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A B S T R A C T

Accurate detection of unwanted fires at their early stage is crucial for efficient mitigation and loss prevention.
Moreover, the detection strategy must avoid false alarms and the associated disruptions in workplaces. Thermal
radiation-based flame detection is the fastest detection method and is commonly used in critical industrial
spaces, such as air hangars and petroleum manufacturing and storage. The main challenge is distinguishing
the radiation of flames from other sources, e.g., hot objects or the Sun. The principles of radiation-based flame
detection have been known for a long time, but open data and worked-out feasibility studies are rare. This work
takes advantage of the recent advances in experimental and numerical methods of characterizing the infrared
spectra. Combining high-resolution spectra from flames and blackbody emitters with virtual low-pass filters
allows us to simulate the response of a hypothetical sensor. To maximize the difference between flame and
blackbody responses, we use a pattern search algorithm to find optimal filtering wavelengths for two different
detection strategies based on three or four optical low-pass filters. The optimal wavelengths are reported along
with the sensitivity of the detection signal to the filter non-ideality. Our results give guidelines for design of
efficient and highly selective flame-radiation-based fire detection sensors.
1. Introduction

Fast and selective detection of flames is essential for the success of
fire suppression, and loss prevention in many industrial applications,
such as air hangars [1] and in the chemical industry. While there are
several conventional ways for detecting fire, such as detecting smoke
or heat, modern fire-detecting technology includes video-image flame
detection [2–4] and sensors detecting combustion or hot gases before
or precisely when combustion starts [5]. Indeed, it is not difficult to
uild detection systems that respond to the smallest signatures of a
lame, heat, or gases. The main problem is to avoid false alarms while
roviding reliable detection of actual fires. False alarms should be
voided as they may cause significant costs through emergency service
eployment, damage through the unnecessary activation of suppression
ystems, and interruption of the normal activities. For instance, in
inland, rescue services are alerted to about 23 000 fires every year. In
bout 12 000 of these cases, the issue is just checking or resetting the
utomatic fire detection system or home smoke alarm [6]. Intelligent
ulti-sensors are being designed to detect and process heat, smoke [7],
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hot gases [8], and carbon monoxide [9], utilizing intelligent algorithms
to distinguish between fire and false alarms.

Thermal radiation plays an essential role in the heat transfer and
spread of fires due to the relatively high temperatures involved [10].
In addition to being able to pass information without any significant
delay, the electromagnetic spectrum of the hydrocarbon flame has a
unique spectral feature in the infrared regime that can be utilized
in an intelligent detection algorithm [11,12]. To avoid false alarms,
any radiation-based detection algorithm must distinguish the radiation
spectra of the flame from other sources such as hot objects or solar
radiation. In engineering applications of flame radiation, the depen-
dence of emission and transfer on wavelength is commonly ignored
(i.e., the gray assumption), but the dominance of the CO2 and H2O
emissions can be used as a flame fingerprint. This is the principle of
the infrared detectors that unambiguously distinguish flames from hot
surfaces. When the flame is still small and optically thin, it can be
detected by comparing the emission intensity at 4.4 μm representing
the emission band of CO2 to that at 3.8 μm, which is outside of the
vailable online 16 September 2022
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Nomenclature

Latin letters

𝐷 Pool diameter, cm
𝐸 Radiative energy within a spectral band ,

W∕(m2 sr)
𝐺 Radiative energy received below a certain

wavenumber, W∕(m2 sr)
𝐼 Radiative heat intensity, W∕(m2 sr cm−1)
𝑛BB Number of blackbody emitter spectra, -
𝑛f ire Number of fire flame spectra, -
𝑇 Temperature, K

Greek letters

𝜂 Wavenumber, cm−1

𝜉 Detection signal; ratio of energy of two bands
𝜀 Detection threshold, -
𝜎 Step width, cm−1

Subscripts

𝜂 Spectral, wavenumber
fire Fire flame
BB Blackbody emitter

Abbreviations

CFD Computational fluid dynamics
FDS Fire dynamics simulator
FSCK Full spectrum correlated-k method
IR Infrared
WSGG Weighted sum of gray gases model

emission band. The signal in this comparison is much stronger for fire
than for other hot emitters.

Though detecting a fire through its unique radiative characteristics
is a well-established technology, there is no detailed insight into the
detection method and especially the spectral characteristics in the open
literature. This is the motivation for the current work. The present work
provides detailed insight into the characteristics of fire spectral emis-
sion that should serve as the spectral signature of a flame. Moreover,
we discuss the details of the efficiency of the infrared spectrum-based
detection strategy. This work presents an optimized flame detection
strategy by analyzing the recently published high-resolution spectra
of fire [13–15] by computing the corresponding spectra for blackbody
emitters, as observed over a finite distance of water-vapor-containing
air. In the present work we use high-precision data that were available
for carrying out the optimization. The non-ideality of optical filters
would also allow data with less frequency resolution but we do not con-
sider this question here. The feasibility of fire detection by three or four
low-pass optical filters is studied. The optimized cutoff wavenumbers
of the optical filters are obtained by the Pattern Search optimization
algorithm of Matlab. Our choice of the optimization method was based
on its easy availability, numerical efficiency, and convenience when
varying the system parameters. Utilizing a numerical parameter for the
detection confidence, we evaluate the effects of the fire size (optical
thickness), and filter quality on the possibility of distinguishing flames
from other hot objects. Moreover, we provide a sensitivity analysis of
the performance of optical filters used in fire flame detectors and its
2

effect on the strength of the detection signals.
2. Methods

2.1. Flame and blackbody radiation spectra

Recent improvements in computational power pave the way for
more accurate modeling of wild and unwanted fires, leading to more
effective mitigating and extinguishing. Fire contains complex, coupled
physical processes such as combustion, hydrodynamics, and heat trans-
fer which can be solved with computational fluid dynamics (CFD)
in principle. Radiation heat transfer is among the most challenging
physical phenomena to solve because in addition to its spatial de-
pendence, the radiative transfer equation has directional and spectral
dependence [16,17]. Thus, it makes an accurate solution of thermal
radiation difficult and costly [18].

