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Abstract 
Detection time of smoke detectors serves as an important part of passengers evacuation 
time. It’s the key to fire protection design for passenger ships and it is uncertain due to 
the randomness of fire scenarios and smoke detectors. Such uncertainty, based on the 
detection model of smoke detectors, is studied in this paper by using the Monte Carlo 
simulation method based on Latin Hypercube Sampling in typical areas of passenger 
ships, so as to obtain the distributions of detection time of ionization and photoelectric 
smoke detectors in cabins and corridors. Moreover, the uncertain parameters’ 
sensitivity of detection time of smoke detectors is analyzed using rank correlation 
coefficients, partial rank correlation coefficients and standard regression coefficients. It 
shows that detection time of ionization and photoelectric smoke detectors in cabins and 
corridors approximately follows normal, lognormal, gamma and Weibull distributions, 
considering the uncertainties of fire growth rate, fire source location, detection 
threshold, soot yield and maximum heat release rate. And the parameters which have 
great influence on detection time are fire growth rate, fire source location and detection 
threshold. The results provide effective reference for fire risk assessment and fire 
protection design of passenger ships. 
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1. Introduction 

With the implementation of the strategy of maritime power and the development of shipbuilding, the 
risk of fire on passenger ships has increased in recent years. Fire and flood account for about 90% of 
accidents on passenger ships, according to the analysis of historical accident data on passenger ships 
by Vassalos et al [1]. The data from the research by Weng and Yang [2] show that fires cause 132% 
more deaths than other types of maritime accidents. For instance, 34 people were killed when a fire 
broke out on the California cruise ship "Concept" in September 2019, and the ship's hull eventually 
vanished in flames. Therefore, a set of reliable equipment for fire detection and alarm is much-needed 
to effectively win time for rescue. However, detection time of such devices show significant 
randomness due to the uncertain parameters including fire source location, material types, and 
ventilation condition. 

At present, mainly two types of detectors are installed on passenger ships: heat detector and smoke 
detector, especially the last one [3]. Alpert [4] and Heskestad et al. [5,6] have done a lot of research 
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on heat detector modal in recent decades. Joglar et al. [7] analyzed the influence of uncertain 
parameters on detection time in the detection time calculation model of heat detector, from which a 
probabilistic model for predicting the activation time of heat detector was established. Wang et al. 
[8], based on the correlation between temperature and velocity, built a mathematical model for heat 
detector activation time under ship fire in a long-narrow space. However, the research on the 
calculation model of detection time of smoke detectors is less than heat detector, which mainly 
includes the First Principle Method [9], the Approximate Prediction Method [10], and the Prediction 
Method Based on the Detection Mechanism [11]. Unfortunately, the First Principle Method is unable 
to give the exact detection time due to the limitation of the smoke characteristic database, and the 
Approximate Prediction Method is pointed out as having flaws by some scholars who propose to use 
cumulative distribution function to describe detection time [12]. Compared with the First Principle 
Method and Approximate Prediction Method, the Prediction Method Based on the Detection 
Mechanism can offer higher accurate results [11]. 

Until today, a variety of parameter uncertainty analysis methods have been proposed, including 
Probabilistic Boundary Analysis [13], Fuzzy Mathematics [14], Response Surface Method [15], and 
Monte Carlo simulation Based on Sampling [16]. Among them, the Monte Carlo method is widely 
applied in many fields for its simple principle and easy implementation. With the Monte Carlo method, 
Yuen et al. [17] compared the influences on detection time when parameters in the detection model 
of heat detectors are constants or follow a certain probability distribution. They came up with the 
failure probability for detectors when the fire source location, fire growth rate, and the geometric 
shape of the building are uncertain. Wang [18] applied the Monte Carlo method to quantify the 
influence of uncertain parameters on detection time with sole consideration of the calculation model 
of the convective heat transfer. The results showed that detection time of heat detectors was affected 
mostly by fire growth rate and radial distance from fire plume axis. Xie et al. [19] analyzed the 
uncertainty and sensitivity of detection time of heat detectors by the Monte Carlo method based on 
Latin Hypercube Sampling and normalized first-order local sensitivity analysis method. Kong et al. 
[20] studied the influence of fire growth rate and the uncertainty of maximum heat release rate on 
available safety egress time by using the Monte Carlo method based on Latin Hypercube Sampling. 
Salem [21] quantified the influence of fire growth rate and Heat Release Rate (HRR) on available 
safety egress time based on Monte Carlo simulation. Xie et al. [22] studied the uncertainty of 
passenger egress time in ship fire by using a coupling technique of nested sampling and polynomial 
chaos expansion method. Zhang et al. [11] analyzed the influence of the constants of proportionality

e , c , e , c  that account for detector geometry on detection time, coming to the conclusion that 

the higher the detection threshold value of smoke detectors is, the longer the detection time is. 

