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ABSTRACT

The paper presents a partial safety factor approach to the problem of evaluating competing
designs for fire safety in the room of fire origin in a building. A partial safety factor is
defined as the ratio of the design value to the characteristic value for a load type variable
and its inverse for a resistance type variable. The safety criterion considered is the

expected number of deaths in the room or, alternatively, the probability of any death. A
death is assumed to occur when the time, X between the occurrence of the alerting cue
and the onset of untenable conditions is shorter than the time, Y to evacuation.

First, a safety index, &beta; is obtained, based on the means and standard deviations of the
logarithms of X and Y. Partial safety factors for X and Y can then be calculated.

It is further shown that there are theoretical reasons as well as empirical evidence for
assuming that X and Y both have approximately a lognormal distribution. There is then
a direct connection between the probability of death and the safety index &beta;, which leads
to a rationale for selecting appropriate values of &beta;. A discussion of the choice criteria for
characteristic values and code calibration procedure is also included.

INTRODUCTION

In the 1970s, a number of structural design
codes, for example the CEB code in Europe and
the National Building Code of Canada,2 adopted
the so-called &dquo;partial safety factors&dquo; approach to
reflect uncertainties in the data and/or model
inaccuracies. This approach involves two steps:

1. A characteristic value is determined for each
of the variables which appear in the model.

2. Each characteristic value is multiplied or
divided by a &dquo;partial safety factor,&dquo; depending
on whether the variable is a load variable or
a resistance variable, to obtain the values of
the design variables.

The use of the partial safety factor approach in
fire safety design has been forcefully advocated
in a number of publications (see e.g. Ramachan-
dran~). More recently, it was introduced in an
invited lecture at the Fifth International Sympo-
sium on Fire Safety Science in 19971 under the
name of &dquo;Level 1 design method.&dquo; Further details
and an example are given in a lecture by Frant-
zich et al at the same Conference.’

In this paper we look at the problem of evaluating
competing designs for fire safety in the room of
fire origin in a building. The criterion we wish
to examine is the expected number of deaths in
that room. Another possible criterion will be
examined in Distributional Assumptions. In the
simplified model we are setting up, there are just
two variables: the time to onset of &dquo;untenable

conditions,&dquo; X and the time to evacuation, Y. The
partial safety factor approach requires the deter-
mination of characteristic values, Xc and Yc, for
these two variables and then the determination
of two partial safety factors SFX and SFy. Since
an increased evacuation time decreases safety,
evacuation time behaves like a load variable. On
the other hand, the time to onset of untenable
conditions, which when decreased decreases
safety, behaves like a resistance variable. Thus
the appropriate formulae for the design variables
X~es and Ydes are

In this paper we will address the problem of relat-
ing the characteristic values, Xc and YC, and the
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partial safety factors, SFX and SFY, to the
expected number of deaths as derived from a
probabilistic risk analysis. The analysis can be
carried out at the code drafting stage, based on
statistical data and fire modeling. The resulting
characteristic values and partial safety factors
can then be tabulated in the code for the various

types of occupancies, fuel loads, barrier design
and any other relevant factors.

THE MODEL

The central reason for advocating probabilistic
modeling as a basis for code construction is the
fact that there cannot be accurate knowledge in
advance of the exact conditions under which a
fire will start and develop. Nevertheless, we can
subsume data from statistics of fires, experi-
ments and computer simulations in the form of

probability distributions. In particular, we can
estimate central values and spread for the key
design parameters. As Ramachandran’ has writ-
ten : &dquo;Probability modeling is concerned with
final outcomes rather than the detailed knowl-

edge of the processes that make it.&dquo; For example,
in the case of tossing a coin, it is theoretically
possible to calculate the outcome for each coin,
provided we have full knowledge of the initial
conditions. But without this detailed knowledge,
which is not normally available, we can still
make accurate statements about the mean and
standard deviation of the proportion of heads in
a large number of coin tosses, based only on the
symmetry of the coin.

Simple probabilistic models have been used suc-
cessfully in a number of areas in fire risk analy-
sis. For example, it is generally accepted that
fire loss follows a lognormal distribution and that
the number of fire insurance claims per year fol-
lows a Poisson distribution (see Ramachan-
dran’). In this paper, the idea of using a simpli-
fied probabilistic model, rather than a fully
detailed deterministic model whose parameters
will remain unknown, is extended to the study
of safety in the compartment of fire origin.