To include the spectral dependence in solving the total (i.e., spec-
trally integrated) radiative heat loss and radiative heat flux, global
models such as FSCK [19,20] and WSGG [21] give excellent perfor-
mance. However, to obtain the fire emission spectra needed for the
present research, the radiative transfer equation needs to be solved
for a finely discretized spectrum representing millions of monochromic
electromagnetic waves.

Circular pool fires are a typical industrial fire scenario, and their
consequences are commonly analyzed using CFD [22,23]. Bordbar
et al. [14] have reported a numerical methodology to obtain line-by-
line radiation spectra of large-scale pool fires. They first simulated
semi-steady circular kerosene pool fires using a CFD model built in
Fire Dynamic Simulator (FDS) [24]. The CFD model [14] was built
following the common practices of industrial fire analyses [22,23], such
as an open atmosphere, empirically specified fuel-mass-flow boundary
condition, Large Eddy-Simulation-based turbulence modeling, mixing-
controlled combustion model, and a radiation transport model with
gray properties. From the CFD solutions they extracted the detailed
temporal profiles of gas compositions, soot concentration, and tem-
perature along a sensor’s line of sight, to be used for the line-by-line
radiation calculation. The gas concentrations of different gas species
and soot in fires have been widely reported in the literature, see for
instance [14,25,26]. It should be noted that the fire emission spectra
are affected by the concentration of all the gas species and the temper-
ature. The spectral radiative heat transfer along the sensor’s line of sight
was then solved using high-resolution absorption spectra of combustion
gases and soot by line-by-line calculations. Fig. 1 shows a schematic of
the CFD model used in Ref. [14] and a typical spectral intensity profile
obtained for large pool fires. The fire spectra obtained numerically with
this methodology agree well with the available experimental data with
coarser resolution as shown in [14] and Fig. 1.

Comparing fire spectra with a hot blackbody emitter, there is a
unique emission peak at ≈ 2000 − 2200 cm−1. It is due to the strong
emission by hot CO2 in a fire. Moreover, the strong absorption by
cold atmospheric CO2 between a fire and a sensor causes a large
absorption valley at ≈ 2200 − 2400 cm−1. This unique behavior is due
to a change in the strength and location of the absorption band of CO2
with temperature [14]. Bordbar et al. [14] showed that by increasing
temperature, the center of the band shifts toward smaller wavenumbers
and the width of the band shrinks. A wider range of emission spectra
for large pool fires and a close-up view of the main CO2 band have
been given in [14]. Moreover, the absorption strength of the gas is
much larger at lower temperatures. Hence, the hot CO2 in fire causes
an emission peak at smaller wavenumbers. On the other hand, the cold
CO2 between a fire and a sensor causes a strong absorption valley at
larger wavenumbers.

The reported numerical results provide high fidelity information
about how fire radiation intensity changes with the wavenumber.
However, they are relevant for large pool fires representing the most
challenging fire scenario for spectral detection. Such pool fires contain
a high load of soot, and therefore their spectral behavior is almost gray,

making them difficult to differentiate from the radiation of hot objects.
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Fig. 1. (a) An illustration of the FDS model used in [14]. (b) Radiative intensity 𝐼 as a function of wavenumber from a hot blackbody (BB) object compared to the one from a
large Kerosene pool fire.
Source: Both figures are adapted from Ref. [14].
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Nonetheless, large fires are naturally easy to detect by other means.
Moreover, an improved fire detection method should be done at the
beginning stages when the fire is relatively small. Hence, in the present
work, we use high-resolution spectra of Kerosene pool fires of various
sizes (30, 70, and 100 cm) measured by FTIR spectroscopy at a distance
of several meters. The spectra are presented in Section 3.1 and details
of the measurements are discussed elsewhere [13].

An ideal detector should perfectly differentiate between the radia-
tive intensity spectrum of fire and hot objects to avoid false alarms. To
study this issue, we numerically obtained the radiative spectra of some
typical hot blackbody emitters. We solved for the radiation transfer
along the line of sight of a sensor facing the hot surfaces at a 23 m
distance. The high-resolution line-by-line absorption spectra of H2O,
CO2, and CO were obtained from HITEMP 2010 spectral database [27].
The details of line-by-line calculations were discussed in our previ-
ous works [14,21]. The calculated spectra of blackbody emitters are
eported in Section 3.1 and Fig. 6.

2.2. Detection strategy

As previously reported [14], spectral fire detection should be based
on a signal comparing the intensity associated with the emission peak
of hot CO2 with some other parts of the spectrum which remain un-
changed by fire. Hence, we need to design a sensor to detect this peak.
In measuring radiative heat flux, we need to have several low-pass
(with respect to frequency or wavenumber) optical filters to measure
the radiative heat flux passing through this part of the spectrum. Here
we study the feasibility of this detection by using three or four low-pass
optical filters. It is worth noting that the terms low-pass and high-
pass are used in the literature of Optics with respect to frequency,
while wavenumber is the common parameter in spectral radiation
modeling in combustion systems. Nonetheless, a low-pass filter allows
transmission of all the electromagnetic waves with lower frequencies
(wavenumbers) than the filter’s cutoff frequency (wavenumber) and
blocks electromagnetic waves with higher frequencies (wavenumbers).
Moreover, although we obtain three or four band-cut limits for our
detection schemes, the proposed ones can be equivalently implemented
using two band-pass filters with the same cutoff limits.