To sum up, as much as the research on the uncertainty of heat detectors on passenger ships has been 
done, the research on detection time of smoke detectors is far less. Therefore, this paper, based on the 
detection model of smoke detector, studies the uncertainty of detection time of smoke detectors on 
passenger ship by Monte Carlo method based on Latin Hypercube Sampling. In this way, the paper 
also further analyzes the sensitivity of the uncertain parameters by using the Global Sensitivity 
Analysis method. 

2. Detection Model of Smoke Detectors 

In recent years, the activation and modeling of smoke detectors stand out to be a major research topic 
in fire safety engineering. In the Fire Dynamics Simulator (FDS), the Heskestad [23] and the Cleary 
model [24] are mainly involved. Heskestad proposed the use of a threshold optical density to 
determine if adequate smoke concentration is accumulated to activate a smoke detector. He also gave 
the lag time ( ) /t L u  of smoke passing through the detector to reach the sensing chamber, among 
the function the u  is smoke velocity and the characteristic length L representing the distance. 
However, such a model tends to ignore the mixing time of the smoke in the sensing chamber when 
the smoke velocity is slow, resulting in significant deviations. Later, it was improved by Cleary et al. 
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[24] who proposed a model involving dwell time et and mixing time ct , both of which are 

characteristic times as a function of smoke velocity u . The smoke flow rate caused by the drop across 
the entrance pressure through an effective area into A  is m Au , and   is the density of the 
smoke. 

The dwell time et for the smoke to penetrate the entire enclosure can be defined as the mass of smoke 

within the detector divided by the mass flow rate of smoke: 

 

1 e
e e

LA
t L u u

m
     

                           (1) 

 

The mixing time ct for which the smoke mixes in the sensing chamber and is detected by the sensors 

can be defined as the mass of smoke in the sensing chamber divided by the mass flow rate: 
 

       1 c
c c

L A
t L u u

m
  

   
                            (2) 

 

where L is the length of the sensing chamber. e , c , e , c  above are empirical constants for 

specific smoke detectors (there are two basic types: ionization and photoelectric), which are 
correlated with the geometry, with suggested values referring to Table 1 [11]. From equations (1) and 
(2), the change in the mass fraction of smoke cY in the sensing chamber is obtained: 

 

( ) ( )c e e c

c

dY Y t t Y t

dt t




 
                              (3) 

 

where eY represents the mass fraction of smoke outside the detector. The detector is activated when

cY clime to a specific threshold of the detector. 

Most fire models turn to calculate the smoke obscuration percentage per meter instead of directly 
calculating the mass fraction inside and outside the detector compartment, as shown in Equation (4): 
 

(1 ) 100m eK YObscuration e                             (4) 
 

where mK represents the extinction coefficient. For most combustion fuels, the recommended value 

for mK is 8700m2/ kg±1100m2/kg [25]. 

 

Table 1. Empirical constants of Heskestad and Cleary 

Detector 
e  e  c  c  L 

Cleary ionization I1 2.5 -0.71 0.76 -0.87 --- 

Cleary ionization I2 1.8 -1.10 0.98 -0.77 --- 

Cleary photoelectric P1 1.8 -1.00 0.97 -0.76 --- 

Cleary photoelectric P2 1.8 -0.80 0.80 -0.76 --- 

Heskestad ionization --- --- --- --- 1.8 
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3. Installation of Smoke Detectors 

In order to improve the sensitivity, accuracy, timeliness, and comprehensiveness of the detection, 
Code for Fire Safety Systems [26] stipulates that the maximum coverage area of smoke detectors is 
74m2, the maximum distance between the centers of smoke detectors is 11m and the maximum 
distance from the smoke detectors to the bulkhead is 5.5m. For heat detectors, it also specifies a 
maximum coverage area of 37m2, a maximum distance of 9m between the Centers of such detectors, 
and a maximum distance of 4.5m from the bulkhead. Since such installation specification did not take 
into account the uncertainties and cost-effectiveness, the optimal placement of fire detectors is yet to 
realize. Therefore, the study of the uncertainty of detection time will stand as the basis for optimizing 
the position and number of detectors. 