In the first instance, the proposed calculations
will involve only means, standard deviations and
correlations. This is known as the &dquo;second
moment&dquo; level of representation. In a subsequent

section, distributional assumptions will be intro-
duced and justified.

Consider a particular occupant of the room.
When a fire starts, it may take a short or a long
time until it causes a cue to be given to that
occupant. This may be an alarm, smoke, flame,
window glass breaking, direct observation of
ignition or the arrival of the fire brigade. To each
of those cues is attached a probability that it will
be the first to alert the considered occupant. For
the purposes of the present model, we shall
assume that there is only one cue, and that this
cue occurs before the onset of untenable condi-
tions.

More than one cue can be accommodated as fol-
lows : the conditional probability of death of the
considered occupant is calculated for the case of
each of the considered cues being the first to
alert the occupant. Then, the obtained values are
combined, using the theorem of total probability,
from the knowledge of the probabilities attached
to the various cues. In addition, there may be a
non-zero probability that the onset of untenable
conditions will occur before the considered occu-

pant is alerted. In our model, this will result in
the death of the occupant. This additional case
can be incorporated into the conditional probabil-
ity algorithm described in the preceding para-
graph.

Starting from the point of time when the alerting
cue occurs, we denote by X the random time until
the onset of &dquo;untenable conditions&dquo; in the room
of fire origin. By &dquo;untenable conditions&dquo; we mean
a room condition which will result in the death
of the considered occupant if they have not evacu-
ated by then. The distribution of X can be esti-
mated by running a Monte Carlo simulation,
using the appropriate program for compartment
fires. The stochastic variation is introduced by
sampling the parameters of the fire program
from suitable probability distributions. The
cumulative effect of mechanisms affecting the
considered occupant, the most important being
toxic fumes, radiation, oxygen depletion and heat
stress, can be monitored by the Monte Carlo sim-
ulation. There are also more rapid mechanisms
of fatal injury that can occur for individuals who
are &dquo;intimate with ignition&dquo;, such as the rapidly
fatal burns associated with clothing fires.
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The mechanisms affecting the occupants can
sometimes impair movement without causing
total incapacitation which would prevent escape.
In principle, it would be possible to take account
of their influence on the speed of the escape.
However, in most circumstances, if the design is
sufficiently conservative, such a detailed evalua-
tion is not justified. For the purposes of design
it will be assumed that the movement of the occu-

pants is unaffected by the fire until untenable
conditions are achieved, at which time move-
ment ceases.

Ensuring that the design is conservative is part
of the code calibration process which needs to be
used to determine an appropriate level of safety.
There is a fairly broad consensus about the essen-
tial steps of the code calibration process. A short

presentation is given in Appendix C. For full
details and references see Melchers.1

Let us recollect that we deal separately with the
case when the onset of untenable conditions
occurs before the considered occupant is alerted,
resulting in certain death. Thus, in the following
analysis, X will be taking only positive values.
It is then convenient to write In X = U, and
to work with U rather than X. In view of the

impossibility of having accurate knowledge of the
conditions that will prevail in an actual fire, it
is not unreasonable, for engineering design pur-
poses, to subsume our knowledge of X by just
two parameters:

Also, starting from the point of time when the
alerting cue occurs, we denote by Y the time until
the considered occupant evacuates the room.
This is made up of a number of components: a
waking up time component (mainly at night), a
cognitive process time component, an investiga-
tion component and an evacuation preparation
component. The distribution of Y should be
derived from statistical surveys. For the purpose
of engineering design; we lump together all these
components, write In Y = V and subsume our
knowledge of Y by just two parameters:

There are two basic simplifying assumptions for
the model.

1. We do not explicitly consider the interaction
between occupants. The interaction can be
taken into account by using conservatively
large values for the evacuation time.

2. Occupants will incur death if, and only if, their
evacuation time, Y is longer than the time of
onset of untenable conditions, X.

