back-
propagation algorithm (see Figure 3).

A network of this type can be visualized as
a layered system of interacting nodes, where
each node is a single processing element
that acts on data to produce a result.5
Each node may have several inputs, but
has only one output. The nodes are con-
nected in layers, (called input, hidden and
output) with each being connected to the
preceding layer for input and the follow-
ing layer for output. (The exception being
the input layer nodes which have only a
single input and no connection to a preced-
ing layer.) Each of the connections (strings)
has an adjustable value associated with it
called a weight.

Operationally, the data is introduced to
the net via the input layer (e.g., Smoke,
CO and T as shown in Figure 3). The input
nodes then transmit a single data value
(for each input) over the strings to each
node in the hidden layer. Each node then
multiplies each input signal by its weight
and sums the products. The sum is then
sent through a nonlinear transfer func-

tion, called a sigmoid function, to produce
a result. (The transfer function can be
visualized as a steadily increasing S-shaped
curve where the attenuation at the upper
and lower sections of the S constrain the
sums within fixed limits.) The hidden nodes
then transmit the processed data to the
output layer (whose strings also have a
different set of weights) where a similar
processing function occurs, and a result is
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generated.

Each output node then subtracts its actual
result (processed result) from the desired
result (pre-defined) to obtain the output
layer errors. These errors are then trans-
mitted back to the hidden layer nodes over
the same weighted strings (back-propaga-
tion). Each node then determines its con-
tribution to the known output errors and
adjusts its weights to reduce this error.

By using such a back-propagation algo-
rithm, the accuracy of the output is able
to be increased simply by increasing the
number of hidden layers and changing the
weight (value) of the strings connecting
the nodes. For example, when teacher sig-
nals (training parameters) are applied to
the input and output layers, the net changes
the weight of the strings between the lay-
ers. As a result, the more definitions that
the net &dquo;learns&dquo; the more intelligent it
becomes.

This approach uses simple equations and
does not require a specially designed algo-
rithm (such as described in the previous
section). Once the net is established, it is
able to give reasonable output values for
almost any input values due to the defini-
tions provided and the adjustability of the
weighted strings. Because the weighting
is based on data and expert opinion, it

allows the net to deal with undefined com-
binations of inputs and develop results

close to those expected. As a result, it is

not necessary to define all possible input
combinations, but only important ones. It
is important, however, to clearly define
those points where the output value can
change significantly with slight changes
of the inputs, as well as any minimum or
maximum points.

Okayama used such a three-layered net-
work with a back-propagation algorithm
to decide between fire and non-fire condi-
tions.4 In much of his work, smoke den-
sity, temperature and CO data were used
as inputs, and the output nodes were de-
fined as Fire Probability, Fire Risk and
Smoldering Probability. Definitions con-
sisted of relationships between the inputs
and expected outputs. For example, a situ-
ation having no smoke and no tempera-
ture increase, but having a high CO con-
centration was defined as having a 40%
probability of fire, 70% fire risk and 30%
smoldering probability. Another situation,
in which significant smoke, temperature
increase and CO are present, was defined
as having a 90% probability of fire, 90%
probability of fire risk and 10% probabil-
ity of smoldering. This is illustrated in
Table 1, where a value between 0 and 1 is
assigned to the smoke concentration, tem-
perature and CO concentration, as well as
the subjectively determined probabilities
(D) of fire, the risk of fire and the prob-
ability of smoldering fire. In this case, the
calculated results (R) are very close to the
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subjectively determined values (D).

In the future, it is anticipated that actual
data can support or replace the subjec-
tively determined values used by Okayama.
Regardless, his work in the area of neural
networks clearly shows promise for the
future of detection systems development.
An important challenge, however, will be
to accurately establish the net definitions
in order to provide highly reliable results.

FUZZY REASONING
The use of fuzzy reasoning in fire detection
systems is also being well researched. Fuzzy
reasoning is a method of computer reason-
ing used to simulate the undecideability and
imprecision of human decision-making.6
Instead of using simple If-Then state-

ments of standard computer logic that are
basically Yes-No statements, like IF SMOKE,
THEN FIRE, fuzzy reasoning allows the
use of variable terms like, IF SOME SMOKE
and NO TEMPERAT URE INCREASE, THEN
LIKELY NUISANCE SIGNAL. This use of

fuzzy terms, like some smoke, permits a

wide array of decision making possibilities.

There are basically two types of fuzzy rea-
soning systems: conventional and adaptive. 6
In a conventional system, input values are
normalized and converted into fuzzy form,
the system executes the rules relevant to
the inputs, then defuzzifies the resultant
output set. This is illustrated in Figure 4.
To better the results, the system can make
adjustments based on results obtained during
a previous cycle. However, it is unable to
make adjustments or modify its rules to
accommodate changes in the environment.