Smoke detectors and heat detectors have their own physical characteristics, so their sensitivity to 
different types and different locations of fire is different. Therefore, different detectors shall be 
installed to fit cabins with different functions. The smoke detectors are more often installed in areas 
with large sizes including stairways, corridors, escape passages, and cabins of the living quarters, as 
well as engine rooms, cargo holds, and vehicles. For heat detectors, they tend to be installed in service 
cabins such as kitchens, smoking rooms, crew dining rooms, entertainment rooms, barbershops, 
laundry, and drying rooms and storage battery rooms, as well as fuel pump cabins and gas stations. 

4. Uncertainty Analysis Method for Smoke Detectors 

4.1 Determination of Distribution of Uncertain Parameters 

According to the calculation model of detection time of smoke detectors, the main uncertain 
parameters in this paper are as follows: fire growth rate, fire source location, detection threshold, soot 
yield and maximum heat release rate. 

(1) Fire Growth Rate a   

The value of the fire growth rate a shows the speed of the fire growth. Holborn et al. [27] evidenced 
the fire growth rate follows lognormal distribution(-5.4, 1.92) based on a large quantity of statistical 
data, as shown in Table 2. 

(2) Horizontal Distance From the Fire Center to Detector d  

Suppose that the fuel area of fire source location is 1m2, the fire source location follows uniform 
distribution, and its value range is set in the size of internal boundary of the cabin. The horizontal 
distance d between fire center and detectors is calculated according to the data of fire source location. 

(3) Detection Threshold O  

The detection threshold is another uncertainty factor affecting detection time, which has a typical 
industry value of 3.28%/m [28]. In the SOLAS (International Convention for the Safety of Life at 
Sea), the range of detection threshold values based on ionization and photoelectric types is shown in 
Table 2. 

(4) Soot Yield sootY  

According to the detection principle of smoke detectors, the activation of a smoke detector is 
determined by the mass fraction of smoke, so the soot yield of the material is an uncertain factor 
affecting detection time. The soot yield follows the normal distribution(0.013, 0.00132) [29].  

(5) Maximum Heat Release Rate maxQ  

The heat release rate in the early stage of fire, according to a great number of fire experiments and 
fire statistics, can be assumed to follow certain rules [21]: 

 
2

( ) g

max g

at if t t
Q t

Q if t t

   
                             (5) 
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In this equation, ( )Q t represents the heat release rate(kW) at time t , a  is fire growth rate(kW/s2), 

maxQ represents maximum heat release rate(kW) and g maxt Q a  is the time(s) when it hits the 

maximum heat release rate. 

maxQ is related to the type of fire which is commonly ventilation-controlled and fuel-surface-

controlled. Therefore, it is necessary to determine the type of fire in an actual fire safety design. 

The maximum heat release rate for a ventilation-controlled fire is: 

 

, 0 01500max ventQ A H                           (6) 

 

In the above equation,  represents the combustion efficiency, which follows the uniform 

distribution range of [0.7, 0.85] [30]. 0A represents the area(m2) of the opening and 0H represents 

the height of the opening. 

The maximum heat release rate for a fuel-surface-controlled fire is: 

 

,max fuel PUA fQ Q A                              (7) 

 

In the above equation, PUAQ  is maximum heat release rate (kW/m2) per unit area, following the 

normal distribution(150, 202) [31], fA  is the area(m2) of the cabin and  is the ratio of fuel area to 

the area of the cabin, which also follows the normal distribution(0.25, 0.032) [30].  

For a confined space, maxQ should be the minimum heat release rate in ventilation-controlled and fuel-

surface-controlled fires [32]. 