It follows from these assumptions that if
p = P(X < ~ is the probability that the evacua-
tion time is longer than the time of onset of
untenable conditions, and there are N occupants
in the room of fire origin the expected number
of deaths will be Np. Thus if the expected number
of deaths must be kept below some given value
Na the allowable probability of death will be
inversely proportional to the number of occu-
pants. How this will affect the design will be
discussed at length in what follows.

CALCULATION OF A SAFETY INDEX

The simplest way of quantifying the probability
of death is through the safety index /3 (see Melch-
ers).8 It follows from the basic assumptions of the
model that the event of the considered occupant
not dying is identical to the event X > Y. But,
in view of the monotonicity of the logarithmic
transformation, this event is identical to the
event U > V.

We now need to address the problem of the corre-
lation between X and Y. It stands to reason that
this correlation will be positive. Indeed, if the
fire is severe, untenable conditions will occur

early. At the same time, the fire will supply more
compelling cues to the considered occupant, so
that we can assume that evacuation time will
tend to be shorter.

In fact, perusal of the available literature (see
Brennan9 and the references quoted therein),
yielded no evidence that a more severe fire could
lead to an extended time of evacuation for any
reason. Even if this did occur in isolated cases,
the sign of the correlation would not be affected,
as it is a statistical property of the whole popula-
tion of fires considered and is not significantly
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affected by isolated outcomes. We conclude that
there will be some positive correlation between
X and Y and, therefore, also between U and V.
Let the correlation between U and V be denoted

by p.

By definition, the safety index /3 is the threshold
value of /3 for which /iw ~ {3a-w. In other words,
safety occurs when the mean of W is further away
from zero than {3 times its standard deviation.

Thus, in order to achieve a safety index of {3, it
is necessary to choose the parameters of the onset
of untenable conditions in such a way that

The appropriate value of the safety index
depends on the severity of the risk to life and
property. For example, it would be appropriate
to take /3 = 2.33 if there are 10 occupants at risk
but /3 = 3.09 if there are 100 occupants at risk.
The rationale for these recommendations will be

given in Distributional Assumptions.

SIMPLIF1CATIONS

The above result can be greatly simplified if we
are prepared to make some conservative assump-
tions.

Firstly, it should be noted that there is very scant
knowledge of the value of the correlation p in
real situations. Fortunately, since, as pointed out
above, p will normally be positive, it is a conserva-
tive assumption to assume it to be zero, as can
be seen from Eq. (9).

Secondly, suppose that we define two &dquo;design
values&dquo; for U and V as follows:

We choose,6* in such a way that when Vdes is less
than Udes, the safety index is greater than /3. Then
it is easy to see that the appropriate value of 13*
is given by

From this, it follows that)3* will vary from 0.707/3
(when the two standard deviations are equal) to
f3 (when one of the standard deviations is zero).

Let us now estimate &dquo;characteristic values&dquo; for
U and V as follows:

where k and k1 are appropriate values which
depend on the reliability of our estimation. Rec-
ommended values are given in Distributional
Assumptions.

It then turns out that

Finally, we can revert to the original values of
the variables X and Y as follows:

Note that Xc and Yc are simply the quantiles of
X and Y corresponding to U~ and Vc. As for SFX
and SFY, they are the partial safety factors cor-
responding to the variables X and Y, respectively.

The design values for X and Y, Xdes and Ydes, will
then be given by the standard formulae:
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Thus, in each design class, the partial safety fac-
tors can be calculated in terms of the standard
deviations of U and V.

DISTRIBUTIONAL ASSUMPTIONS

In the previous sections, no distributional
assumptions have been made and attention has
been focussed on means, standard deviations and
correlations.

While this approach provides a convenient way
to compare the safety of different designs, it does
not yield actual probabilities of death. To obtain
the latter, it is unavoidable to make distribu-
tional assumptions.

The two most frequently used criteria for safety
of a fire design are the expected number of deaths
and the probability of any death. If the probabil-
ity of death is denoted by p and the number of
occupants by N, then the expected number of
deaths is given by Np and the probability of any
death (i.e. at least one death) by

However, in the range of values ofp and N consid-
ered in this paper, namely Np - 0.02 (see next
paragraph) there is hardly any difference
between the two criteria. For example, if N = 10
and p - 0.002 we have Np - 0.02 and
1 - (1 - p)l = 0.0198.