2.2.1. Detection strategy with four low-pass filters
We need to obtain the radiative energy passing through two bands

as shown by gray and red in Fig. 2. This can be done using four different
low/high-pass filters or using two bandpass filters. Either way, the
main challenge remains in obtaining the optimal wavenumbers for the
bandpass parameters that produce the strongest detection signal. This
3

optimization problem will be formulated in the next section.
Fig. 2. Radiation intensity 𝐼 as a function of wavenumber 𝜂 for the detection scheme
with four low-pass optical filters. The left side shows the emission spectra of 30 cm
Kerosene pool fire measured at a 23 m distance. The radiative energy passing bands 1
and 2 should be measured and compared with those of a blackbody emitter. A sample
of emission spectra of a blackbody emitter at 1100 K reaching a sensor at the same
distance is shown in the right panel. See text for the definitions of the parameters 𝜂.

Having ideal optical low-pass filters with transmissivity changing
rom one to zero at a distinct wavenumber 𝜂𝑓 , the energy received at
avenumbers below 𝜂𝑓 is
(

𝜂𝑓
)

= ∫

𝜂𝑓

0
𝐼𝜂𝑑𝜂, (1)

nd the energy within a wavenumber band [𝜂1, 𝜂2] is
(

𝜂1, 𝜂2
)

= ∫

𝜂2

𝜂1
𝐼𝜂𝑑𝜂 = 𝐺

(

𝜂2
)

− 𝐺
(

𝜂1
)

. (2)

he ratio of incident energies within two wide bands (b1 and b2) is

(

𝜂1, 𝜂2, 𝜂3, 𝜂4
)

=
∫ 𝜂2
𝜂1

𝐼𝜂𝑑𝜂

∫ 𝜂4
𝜂3

𝐼𝜂𝑑𝜂
=

𝐸(𝜂1, 𝜂2)
𝐸(𝜂3, 𝜂4)

=
𝐺
(

𝜂2
)

− 𝐺
(

𝜂1
)

𝐺
(

𝜂4
)

− 𝐺
(

𝜂3
) , (3)

where
𝜂1 = 𝜂b1 −

𝛥𝜂
2 ;

𝜂2 = 𝜂b1 +
𝛥𝜂
2 ;

𝜂3 = 𝜂b2 −
𝛥𝜂
2 ;

𝜂4 = 𝜂b2 +
𝛥𝜂
2 .

(4)

As shown in Fig. 2, 𝜂b1, 𝜂b2, and 𝛥𝜂 are the centers of two bands and
their identical bandwidths, respectively. A fire can be differentiated
from a hot object if the ratio 𝜉f ire(𝜂b1, 𝜂b2, 𝛥𝜂) corresponding to the fire
is greater than that of a hot blackbody object 𝜉BB(𝜂b1, 𝜂b2, 𝛥𝜂) such that
𝛿𝜉(𝜂b1, 𝜂b2, 𝛥𝜂) = 𝜉f ire(𝜂b1, 𝜂b2, 𝛥𝜂) − 𝜉BB(𝜂b1, 𝜂b2, 𝛥𝜂) > 𝜀, (5)
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Fig. 3. Using three ideal low-pass filters to detect the emission peak of hot CO2 at 𝜂 ≈ 2000 − 2200 cm−1.
a
d

r

i
6
t
f

Fig. 4. Radiative intensity 𝐼 as a function of the wavenumber 𝜂 for the detection
scheme based on net radiative heat energy of two identical neighboring wide bands
located around the hot peak of CO2; comparison between radiation spectra of fire (left)
and a hot blackbody (right).

where 𝜀 is the detection threshold. The larger the 𝜀 the better the
accuracy of the fire detection.

2.2.2. Detection strategy with three low-pass filters
Alternatively, we also consider the feasibility of fire detection by us-

ing three low-pass filters. Fig. 3 schematically shows the fire detection
strategy with three optical filters. It is based on comparing the signal
of the comparative intensity of two neighboring bands. The ratio of
incident energies within two adjacent wide bands is

𝜉
(

𝜂1, 𝜂2, 𝜂3
)

=
∫ 𝜂3
𝜂2

𝐼𝜂𝑑𝜂

∫ 𝜂2
𝜂1

𝐼𝜂𝑑𝜂
=

𝐸
(

𝜂2, 𝜂3
)

𝐸
(

𝜂1, 𝜂2
) =

𝐺
(

𝜂3
)

− 𝐺
(

𝜂2
)

𝐺
(

𝜂2
)

− 𝐺
(

𝜂1
) . (6)

he two neighboring wide bands are schematically shown in Fig. 4,
ssuming a constant bandwidth of

𝜂 = 𝜂2 − 𝜂1 = 𝜂3 − 𝜂2. (7)

Again, a fire can be differentiated from a hot object if the ratio
f ire(𝜂2, 𝛥𝜂) is greater than the ratio of a hot blackbody object 𝜉BB(𝜂2, 𝛥𝜂)
such that

𝛿𝜉(𝜂2, 𝛥𝜂) = 𝜉f ire(𝜂2, 𝛥𝜂) − 𝜉BB(𝜂2, 𝛥𝜂) > 𝜀, (8)

here 𝜀 is the detection threshold.

. Results and discussion

.1. Optimization of four filters detection plan

To obtain the best detection scheme for the proposed strategy with
4

our low-pass filters, we need to get the optimal combination of 𝜂b1, 𝜂b2, (
nd 𝛥𝜂 to maximize 𝜀. The objective function to be maximized is
efined as:

𝛿𝜉
(

𝜂b1, 𝜂b2, 𝛥𝜂
)

= 𝜉f ire
(

𝜂b1, 𝜂b2, 𝛥𝜂
)

− 𝜉BB
(

𝜂b1, 𝜂b2, 𝛥𝜂
)

=
∑𝑛f ire

1 𝜉f ire
(

𝜂b1, 𝜂b2, 𝛥𝜂
)

𝑛f ire
−

∑𝑛BB
1 𝜉BB

(

𝜂b1, 𝜂b2, 𝛥𝜂
)

𝑛BB

(9)

The quantity 𝜉 represents the ratio of the radiative energy of the two
bands as in Eq. (3). The variables 𝜂b1, 𝜂b2, and 𝛥𝜂 represent the centers
of two bands and their identical bandwidths, respectively, and 𝑛f ire
and 𝑛BB denote the number of fire and blackbody-emitter spectra used
in optimization, respectively. The overbar represents an average over
the spectra.