 

 , , lmin ,max max vent max fueQ Q Q                         (8) 

 

Table 2. Distributions of uncertain parameters of smoke detector detection time 

Parameter Distribution Average 
Standard 
Deviation 

Range 

Fire growth rate(kW/s2) Lognormal -5.4 1.9 
[0.0117, 
0.1876] 

Horizontal distance from the fire center to 
detector(m) 

Uniform   [0, d] 

Threshold of ionization smoke detectors(%/m) Uniform   [2.6, 5] 

Threshold of photoelectric smoke 
detectors(%/m) 

Uniform   [6.5, 13] 

Soot yield Normal 0.013 0.0013 
[0.0091, 
0.0169]  

The combustion efficiency Uniform   [0.7, 0.85] 

Maximum heat release rate per unit 
area(kW/m2) 

Normal 150 20 [100, 180] 

Area ratio Normal 0.25 0.03 [0.15, 0.35] 
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4.2 Uncertainty Analysis Method 

4.2.1 Latin Hypercube Sampling 

Latin Hypercube Sampling (LHS), proposed by McKay, Beckman, and Conover [33] in 1979, has 
been widely applied to uncertainty analysis. As a stratified Monte Carlo sampling, LHS can 
effectively take values in the whole probability space. Compared with Simple Random Sampling, it 
has a higher efficient sampling rate that requires fewer samples to achieve the same accuracy [34]. 
The Monte Carlo simulation based on LHS combined with the FDS is used to examine the effect of 
parameter uncertainty on model prediction results. Steps are as follows: 

(1) Select uncertain parameters and determine the distribution form and range of the parameters. 

(2) Perform LHS for uncertain parameters. LHS is a stratified sampling method with equal probability. 
It divides the sampling interval into equal parts represented by n according to the sampling frequency
n and randomly samples each of parameters amount to m in each stratified space and then performs a 
random combination of them to form samples of the number of n . 

(3) Calculate the detection time of smoke detectors according to the input sample of the parameters. 
Substitute the samples sampled by LHS into the calculation model of smoke detector detection time 
and then run the calculation model to obtain the detection time. 

(4) Analyze uncertainty over the output results.  With the statistical analysis of the output results, the 
statistical characteristics of such results as probability density function(PDF) and cumulative 
distribution function(CDF) can be obtained. 

 

 
Figure 1. Uncertainty analysis flow chart of Monte Carlo method based on LHS 

4.2.2 Paramter Sensitivity Analysis 

Global sensitivity analysis is applied since it can reflect the simultaneous change of several input 
parameters and the influence of the interaction between the input parameters on the results. Compared 
with other methods of global sensitivity analysis, the method using Rank Correlation 
Coefficient(RCC), Partial Rank Correlation Coefficient(PRCC) and Standardized Regression 
Coefficient(SRC) can greatly reduce the calculation by only testing the original data or the ranked 
data to obtain the results. 

RCC and PRCC calculated the correlation between two elements by using their rank in each set, 
which can show the nonlinear but still monotonic relationship. RCC can reveal the correlation 
between the two variables under the influence of the interaction of other variables. Setting the sample 
volume is n , the number of input parameters is m , while after sorting (ascending or descending) 
input vector iX and output vector Y , we have the ranked set y and ijx . Here we use ijx  as the rank 

of element number j  of iX in ix  and jy  as the rank of element number j of Y in y( 1, 2, ,i m  ;

1, 2, ,j n  ). The calculation of y and ix using RCC is shown as equation (9): 
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Compared with RCC, PRCC performs a measure on the linear relationship between variables and 
results after removing the interference of other uncertain variables. First construct the regression 
model for ix and y: 

 

0
1,

ˆ
m

i k k
k k i

x c c x
 

   , 0
1,

ˆ
m

k k
k k i

y b b x
 

                         (10) 

 

where 0 1, , mc c c  and 0 1, , mb b b  are coefficients determined in the construction of the regression 

model. Then the RCC for ˆ( )i ix x and ˆ( )y y is calculated by equation (9), from which the PRCC for 

ix  and y is obtained. 

RCC can show the influence of one variable on the result whereas regression analysis can be used to 
assess the combined influence of multiple variables on the result. The SRC is obtained by normalizing 
the original data or the sorted data and then performing gradual regression. The absolute values of 
RCC, PRCC, and SRC can be used to provide a measure of variable importance, and the sign indicates 
whether the input and output parameters are positively or negatively correlated. 