An adaptive fuzzy reasoning system, on
the other hand, can adjust both time-phased
conditions and supporting system controls.
This means that the system can modify
the characteristics of the rules, the shapes
of the fuzzy sets and the defuzzification
method based on how fast it is approach-
ing or leaving a defined goal state. This is
illustrated in Figure 5. This operation is
much the same as a neural network, but

Figure 4. Block Diagram of Conventional Fuzzy Reasoning
System

Figure 5. Block Diagram of Adaptive Fuzzy Reasoning Sys-
tem6.

much more sophisticated. It works like a
back propagation algorithm by evaluating
a solution based on a target result. How-

ever, unlike a neural net, an adaptive fuzzy
logic system can, in effect, explain its rea-
soning process.

A recent study at the University of Ken-
tucky investigated the use of fuzzy rea-
soning in a fire detection system.’ In these
tests, researchers used smoke, tempera-
ture, UV and IR sensors to detect fires,
and applied both neural networks and fuzzy
reasoning for verification and prediction
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of fire scenarios. For their fuzzy reasoning
system, they selected eight input param-
eters : smoke density (SK), time for smol-
dering (TSM), IR beam intensity (IR), IR
radiation intensity (DIR), time of IR ra-
diation occurrence (TIR), temperature (TP),
rate of temperature increase (DTP), and
time of flame occurrence (TFL). They then
established eleven fuzzy reasoning rules
from which an alarm decision would be
made. Two of these rules are shown here:

1. If (SK<small) & (TSM<small) &
(IR<small) &(DIR<small) &

(TP<slightly warm) & (DTP<small)&
(TFL<small),
then Normal (Level 0 -no fire)

2. If (SK>small) & (IR>small) &

(DIR>large) & (TP>slightly warm) &

(DTP<small) & (TFL>medium), then
Flame to Extinguish (Level 4-fire)

Note the &dquo;fuzzy&dquo; term &dquo;slightly warm&dquo;. It
accounts for the fact that the measured

temperature can be higher that normal,
but if it is less than an alarm threshold,
and none of the other fire signatures such
as smoke or infrared radiation are present,
then it is very likely that there is no alarm,
and that conditions are normal. If, how-
ever, the temperature increase is slight,
but a predetermined threshold of IR inten-

I

Figure 6. Comparison of Actual Test and Fuzzy Reasoning
Prediction

sity has been reached, it is likely that
there is a fire. Their results showed that
even though the reasoning may not be
perfect due to the limited number of rules
that they used, the small number of rules
was sufficient to predict dangerous fire
scenarios.

To check the reliability of their fuzzy sys-
tem, they applied a neural network using
a commercially available software pack-
age.8 In addition to the eight fuzzy reason-
ing parameters, they added the rate of
smoke density increase. Given the defined
inputs, the neural net was able to accu-

rately predict the fire scenarios and comple-
ment the fuzzy reasoning system’s response.
This is illustrated in Figure 6. Note the

similarity in the shapes of the actual re-
sponse curves and the predicted response
curve.

While preliminary research like this shows
promise for the future, collaboration be-
tween Matushita Electric Work and the
Fire Research Institute of Japan has re-
sulted in the development of a three sen-
sor fire detector that operates with fuzzy
reasoning to provide a system which dis-
criminates between fire and non-fire con-
ditions.9

The detector senses increases in smoke,
heat and CO (Figure 7). In this case, the
fuzzy reasoning membership functions include
excess temperature, maximum value of excess
temperature, density of CO, time after CO
increase exceeds a constant value, smoke
density, maximum smoke density and time
after smoke increase exceeds a constant
value. The membership functions are com-
bined into four classifications: smoldering
fires, flaming fires, tobacco smoke and steam.
Two of these, smoldering fire and steam,
are illustrated in Figure 8. Note the sig-
nificant differences in slope, and the op-
posing increase or decrease of a specific
signature for a fire or a steam condition.
This provides clear distinction between
the steam and smoke signatures.

Tests have shown the system to be effec-
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Figure 7. Multi-Sensor Fire Detector

tive in identifying false alarms due to steam,
but less effective in discriminating tobacco
or cooking smoke. As a result, they have
added a human body IR sensor to provide
additional feedback as to the occupied/
unoccupied state of the room (Figure 9), a
concept also described by Guettinger.lo

A variation in this approach of sensing
multiple signals and utilizing fuzzy rea-
soning has been developed by Cerberus
AG, wherein only a single detection device
is required.&dquo;-13 In the previously described
systems, inputs are required from at least
two separate sensors. In the Cerberus system,
only a single sensor is used (an ionization
chamber), but electric fields of two differ-
ent strengths (described here only as &dquo;low&dquo;
and &dquo;high&dquo;) are applied to the chamber.
Chamber measurements made when the
low field strength is applied provide infor-
mation relative to the presence of smoke.