Using the experimentally measured normalized fire spectra of three
Kerosene pool fires [13] shown in Fig. 5 and the numerically calculated
normalized radiative spectra of the hot blackbody for nine evenly
spaced temperatures between 400 − 1200 K (Fig. 6), we implement
the Pattern Search module of Matlab R2021a to obtain the optimal
combination of 𝜂b1, 𝜂b2 and 𝛥𝜂. The radiative intensity profiles have
been normalized by their maximum values to give balanced contri-
butions to the optimization process. The calculations were performed
on a Dell Precision 5820 Tower Windows computer (6 core 3.60 GHz
Intel Xeon). The default settings of the Matlab R2021’s Pattern Search
solver have been used for the optimization, including mesh tolerance of
10−6, maximum iteration of 100×{number of variables}, and function
tolerance of 1e-6. Using normalized intensity makes the weight of all
the fire and blackbody emitters the same in the final optimized solution.
Inspecting normalized intensity of three pool fires shown in Fig. 5, we
found 𝜂b1 = 2232.8 cm−1 to be optimal for catching the characteristics
of the emission peak of hot CO2 and thus fixed its value. It was found
by averaging of the spectral ranges of the fire spectra with normalized
intensity larger than 0.95. Hence, the optimization of the parameters in
Eq. (9) is done only for two parameters of 𝛥𝜂 and 𝜂b2 in the following
anges:

30 cm−1 < 𝛥𝜂 < 300 cm−1;
2395 cm−1 < 𝜂b2 < 2800 cm−1.
These ranges were selected based on investigating the normalized

ntensity spectra of fire and blackbody emitters shown in Figs. 5 and
and are in line with previously reported data [10]. Using the pat-
ern search algorithm, the best optimal combination for the proposed
our-filter detection plan is:

𝜂b1 = 2232.8 cm−1(4.479 μm);
𝛥𝜂 = 44.25 cm−1;
𝜂b2 = 2423.43 cm−1(4.21 μm).
Hence, the band-cut limits for the first band are 2210.68 cm−1

−1 .435 μm) and for the second band
4.523 μm) and 2254.93 cm (4
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Table 1
Values of 𝜉 for the optimized combination of 𝜂b1, 𝜂b2, and 𝛥𝜂 in the four-filter detection plan.
Pool fires of D (cm) 30 70 100
various size (D) 𝜉 3.40 2.30 1.33

Blackbody at various T (K) 400 500 600 700 800 900 1000 1100
temperatures (T ) 𝜉 0.89 0.77 0.70 0.66 0.63 0.61 0.59 0.57
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Fig. 5. The experimental normalized radiative intensity spectra reported in [13] for
Kerosene pool fires. 𝐷 represents the diameters of the three pool fires.

Fig. 6. The numerically calculated normalized radiative intensity spectra reaching a
sensor from blackbody emitters of various temperatures at 23 m distance.

2401.31 cm−1 (4.164 μm) and 2445.56 cm−1 (4.089 μm). The band-
idths for the first and second bands in micrometer are 0.088 μm and
.075 μm, respectively.
With this combination, the values of 𝜉 (cf. Eq. (3)) are found as

listed in Table 1. The values of 𝜉 for the fires are larger than those of
blackbody emitters which confirms strong detection signals for fires. As
the size of the fire increases, the detection signal strength decreases. In
fact, the larger optical thickness of larger fires, which is due to larger
soot volume fraction and larger flame width, makes their radiation
spectra closer to that of a blackbody emitter. Note that since the
normalized solar intensity spectrum is relatively small and smooth in
these two bands, the 𝜉 for solar spectrum will be around unity and is
weaker than the 𝜉 of the fire.

3.2. Optimization of three-filter detection scheme

For the detection scheme with three optical filters, the optimal
combination of 𝜂2 and 𝛥𝜂 to maximize 𝜖 (see Eq. (8)) should be
etermined. Similar to the four-filter detection scheme, the objective
unction to be maximized is defined as:

𝛿𝜉
(

𝜂2, 𝛥𝜂
)

= 𝜉f ire
(

𝜂2, 𝛥𝜂
)

− 𝜉BB
(

𝜂2, 𝛥𝜂
)

=
∑𝑛𝑓𝑖𝑟𝑒

1 𝜉f ire
(

𝜂2, 𝛥𝜂
)

−
∑𝑛BB

1 𝜉BB
(

𝜂2, 𝛥𝜂
)

.