5. Case Studies 

Taking the passenger cabin and the corridor on passenger ships as examples, the uncertainty of 
detection time and parameter sensitivity of ionization and photoelectric smoke detectors are analyzed 
by using the uncertainty analysis method mentioned above. As shown in Figures 2 and 3, two typical 
spaces are set up in FDS, and smoke detectors are installed in such areas according to the requirements 
(the ceiling of the spaces are hidden in the drawings for convenience of viewing the location of the 
detectors). 

5.1 Scene Settings 

(1) The cabin 

 

 
Figure 2. The construction of a typical cabin 
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The object in this paper is a typical passenger cabin on passenger ships. The cabin has a length of 
4.0m, width of 3.0 m, and height of 2.2m, and is connected to outside via a door of 0.7m width and 
2.0m height. The smoke detectors of the cabin is placed in the middle of the ceiling, as shown in 
Figure 2. 

(2) The corridor  

The separate corridor has a width of 1.0m, length of 40.0m, and height of 2.2m, and is connected to 
outside via a door of 1.0m width and 2.0m height. In the middle of the corridor, the smoke detectors 
are installed every 10m, as shown in Figure 3. 

 

 
Figure 3. The construction of a typical corridor 

5.2 FDS Settings 

Based on the distribution characteristics and value ranges of the parameters in Table 2, 500 samples 
are randomly drawn from each uncertain parameter using LHS mentioned in 4.2 and randomly 
combined. Each sample is treated as an experiment and FDS is run after the corresponding parameter 
settings are done. 

6. Result Analysis 

Sampling of uncertain parameters is performed according to the LHS with a sample size of 500. The 
data obtained from the two working conditions experiments are processed and statistical analysis of 
detection time of smoke detectors obtained is performed. The uncertainty analysis in this paper covers 
the detection time of ionization and photoelectric smoke detectors with fixed and variable thresholds. 

6.1 Uncertainty of Detection Time of Smoke Detectors 

Figures 4 and 5 show the probability distribution of detection times of different smoke detectors in 
the cabin and corridor fire scenarios, respectively. The threshold of ionization detectors is set at 
3.28%/m which is a typical industry value, and the threshold of photoelectric detectors is set at 
9.75%/m which is an average value of its threshold range. As shown in Figures 4 and 5, when given 
uncertain parameters, the detection time of different types of smoke detectors with different 
thresholds approximately follows some distributions, such as normal, lognormal, gamma, exponential, 
Weibull, and Poisson distributions. In this paper, Kolmogorov-Smirnov test (K-S test for short) [35] 
will be used for hypothesis testing. 

Figure 4 gives PDF and CDF of smoke detector detection time for the cabin. Using K-S test, it can 
be concluded that the most suitable distribution for the detection time of ionization detectors with a 
fixed threshold of 3.28%/m is gamma distribution. And the most suitable distribution for the detection 
time of photoelectric detectors with a fixed threshold of 9.75%/m and a variable threshold of 6.5-
13%/m is Weibull distribution. Whereas the detection time of ionization detectors with a variable 
threshold of 2.6-5%/m does not follow these distributions according to the test, it can be fitted with 
lognormal distribution according to the probability histogram. 

Furthermore, based on the CDF curve in Figure 4, the confidence level of detection time for smoke 
detectors in the event of a fire in the passenger cabin can be derived. When the threshold of ionization 
detectors is fixed at 3.28%/m and uniformly distributed in the range of 2.6-5%/m, the 95th percentile 
of detection time is 33s and 34s, respectively. When the threshold of photoelectric detectors is fixed 
at 9.75%/m and uniformly distributed in the range of 6.5-13%/m, the 95th percentile of detection time 
is 53s and 54s, respectively. It can be found that, with the 95th percentile of detection time as 
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representative and the threshold taken as a fixed value, the detection time of ionization detectors is 
reduced by 20s compared to such time of photoelectric detectors. In addition, the detection times of 
the same type of smoke detectors with fixed and variable thresholds are similar. 

 

             
(a) Ionization Smoke Detectors                         (b) Photoelectric Smoke Detectors 

Figure 4. Probability density distribution of smoke detector detection time in the cabin 

 

            
(a) Ionization Smoke Detectors                         (b) Photoelectric Smoke Detectors 

Figure 5.: Probability density distribution of smoke detector detection time in the corridor 
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In Figure 5, for the corridor scenario, the most suitable distributions for the detection time of 
ionization detectors with a fixed threshold of 3.28%/m and a variable threshold of 2.6-5%/m are 
respectively normal distribution and Weibull distribution. The most suitable distributions for the 
detection time of photoelectric detectors with a fixed threshold of 9.75%/m and a variable threshold 
of 6.5-13%/m are respectively Weibull distribution and gamma distribution. 