A very convenient and robust assumption when
dealing with non-negative variables such as X
and Y above is to assume that they have a lognor-
mal distribution. This, of course, implies that
U and V are normally distributed. Some basic
properties of the lognormal distribution are given
in Appendix A and a justification of the assump-
tion oflognormality for X and Yis given in Appen-
dix B.

The rationale behind the recommended values of

{3 in the previous section then becomes apparent.
Since W is normally distributed, the probability
of death for each occupant corresponding to
f3 = 2.33 is 0.001 and the expected number of
deaths in one fire among 10 occupants is 0.01.
Similarly, the probability of death for each occu-
pant corresponding to {3 = 3.09 is 0.0001 and the

expected number of deaths in one fire among
100 occupants is again 0.01.

We now discuss the rationale behind the choice
of k and ki. They represent the discrepancy in
standard deviations between the means of U and
V and the corresponding &dquo;characteristic values,&dquo;
which are supposed to lie somewhere in the tails
of the distributions.

There is little information available about the

methodology of choice of characteristic values. In
the CEB code’ the characteristic values of the
loads and resistances are considered as their 95
or 5 percentile values as appropriate, or their
currently accepted values in lieu. This approach
may be sufficient for static design in a structural
code context, but it needs more flexibility in the
context of fire engineering, where the availability
of data is, in general, poor and the variability of
parameters large. If the reliability of the estima-
tion is poor, we cannot expect to accurately esti-
mate the tails of the distributions. We, therefore,
propose the following methodology: If the relia-
bility is &dquo;excellent,&dquo; the characteristic values will
be taken as the 5th and 95th percentiles of the
distribution. For a &dquo;good&dquo; reliability, they will be
taken as the 10th and 90th percentiles, for a
&dquo;reasonable&dquo; reliability, they will be taken as the
20th and 80th percentiles and, for a &dquo;poor&dquo; relia-
bility, they will be taken as the 40th and 60th
percentiles. The corresponding values of k and
k1 for a lognormal distribution of X and Y are
given in Table 1.

In addition, it should be pointed out that under
the lognormal assumption the standard devia-
tions uu and cry can be directly calculated from
the mean and standard deviation of each of X
and Y, using the well-known exact relations (see
Appendix A):

Table 1. Values of k for a Lognormal
Distribution of X and Y
~ ~ ~ ~ ~~~~~ ~ ~ ~~ ~ ~ ~ ~ ~
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where CVx and CVy are the coefficients of varia-
tion of X and Y, respectively.

These relations are, however, very robust and
insensitive to distributional assumptions, partic-
ularly for small coefficients of variation.

EXAMPLES

Example 1
In the analysis of a particular compartment, it
was determined that the mean evacuation time
was 1.25 minutes with a coefficient of variation

of 0.4.

A Monte Carlo simulation of the fire spread was
carried out and the time from various cues until

the onset of untenable conditions was evaluated.
The means and coefficients of variation are given
in Table 2.

Table 2. Means and Coefficients of
Variation for Times to Untenable
Conditions

Let us assume that the reliability of estimation
for the time to untenable conditions is &dquo;excellent&dquo;
so that we can use k = 1.64, while the reliability
of estimation of the evacuation time is no better
than good, with k1 = 1.29. Table 3 gives the val-
ues of the reliability index /3, the probability of
death p, and the corresponding values of {3*, SFx
and SFY.

If it is required that the probability of death be
less than 0.01, then an acceptable degree of
safety can be achieved only if the occupants are
alerted as soon as there is a medium amount of
smoke in the compartment. This level of safety
can be achieved with the installation of an auto-
matic smoke detector. However, a heat detector
does not react quickly enough to ensure accept-
able safety in the scenario under investigation.

Example 2
Suppose that the time, X to untenable conditions
has a coefficient of variation of 0.5 and that the
time to evacuation, Y has a coefficient of varia-
tion of 0.4. Suppose further that it is required
to achieve a safety index, i3 = 2.7. Under the
assumptions detailed in the previous sections, it
is possible to calculate the appropriate partial
safety factors under various assumptions relat-
ing to the reliability of the estimation of the char-
acteristic values. Using the formulae derived ear-
lier in the paper, we find that the partial safety
factor for the time to untenable conditions, SFX,
and the partial safety factor for the time to evacu-
ation, SFY, are as in Table 4.