(10)
5

𝑛f ire 𝑛BB a
Following the same optimization methodology and spectral data as for
the four-filter detection scheme, we again implemented the Pattern
Search optimization module of Matlab R2021a to find the optimal
combination of 𝜂2 and 𝛥𝜂 in the following ranges for 𝜂2 and 𝛥𝜂:

2000 cm−1< 𝜂2 < 2350 cm−1;
30 cm−1 < 𝛥𝜂 < 300 cm−1.
The above ranges were selected by investigating the fire and black-

body spectra shown in Figs. 5 and 6. Optimizing the detection signal
with the pattern search algorithm, we found out that 𝛿𝜉

(

𝜂2, 𝛥𝜂
)

is
maximum with 𝜂2 = 2102.55 cm−1 (4.756 μm) and 𝛥𝜂 = 217.72 cm−1.
This gives 𝜂1 = 1884.83 cm−1 (5.3055 μm) and 𝜂3 = 2320.27 cm−1

4.3098 μm). With these optimized cutoffs, the calculated ratio of the
adiative heat energy of two neighboring wide bands for various fires
nd blackbodies are listed in Table 2.
As seen in Table 2, the values of 𝜉 with the optimal combination of

2 and 𝛥𝜂 are around 0.5 for the spectra of blackbody emitters while
hey are always larger than one for the fire spectra. It is also clearly
een that the smaller fire causes larger 𝜉 which means a stronger signal.
n other words, the smaller the flame, the more distinguishable its
pectrum is from the blackbody spectrum.
Emission and absorption of carbon dioxide, carbon monoxide, and

ater vapor existing in the air between a fire and a sensor may affect
he detection signal. This depends on gas concentrations, thermal con-
itions, and the distance between the fire and the sensor. For instance,
ir conditioning or different stages of sprinklers affect the water vapor’s
oncentration, and therefore may alter the radiative heat transfer from
he fire to the sensor. While the unique feature of the fire spectrum
s the emission peak of CO2, located beside the absorption dominant
egion caused by cold atmospheric CO2, the water vapor content of the
mbient air between the sensor and fire primarily affects the absorption
f other parts of the spectrum. Bordbar et al. [14] reported that ambient
elative humidity has a negligible effect on the form of the spectrum
t large distances. However, at close distances, the main impact of
elative humidity is seen in the absorption bands of H2O. High relative
umidity causes a large deviation from blackbody spectrum. However,
he distance and relative humidity seem to have a negligible effect
n the absorption/emission peak of CO2 at ≈ 2000 − 2200 cm−1 (see
able 3).

.3. Effect of the filter non-ideality

The filters in the preceding sections were assumed to behave as step
unctions with a sharp transition from fully opaque to fully transparent.
his represents an ideal filter with zero-step width, which is not feasible
n practice. Non-ideality can be present in the step width, step height,
nd other deviations from the ideal design. Here we consider filters
ith a non-zero step width with a transmittance defined by a cumu-
ative normal distribution with standard deviation (𝜎) and average
quivalent to the three optimum values of 𝜂𝑓 . The performance of
detector made of three filters with (arbitrary) 𝜎 = 100 cm−1 is
isualized in Fig. 7.
Fig. 8 shows the intensity ratio 𝜉 of a three-filter detector made of

on-ideal filters with 0 ≤ 𝜎 ≤ 1500 cm−1 and radiation coming from
he kerosene pool fires or blackbody sources with various temperatures.
he ideal case, i.e. a step function with zero width, is equivalent to zero
tandard deviation. Increasing the step width initially decreases 𝜉 for
he kerosene pool fire spectra and increases it for the blackbody spectra.
The three-filter detection strategy will work if the value of 𝛥𝜉 is
bove a threshold sensitivity value. Even without specifying an exact
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Table 2
Values of 𝜉 for the optimized combination of 𝜂2 and 𝛥𝜂 in the three-filter detection plan.
Pool fires of D (cm) 30 70 100
various size (𝐷) 𝜉 2.64 1.88 1.26

Black body at various T (K) 400 500 600 700 800 900 1000 1100
temperatures (𝑇 ) 𝜉 0.43 0.49 0.54 0.57 0.59 0.61 0.63 0.64
o

f
o
t
b

Table 3
The obtained optimal cutoffs for the 3- and 4-filter detection
plan.
The optimal 3-filter plan

Wavenumber (cm-1) Wavelength (μm)

𝜂1 1884.83 5.3055
𝜂2 2102.55 4.756
𝜂3 2320.27 4.3098

The optimal 4-filter plan

Wavenumber (cm-1) Wavelength (μm)

𝜂1 2210.68 4.523
𝜂2 2254.93 4.435
𝜂3 2401.31 4.164
𝜂4 2445.56 4.089

threshold, we can see from Fig. 8 that the signals from the pool fires
nd blackbody sources with highest temperatures approach each other
hen 𝜎 ≥ 200 cm−1. On the other hand, the difference between the
ire and the blackbody spectra remains relatively large up to about
00 cm−1 when the blackbody temperature is low (≤ 600 K). This
means that the detection strategy is more likely to distinguish between
fire spectra and low temperature black bodies.

Interestingly, while 𝛥𝜉 is largest for small fires in ideal filters, the
situation is different for non-ideal filters with large step widths. This
situation occurs because the 𝜉 for the 100 cm kerosene fire reaches a
inimum at 𝜎 = 91 cm−1 and thereafter increases above the 𝜉 for the
0 cm and 70 cm kerosene fires.

.4. Outlook on using metal particle-silica composite filters

The increasing attention towards utilizing mid-IR radiation in vari-
us applications within the energy, medical and communication indus-
ries has increased the need for developing spectrally functional optical
ilters. The types of optical filters are numerous, and their transmittance
an be adjusted by the refractive index, sub-layer thickness, etc. The
id-IR optical filters are usually designed by applying the Fresnel effect
n bulky multilayered dielectric films which limits their application
n compact optical devices [28]. The development of the nanofabri-
ation techniques, where metasurface materials are used to engineer
he optical response [29,30], has helped in reaching compact optical
devices. One type of optical filter for this application is based on diffuse
reflectance by layers embedded with particles. The transmittance of
the layer is influenced by the particle and medium material properties,
the layer thickness, particle size and volume fraction, porosity, and
surface roughness [31]. It may be possible to shift the transmittance
cutoff of layers embedded with semiconductor particles by adjusting
the particle size and shape or the semiconductor’s band gap [32].
The layers embedded with semiconductors may have a more sustained
reflectance at higher temperatures than metallic particles [33]. A sil-
ica layer embedded with micron-sized silicon particles was recently
estimated to have a step width of about 100 cm−1 [34]. Bandgap
engineering semiconductors, such as Ge, SiGe, PbS, PbSe, may provide
more alternatives for optimizing 𝜂𝑓 .