According to the CDF curves in Figure 5, when a fire occurs in the corridor, the 95th percentile of 
detection time is 37s and 40s when the threshold of ionization detectors is fixed at 3.28%/m and 
uniformly distributed in the range of 2.6-5%/m, respectively; the 95th percentile of detection time is 
63s and 66s when the threshold value of a photoelectric detectors is fixed at 9.75%/m and uniformly 
distributed in the range of 6.5-13%/m, respectively. From those data, it can be found that represented 
by the 95th percentile of detection time and the threshold taken as a fixed value, the detection time of 
ionization detectors is reduced by 26s compared to such time of photoelectric detectors. In addition, 
the detection times of the same type of smoke detectors with fixed and variable thresholds are similar. 

Furthermore, values of average, standard deviation, the minimum, the maximum, median and range 
for detection time of smoke detectors as well as the 5th percentile(P5), the 50th percentile(P50) and 
the 95th percentile(P95) are shown in Tables 3 and 4. 

 

Table 3. Statistical parameters of detection time in a cabin fire scenario 

Data 
Average(

s) 
Standard 

deviation(s) 
Minimum

(s) 
Median

(s) 
Maximum(

s) 
Range(

s) 
P5 
(s) 

P50 
(s) 

P95 
(s) 

Threshold of 
3.28%/m 

22.63 6.08 10.89 22.20 35.86 24.97 14 22 33 

Threshold of 
9.75%/m 

36.55 10.65 13.37 37.13 62.85 49.47 20 37 53 

Threshold of 
2.6-5%/m 

23.69 6.47 11.02 23.57 40.40 29.38 14 24 34 

Threshold of 
6.5-13%/m 

36.57 10.98 13.56 36.72 66.49 52.94 20 37 54 

 

Table 4. Statistical parameters of detection time in a corridor fire scenario 

Data 
Average

(s) 
Standard 

deviation(s) 
Minimum

(s) 
Median

(s) 
Maximum

(s) 
Range(

s) 
P5 
(s) 

P50 
(s) 

P95 
(s) 

Threshold of 
3.28%/m 

25.83 6.79 12.07 25.82 42.56 30.49 15 26 37 

Threshold of 
9.75%/m 

42.61 12.34 18.23 41.90 70.33 52.10 24 42 63 

Threshold of 
2.6-5%/m 

27.41 7.40 12.18 27.45 47.25 35.07 15 27 40 

Threshold of 
6.5-13%/m 

27.41 13.03 16.47 41.28 76.90 60.43 22 41 66 
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The uncertainty analysis results above provide the effect of the uncertain input parameters on the 
output results. The following sensitivity analysis determines which uncertain input parameters have 
significant effect on the detection time of smoke detectors. 

6.2 Sensitivity Analysis 

By performing global sensitivity analysis on the uncertain parameters of detection time of ionization 

smoke detectors, the RCC, PRCC and SRC values and their p values are obtained, as shown in Figure 

6, Figure 7 and Table 5. If 0.05p  , the correlation coefficients are considered to be statistically 
significant. The coefficient of determination R2 indicates how much the independent variable causes 
the change in the dependent variable, that is, the change in R2 indicates the proportion to which each 
parameter can explain the uncertainty of detection time. 

 

 
Figure 6. The RCC, PRCC, SRC between detection time and parameters for the cabin 

 

 
Figure 7. The RCC, PRCC, SRC between detection time and parameters for the corridor 

 

The absolute values of all coefficients indicate that a  is the most important parameter. In Figures 6 
and 7, a strong linear relationship can be seen between detection time of smoke detectors and some 
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uncertain parameters. In particular, the absolute values of PRCC for parameters a  and d  are close 
to 1. 

Table 5 shows the sensitivity results based on stepwise regression analysis. The importance of the 
variables can be indicated by the order in which the variables enter the regression model, the absolute 
value of the SRC, and the change in the R2 when the variables are added to the model. The result 
from SRC also shows that a  is the most important parameter. 