It should be noted that the value of the partial
safety factor depends on the reliability of estima-
tion of the variable to which it relates, but not
on the reliability of estimation of the other vari-
ables in the model. The interaction between the

Table 3. Values of 13, p, 13 *, SFX and SFy
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Table 4. Values of SFx and SFy for
Various Values of k and k,

variables is accounted for by the values of 8
and 0*.

CONCLUSION

Characteristic values of the time to onset of
untenable conditions X and the evacuation time,
Y have been formulated, based on their variabil-
ity and on the reliability of their estimation. Fur-
thermore, formulae for the two partial safety fac-
tors, SFX and SFY have been obtained, based on
the coefficients of variation of X and Y and on
the number of occupants in the room of fire ori-

gin. The derivation of these formulae requires
only a conservative assumption about the corre-
lation between X and Y and the mild distribu-
tional assumption that X and Y are approxi-
mately lognormal.
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Appendix A: The lognormal distribution
We say that X has the lognormal distribution if
U = ln(X) is normally distributed. Suppose U
has mean 1-tu and standard deviation uu. Further-

more, denote the mean of X by I-tx and its coeffi-
cient of variation by CVX. We then have the fol-
lowing two pairs of relations:

Appendix B: Lognormality of X and Y
First, here is a justification of the assumption
that the time from the alerting cue to untenable
conditions has a lognormal distribution.

Computer models of compartment fires usually
consist of a set of differential equations which
allow the time to untenable conditions to be eval-
uated as a function of the input parameters of the
model. When the input parameters are sampled
from appropriate probability distributions,
Monte Carlo simulations yield estimators of the
distribution of the time to untenable conditions.

It has been observed by many workers in the
field that the time to untenable conditions, X can
be approximately expressed in terms of the input
parametersA,,A2 .... A,, by a formula of the form

A formula of the form of Eq. (B-1) has been used
by Frantzich et all-’ to represent the time to &dquo;crit-
ical conditions in the room&dquo; from simulations of
the CFAST modelB~2.

It follows from Eq. (B-1) that

In other words, ln(X) can be expressed as a linear
combination of the logarithms of the inputs. It
follows from the Generalized Central Limit Theo-
rem (FellerB-3) that ln(X) tends to have a normal
distribution, which implies that X tends to have
a lognormal distribution.

The justification for a lognormal distribution for
the time to untenable conditions is supported by
results of a large-scale Monte Carlo simulation
of a one-zone fire model, carried out at the Centre
for Environmental Safety and Risk Engineering
(CESARE), Victoria University of Technology
(VUT), Melbourne, Australia. The model used
was a modified version of a model first developed
by researchers at the National Research Council
of Canada (NRC) and subsequently modified by
researchers at CESARE. It is now known as the
NRC/VLTT fire growth model. There were sixteen
input parameters, which were randomly gener-
ated from given distributions.

Figure B-1 is a plot of 1090 ordered values of the
time to untenable conditions, in minutes, on a
logarithmic scale, against the corresponding
quantiles of a standard normal distribution,
together with a line of best fit. It can be seen
that the assumption of lognormality of the data
applies rather well for most of the range. At the

TEST OF LOGNORMALITY

Figure B-1. Lognormality of Time to Untenable Condi-
tions.
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lower end of the range, which is the critical part
of the distribution for our purposes, the observa-
tions tend to be higher than predicted by the
lognormal assumption. This means that assum-
ing a lognormal distribution is conservative. The
reason for the departure from lognormality at
the lower end is that the data appear to have a

positive lower end point. This phenomenon is
presumably due to the fact that, at the beginning
of a fire, the factors which control the subsequent
development of the fire, such as fuel mass, room
geometry and oxygen supply, do not seriously
affect the rate of spread of the fire, so that it takes
a fixed minimum amount of time until untenable
conditions are reached.