4. Conclusions

In the present work we have analyzed experimentally obtained
6

radiation spectra of three different pool fires and compared them to i
Fig. 7. Top panel: The relative extinction as a function of the wavenumber for three
fictitious filters with the optimum values of 𝜂2 and 𝛥𝜂 from Section 3.2, i.e. the cutoff
averages are 1884.83, 2102.55, 2320.27 cm−1. The filters have a non-ideal step width
characterized by a standard deviation 𝜎 = 100 cm−1. Bottom panel: Spectral intensity 𝐼
from a 100 cm kerosene pool fire and the filtered spectra for the three fictitious filters.

Fig. 8. The effect of a non-ideal step width (𝜎) on the parameter 𝜉 for kerosene pool
fire spectra and a blackbody spectra. The three-filter strategy is used with the optimum
values of 𝜂2 and 𝛥𝜂 from Section 3.2.

numerically obtained line-by-line based radiation spectra of blackbody
emitters at various temperatures. In this way we have been able to
present optimized plans for detecting fire by sensing the unique feature
of radiation intensity spectra related to hot CO2 in the flame zone.
The optimized detection plans can be implemented using three or four
optical filters to quantify the amounts of radiative heat passing through
two spectral bands, one around the emission peak of CO2 and another
utside it.
We have further optimized the cut-off wavelengths for three and

our-filter detector designs using a pattern search algorithm. The target
f the optimization was to maximize the difference between the de-
ection signals resulting from three pool fires and blackbody emitters
etween 400 K and 1100 K. With the optimal filter designs, the fire-
nduced detection signals were found to be 49% to 514% stronger than
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those induced by blackbody emitters. In addition, the four-filter detec-
tion plan was found to provide stronger signals than the three-filter
design.

Finally, the effect of the filter non-ideality was investigated by
calculating the detection signals with different levels of deviation from
an ideal, step-like filter function. The difference between the fire and
blackbody-induced detection signals remained distinct when the char-
acteristic width of the step function was less than 200 cm−1. We believe
hat the results presented here are useful guidelines for designing and
esting novel fire-detection devices based on bandpass filtering.

RediT authorship contribution statement

Hadi Bordbar: Conceptualization, Methodology, Software, Re-
ources, Writing – original draft, Writing – review & editing,
nvestigation, Supervision, Project administration, Validation, Formal
nalysis, Investigation, Data curation, Visualization. Farid Alinejad:
oftware, Formal analysis, Investigation, Writing – review & editing.
evin Conley: Formal analysis, Investigation, Writing – original
raft, Visualization. Tapio Ala-Nissila: Resources, Writing – review
editing, Supervision, Project administration, Funding acquisition.

imo Hostikka: Conceptualization, Methodology, Resources, Writing
review & editing, Supervision, Project administration, Funding

cquisition.

eclaration of competing interest

The authors declare that they have no known competing finan-
ial interests or personal relationships that could have appeared to
nfluence the work reported in this paper.
ata availability

Data will be made available on request.

cknowledgments

The authors, Hadi Bordbar, Simo Hostikka and Tapio Ala-Nissila
cknowledge the support of the Academy of Finland under the RAD-
ESS program grant no. 314487. The kind help of Pascal Boulet and
illes Parent from university of Lorraine, France, in providing their
xperimentally measured emission spectra of Kerosene pool fire [13]
s greatly acknowledged.

eferences

[1] D. Mayfield, Applying intelligent visual flame detection in military aircraft
hangars, 2021, URL https://www.aviationpros.com/airports/buildings-
maintenance/hangar-hangar-doors/blog/21140728/applying-intelligent-visual-
flame-detection-in-military-aircraft-hangars.

[2] S.G. Kong, D. Jin, S. Li, H. Kim, Fast fire flame detection in surveillance video
using logistic regression and temporal smoothing, Fire Saf. J. 79 (2016) 37–43,
http://dx.doi.org/10.1016/j.firesaf.2015.11.015, URL https://www.sciencedirect.
com/science/article/pii/S0379711215300333.

[3] P. Li, Y. Yang, W. Zhao, M. Zhang, Evaluation of image fire detection algo-
rithms based on image complexity, Fire Saf. J. 121 (2021) 103306, http://
dx.doi.org/10.1016/j.firesaf.2021.103306, URL https://www.sciencedirect.com/
science/article/pii/S037971122100045X.

[4] A. Stadler, T. Windisch, K. Diepold, Comparison of intensity flickering features
for video based flame detection algorithms, Fire Saf. J. 66 (2014) 1–7, URL
https://www.sciencedirect.com/science/article/pii/S0379711214000344.

[5] J. Baek, T.J. Alhindi, Y.-S. Jeong, M.K. Jeong, S. Seo, J. Kang, W. Shim,
Y. Heo, Real-time fire detection system based on dynamic time warping
of multichannel sensor networks, Fire Saf. J. 123 (2021) 103364, http://
dx.doi.org/10.1016/j.firesaf.2021.103364, URL https://www.sciencedirect.com/
science/article/pii/S0379711221001053.

[6] J. Ketola, E. Kokki, PELASTUSTOIMEN TASKUTILASTO 2012–2016, Tech. rep.,
Finnish Rescue Service, 2017, URL http://info.smedu.fi/kirjasto/Sarja_D/D1_
2017.pdf.
7

[7] D. Han, B. Lee, Flame and smoke detection method for early real-time detection
of a tunnel fire, Fire Saf. J. 44 (7) (2009) 951–961, http://dx.doi.org/10.
1016/j.firesaf.2009.05.007, URL https://www.sciencedirect.com/science/article/
pii/S0379711209000691.