 

Table 5. Sensitivity results of detection time of smoke detectors 

  
Parameter   

The cabin The corridor 

p values 

of RCC 

p values 

of PRCC  

p values 

of SRC  
R2 

p values 

of RCC  

p values 

of PRCC  

p values 

of SRC  
R2 

a  0 0.0000 0.0000 0.4968 0 0.0000 0.0000 0.5867 

d  0 0.0000 0.0000 0.7053 0.0000 0.0000 0.0000 0.6950 

O  0.0000 0.0000 0.0000 0.7435 0.0000 0.0000 0.0000 0.7566 

sootY  0.0722 0.0000 0.0000 0.7581 0.3012 0.0000 0.0000 0.7686 

PUAQ  0.1791 0.8475 0.4440 0.7581 0.0641 0.9145 0.9290 0.7686 

 0.6965 0.8027 0.5925 0.7581 0.6965 0.8027 0.5925 0.7686 

 

In Table 5, for the passenger cabin, the cumulative values of R2 for the variables a , d , O  and sootY  

entering the regression model are 0.4968, 0.7053, 0.7435 and 0.7581, respectively, accounting for 
0.4968, 0.2085, 0.0382 and 0.0146 of the total uncertainty; whereas for the corridor, the cumulative 
values of R2 for the variables a , d , O and sootY  entering the regression model are 0.5867, 0.6950, 

0.7566 and 0.7686, respectively, accounting for 0.5867, 0.1083, 0.0616 and 0.0120 of the total 
uncertainty.  

All the coefficients show that the fire growth rate a dominates the uncertainty of detection time for 
smoke detectors and there is a strong linear relationship between them. Moreover, the horizontal 
distance d between the fire center and the detector, and the detection threshold O  have significant 
effects on the detection time. Therefore, in the design and performance evaluation practice of smoke 
detectors, it is essential to consider the location and the threshold of detectors and rationalize the 
assumption of fire growth rate, while the parameters sootY , PUAQ and  that have insignificant 

influence on the detection time can be set as constants without considering their uncertainties in 
practical applications. 

7. Conclusion 

Due to the uncertainty of the input parameters, the detection time of smoke detectors is uncertain and 
the effect of each parameter varies. In this paper, the uncertainty and sensitivity analysis of detection 
time for smoke detectors on passenger ships is performed using the Monte Carlo method based on 
LHS, reflecting the uncertainty of the detection results and the effect of each uncertain parameter on 
the detection results. To illustrate the process of analysis, two typical areas, namely the passenger 
cabin and the corridor, are considered as case studies. The FDS simulation is performed to calculate 
the detection time of smoke detectors and then to analyze its uncertainty and sensitivity. The results 
are as follows: 
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(1) In the case study, the result of uncertainty analysis shows that, when inputing uncertain parameters, 
the detection time of different types of smoke detectors with different thresholds is not fixed but 
follows a certain distribution. 

(2) In the cabin, the most suitable distribution for the detection time of ionization detectors with a 
fixed threshold of 3.28%/m is gamma distribution, and the detection time of ionization detectors with 
a variable threshold of 2.6-5%/m can be approximately fitted with lognormal distribution. The most 
suitable distribution for the detection time of photoelectric detectors with a fixed threshold of 
9.75%/m and a variable threshold of 6.5-13%/m is Weibull distribution. In the corridor, the most 
suitable distributions for the detection time of ionization detectors with a fixed threshold of 3.28%/m 
and a variable threshold of 2.6-5%/m are respectively normal distribution and Weibull distribution. 
The most suitable distributions for the detection time of photoelectric detectors with a fixed threshold 
of 9.75%/m and a variable threshold of 6.5-13%/m are respectively Weibull distribution and gamma 
distribution. 

(3) When the threshold of smoke detectors is a fixed value or follows a uniform distribution, it has 
little effect on the detection time with a confidence level of 95%. When comparing detection times 
of ionization and photoelectric smoke detectors, it is obvious that the detection time of photoelectric 
detectors with a higher threshold value is longer. The results provide probability assessment of 
uncertainty for safety design as well as effective reference for optimal layout of smoke detectors. 

(4) Sensitivity analysis demonstrates that the fire growth rate, fire source location, and detection 
threshold have the most significant effect on the detection time of smoke detectors. 
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