By contrast, chamber measurements made
when the high field strength is applied are
used to detect the presence of various

deceptive phenomena (e.g., coverage of the
radioactive source by condensation or dust).
By cross-correlating the two signals, it

has been shown that smoke can be dis-
criminated from all types of deceptive phe-
nomena except high air velocities. 12

Figure 8. Example of Fuzzy Reasoning Membership Func-
tions 9.

described, in part, by reviewing the opera-
tional characteristics of an ionization chamber.
In general, a radioactive source is used to
establish an electric current (flow of ions)
between two points through an open space.
If particles other than those created by
the radioactive source are introduced into
the chamber, they can bond with ions flow-
ing between the two points, thus reducing
the electric current. This concept works
for detecting smoke because many of the
particles produced during combustion have
the correct characteristics to interupt the
flow of ions. However, other materials,
such as dust particles or water droplets,

Figure 9. Matushita System Concept for Multi-Criteria Fire
Detection’°
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can deposit on the radioactive source, absorb
some of the ions being emitted and also
reduce the electric current.

In the latter case there is no fire, but a
false alarm may result in a smoke detector
that cannot discriminate between smoke
and coverage of the radioactive source by
water droplets (or dust). This is the case
for many &dquo;conventional&dquo; ionization type
smoke detectors. In the Cerberus system,
this discrimination is made through the
use of two different field strengths (smoke
has a much larger effect on a low applied
field than a high applied field) and the
fact that both the reduction and the rate
of reduction in electric current are differ-
ent for water droplets (or dust) than they
are for smoke. Thuillardll,12 shows that if
the normalized signal corresponding to the
high applied field is smaller than the normalized
signal corresponding to the low applied
field, the substance detected is likely pro-
duced by some deceptive phenomenon. By
contrast, if the normalized signal corre-
sponding to the low applied field is smaller
than the normalized signal corresponding
to the high applied field, and the signal
corresponding to the low applied field is
less than a pre-defined threshold, the substance
detected is likely smoke. (The high and
low signals are normalized for direct com-
parison.)

Figure 10. Output Map of Cross Correlated Ionization Sig-
nals&dquo;~

A system utilizing this approach was evaluated
under a variety of smoke, deceptive phe-
nomena and combined smoke and decep-
tive phenomena conditions. An output map
of possible results to these conditions using
the cross correlated signals is shown in

Figure 10 (where the abscissa corresponds
to the normalized output at the low ap-
plied field and the ordinate to the normal-
ized output at the high applied field).

The one situation not fully addressed by
this method is the discrimination between
a high velocity wind (which can disrupt
the flow of ions) and smoke. To solve this

problem, fuzzy logic is used to assess the
inputs and &dquo;reason&dquo; whether the signal
sensed is wind or smoke. In this case,

three membership functions are used as
the base: smoldering combustion, wind gusts
and ventilation system (air conditioning)
cycling. These are illustrated in Figures
11-13. As with the Matushita system, each
of the three functions have very different

shapes, allowing fuzzy reasoning to be used
with a high degree of confidence.

The characteristics evaluated for each input
signal are &dquo;gradient&dquo; and &dquo;noise.&dquo; These

prove to be good choices because, in the
case of wind, the noise variable has a &dquo;large&dquo;
value and the gradient is &dquo;low&dquo;, yet for the
smoke condition, the situation is reversed.
This allows the membership functions to
be &dquo;fuzzified&dquo; in terms of size, i.e., large
and small, and provides inference rules
that consider these relationships, for ex-
ample :

&dquo;If gradient is large and output signal
is large, then smoke,&dquo; and

&dquo;If gradient is small and noise is large
and output signal is large, then wind
gust,&dquo; and

&dquo;If gradient is small and noise is small
and output signal is large, then AC
system&dquo;

When processing is complete, the outputs
are &dquo;defuzzified&dquo; into well-defined alarm /
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Figure 11. Membership Function for Smoldering Combus-
tion

Figure 12. Membership Function for Wind Gusts’&dquo;

no alarm outputs. The result of this ap-
proach is a highly stable detection system
which meets the EN 54 fire test require-
ments with a very high tolerance to all

deceptive phenomena.

FUTURE RESEARCH AND
DEVELOPMENT
In the future, one might well expect to see
such a fuzzy reasoning approach coupled
with an expert system. Basically, an ex-
pert system is a computer program that
can solve problems that, up until now,

Figure 13. Membership Functions for Air Conditioning Sys-
tem Influence’&dquo;

Figure 14. Block Diagram of Expert System

required human expertise. This is done by
starting with an extensive knowledge base,
applying fuzzy reasoning or a neural net-
work to a problem, and continually build-
ing upon the knowledge base through the
reasoning process and expert input. Such
a system would be applicable not only to
fire detection systems, but to computer
fire simulation programs as well.

In a fire detection system, multiple sen-
sors can provide specific information con-
cerning various fire signatures, such as
temperature increase, radiant energy, smoke
and gas production. Given knowledge of
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