[8] P. Nebiker, R. Pleisch, Photoacoustic gas detection for fire warning, Fire Saf.
J. 36 (2) (2001) 173–180, http://dx.doi.org/10.1016/S0379-7112(00)00045-X,
URL https://www.sciencedirect.com/science/article/pii/S037971120000045X.

[9] J. Harwood, P. Moseley, R. Peat, C. Reynolds, The use of low power carbon
monoxide sensors to provide early warning of fire, Fire Saf. J. 17 (6) (1991)
431–443, http://dx.doi.org/10.1016/0379-7112(91)90045-Z, URL https://www.
sciencedirect.com/science/article/pii/037971129190045Z.

[10] D. Drysdale, An Introduction to Fire Dynamics, Third Ed., John Wiley & Sons,
Ltd, 2011, http://dx.doi.org/10.1002/9781119975465.

[11] D.R. Weise, T.J. Johnson, J. Reardon, Particulate and trace gas emissions from
prescribed burns in southeastern U.S. fuel types: Summary of a 5-year project,
Fire Saf. J. 74 (2015) 71–81, http://dx.doi.org/10.1016/j.firesaf.2015.02.016,
URL https://www.sciencedirect.com/science/article/pii/S0379711215000363.

[12] R.L. Vander Wal, J.H. Fujiyama-Novak, Leading fire signatures of spacecraft
materials: Light gases, condensables, and particulates, Fire Saf. J. 46 (8)
(2011) 506–519, http://dx.doi.org/10.1016/j.firesaf.2011.06.008, URL https://
www.sciencedirect.com/science/article/pii/S0379711211000877.

[13] G. Parent, G. Erez, A. Collin, M. Suzanne, A. Thiry-Muller, M. Weber, E.
Faure, P. Boulet, Spectral radiation emitted by kerosene pool fires, Fire Saf. J.
108 (2019) 102847, http://dx.doi.org/10.1016/j.firesaf.2019.102847, URL https:
//www.sciencedirect.com/science/article/pii/S0379711219300426.

[14] H. Bordbar, S. Hostikka, P. Boulet, G. Parent, Numerically resolved line by line
radiation spectrum of large kerosene pool fires, J. Quant. Spectrosc. Radiat.
Transfer 254 (2020) 107229, http://dx.doi.org/10.1016/j.jqsrt.2020.107229.

[15] H. Bordbar, S. Hostikka, Numerical solution of LBL spectral radiation of a
heptane pool fire, in: The Proceeding of the 9th International Symposium on
Radiative Transfer, RAD-19, (57–64) http://dx.doi.org/10.1615/RAD-19.80.

[16] M.H. Bordbar, T. Hyppänen, Multiscale numerical simulation of radiation heat
transfer in participating media, Heat Transfer Eng. 34 (1) (2013) 54–69, http:
//dx.doi.org/10.1080/01457632.2013.695210.

[17] G.C. Fraga, H. Bordbar, S. Hostikka, F.H.R. França, Benchmark solutions of three-
dimensional radiative transfer in nongray media using line-by-line integration,
J. Heat Transfer 142 (3) (2020) 034501, http://dx.doi.org/10.1115/1.4045666.

[18] H. Bordbar, T. Hyppänen, Line by line based band identification for non-gray
gas modeling with a banded approach, Int. J. Heat Mass Transfer 127 (2018)
870–884, http://dx.doi.org/10.1016/j.ijheatmasstransfer.2018.06.093.

[19] F. Alinejad, H. Bordbar, S. Hostikka, Development of full spectrum cor-
related k-model for spectral radiation penetration within liquid fuels, Int.
J. Heat Mass Transfer 158 (2020) 119990, http://dx.doi.org/10.1016/j.
ijheatmasstransfer.2020.119990, URL https://www.sciencedirect.com/science/
article/pii/S0017931020311340.

[20] C. Wang, M.F. Modest, T. Ren, J. Cai, B. He, Comparison and refinement of the
various full-spectrum k-distribution and spectral line weighted-sum-of-gray-gases
models for nonhomogeneous media, J. Quant. Spectrosc. Radiat. Transfer 271
(2021) 107695, http://dx.doi.org/10.1016/j.jqsrt.2021.107695.

[21] H. Bordbar, F.R. Coelho, G.C. Fraga, F.H. França, S. Hostikka, Pressure-dependent
weighted-sum-of-gray-gases models for heterogeneous CO2-H2O mixtures at sub-
and super-atmospheric pressure, Int. J. Heat Mass Transfer 173 (2021) 121207,
http://dx.doi.org/10.1016/j.ijheatmasstransfer.2021.121207, URL https://www.
sciencedirect.com/science/article/pii/S0017931021003100.

[22] O. Ahmadi, S. Mortazavi, H. Pasdarshahri, H. Mohabadi, Consequence analysis of
large-scale pool fire in oil storage terminal based on computational fluid dynamic
(CFD), Process Saf. Environ. Prot. 123 (2019) 379–389, http://dx.doi.org/10.
1016/j.psep.2019.01.006.

[23] Z. Miao, S. Wenhua, W. Ji, C. Zhen, Accident consequence simulation analysis
of pool fire in fire dike, Procedia Eng. 84 (2014) 565–577, http://dx.doi.org/
10.1016/j.proeng.2014.10.469, 2014 International Symposium on Safety Science
and Technology.

[24] K. McGrattan, R. McDermott, J. Floyd, S. Hostikka, G. Forney, H. Baum,
Computational fluid dynamics modelling of fire, Int. J. Comput. Fluid Dyn.
26 (6–8) (2012) 349–361, http://dx.doi.org/10.1080/10618562.2012.659663,
arXiv:10.1080/10618562.2012.659663.