We next need to address the problem that the
time to onset of untenable conditions is measured
from the point of time of the alerting cue, not
from the time of ignition. To see why the change
of origin will not significantly affect the shape
of the distribution of X, we show, in Fig. B-2, a
scattergram of the time to untenable conditions
from ignition against the time to a particular
alerting cue, namely heavy smoke (both mea-
sured in minutes). It turns out that there is very
nearly a linear relation between the two times.
All the other times to alerting cues we have
examined have shown the same near linearity
relation to the time to untenable conditions. It is
then clear that the time to untenable conditions,
measured from the time of the alerting clue, will
also have a lognormal distribution. Indeed, let Xl
be the time to untenable conditions from ignition

Scattergram of Heavy smoke against Untenable conditions

Heavy.smoke

Figure B-2. Scattergram of Untenable Conditions v/s
Heavy Smoke.

Figure B-3. Lognormality of Time to Evacuation.

and X2 the time to the alerting cue from ignition.
Then X = Xi - X2. But, since we have approxi-
mately X2 = yX1 for some positive y < 1,

and ln(X) = m(l - A) + ln(Xl). And since ln(Xl) is
approximately normally distributed, so is ln(X),
with just a change of mean.

We now consider the distribution of the time to
evacuation. There are, of course, no computer
programs that can perform a Monte Carlo simu-
lation of that variable. We do, however, have the
results of research carried out at CESARE on
the topic. For details see Brennan.B-4 Figure B-3
is a plot of 15 ordered values of the time from
alerting cue to evacuation, in minutes, on a loga-
rithmic scale, against the corresponding quan-
tiles of a standard normal distribution, together
with a line of best fit. Here again there is no
evidence to reject the lognormal assumption. In
fact, a Kolmogorov-Smirnov test of normality
accepts the normality assumption for ln(Y). It
must also be remembered that the critical range
of the distribution here is the upper range, where
the observations tend to be sparse.

REFERENCES

B-1. Frantzitch, H., Magnusson, S.E., Holm-
quist, B. and Ryd&eacute;n, J., "Derivation of Par-
tial Safety Factors for Fire Safety Evalua-
tion Using the Reliability Index &beta; Method,"



28

Proceedings, Fifth International Sympo-
sium on Fire Safety Science, International
Association for Fire Safety Science, 1997,
pp. 667-678.

B-2. Bukowski, R.W., Peacock, R.D., Jones,
W.W. and Forney, C.L., "Technical Refer-
ence Guide for the HAZARD I Fire Hazard
Assessment Method," National Institute of
Standards and Technology, Gaithersburg,
MD, 1989.

B-3. Feller, W., "An Introduction to Probability
Theory and its Applications," Vol. 11.
Wiley, New York, 1966.

B-4. Brennan, P., "Timing Human Response in
Real Fires," Proceedings, Fifth Interna-
tional Symposium on Fire Safety Science,
International Association for Fire Safety
Science, 1997, pp. 807-818.

Appendix C: Code calibration
The following is a short presentation of code cali-
bration procedure, following Melchers. e-l The
purpose of code calibration is to adjust the relia-
bility index, 8 for a new proposed code so as to
bring its safety level in line with the existing
code.

Step 1: Define Scope. First of all, the range of
designs to be considered must be defined.

Step 2: Select calibration points. A number of rep-
resentative designs are selected for calibration.

Step 3: Existing design code. The existing design
code is used to carry out the chosen designs.

Step 4: Define limit states. A design space, con-
sisting of all basic variables, is chosen. In that
space, limit state functions are defined.

Step 5: Determine statistical properties. Appro-
priate statistical properties for each of the basic
variables required for calculating the reliability
index are derived from available data.

Step 6: Reliability analysis. Using an appro-
priate method of reliability analysis, together
with the limit state functions defined in Step 4,
each of the designs obtained in Step 3 is analyzed
to determine the set of values, /3c for each calibra-
tion point.

Step 7: Select target ({3T) values. Designs are cate-
gorized according to the {3c values determined.
Target values, /3T are chosen for each category of
design. Allowance can be made for the conse-
quences of failure, with higher {3T values for high
consequence failures. Also, selected {3T values

. must reflect a trade-off between cost of initial
construction and cost of failure consequences. It
is recommended to recognize the complexity of
the issue and to select the !3T values on a semi-
intuitive basis.
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