[25] J.L. Consalvi, F. Liu, Radiative heat transfer through the fuel-rich core of
laboratory-scale pool fires, Combust. Sci. Technol. 186 (4–5) (2014) 475–489,
http://dx.doi.org/10.1080/00102202.2014.883221.

[26] H. Sadeghi, S. Hostikka, G.C. Fraga, H. Bordbar, Weighted-sum-of-gray-gases
models for non-gray thermal radiation of hydrocarbon fuel vapors, CH4, CO and
soot, Fire Saf. J. 125 (2021) 103420, http://dx.doi.org/10.1016/j.firesaf.2021.
103420.

[27] L. Rothman, I. Gordon, R. Barber, H. Dothe, R. Gamache, A. Goldman, V.
Perevalov, S. Tashkun, J. Tennyson, HITEMP, the high-temperature molecular
spectroscopic database, J. Quant. Spectrosc. Radiat. Transfer 111 (15) (2010)
2139–2150, http://dx.doi.org/10.1016/j.jqsrt.2010.05.001, XVIth Symposium on
High Resolution Molecular Spectroscopy (HighRus-2009) URL https://www.
sciencedirect.com/science/article/pii/S002240731000169X.

https://www.aviationpros.com/airports/buildings-maintenance/hangar-hangar-doors/blog/21140728/applying-intelligent-visual-flame-detection-in-military-aircraft-hangars
https://www.aviationpros.com/airports/buildings-maintenance/hangar-hangar-doors/blog/21140728/applying-intelligent-visual-flame-detection-in-military-aircraft-hangars
https://www.aviationpros.com/airports/buildings-maintenance/hangar-hangar-doors/blog/21140728/applying-intelligent-visual-flame-detection-in-military-aircraft-hangars
https://www.aviationpros.com/airports/buildings-maintenance/hangar-hangar-doors/blog/21140728/applying-intelligent-visual-flame-detection-in-military-aircraft-hangars
https://www.aviationpros.com/airports/buildings-maintenance/hangar-hangar-doors/blog/21140728/applying-intelligent-visual-flame-detection-in-military-aircraft-hangars
http://dx.doi.org/10.1016/j.firesaf.2015.11.015
https://www.sciencedirect.com/science/article/pii/S0379711215300333
https://www.sciencedirect.com/science/article/pii/S0379711215300333
https://www.sciencedirect.com/science/article/pii/S0379711215300333
http://dx.doi.org/10.1016/j.firesaf.2021.103306
http://dx.doi.org/10.1016/j.firesaf.2021.103306
http://dx.doi.org/10.1016/j.firesaf.2021.103306
https://www.sciencedirect.com/science/article/pii/S037971122100045X
https://www.sciencedirect.com/science/article/pii/S037971122100045X
https://www.sciencedirect.com/science/article/pii/S037971122100045X
https://www.sciencedirect.com/science/article/pii/S0379711214000344
http://dx.doi.org/10.1016/j.firesaf.2021.103364
http://dx.doi.org/10.1016/j.firesaf.2021.103364
http://dx.doi.org/10.1016/j.firesaf.2021.103364
https://www.sciencedirect.com/science/article/pii/S0379711221001053
https://www.sciencedirect.com/science/article/pii/S0379711221001053
https://www.sciencedirect.com/science/article/pii/S0379711221001053
http://info.smedu.fi/kirjasto/Sarja_D/D1_2017.pdf
http://info.smedu.fi/kirjasto/Sarja_D/D1_2017.pdf
http://info.smedu.fi/kirjasto/Sarja_D/D1_2017.pdf
http://dx.doi.org/10.1016/j.firesaf.2009.05.007
http://dx.doi.org/10.1016/j.firesaf.2009.05.007
http://dx.doi.org/10.1016/j.firesaf.2009.05.007
https://www.sciencedirect.com/science/article/pii/S0379711209000691
https://www.sciencedirect.com/science/article/pii/S0379711209000691
https://www.sciencedirect.com/science/article/pii/S0379711209000691
http://dx.doi.org/10.1016/S0379-7112(00)00045-X
https://www.sciencedirect.com/science/article/pii/S037971120000045X
http://dx.doi.org/10.1016/0379-7112(91)90045-Z
https://www.sciencedirect.com/science/article/pii/037971129190045Z
https://www.sciencedirect.com/science/article/pii/037971129190045Z
https://www.sciencedirect.com/science/article/pii/037971129190045Z
http://dx.doi.org/10.1002/9781119975465
http://dx.doi.org/10.1016/j.firesaf.2015.02.016
https://www.sciencedirect.com/science/article/pii/S0379711215000363
http://dx.doi.org/10.1016/j.firesaf.2011.06.008
https://www.sciencedirect.com/science/article/pii/S0379711211000877
https://www.sciencedirect.com/science/article/pii/S0379711211000877
https://www.sciencedirect.com/science/article/pii/S0379711211000877
http://dx.doi.org/10.1016/j.firesaf.2019.102847
https://www.sciencedirect.com/science/article/pii/S0379711219300426
https://www.sciencedirect.com/science/article/pii/S0379711219300426
https://www.sciencedirect.com/science/article/pii/S0379711219300426
http://dx.doi.org/10.1016/j.jqsrt.2020.107229
http://dx.doi.org/10.1615/RAD-19.80
http://dx.doi.org/10.1080/01457632.2013.695210
http://dx.doi.org/10.1080/01457632.2013.695210
http://dx.doi.org/10.1080/01457632.2013.695210
http://dx.doi.org/10.1115/1.4045666
http://dx.doi.org/10.1016/j.ijheatmasstransfer.2018.06.093
http://dx.doi.org/10.1016/j.ijheatmasstransfer.2020.119990
http://dx.doi.org/10.1016/j.ijheatmasstransfer.2020.119990
http://dx.doi.org/10.1016/j.ijheatmasstransfer.2020.119990
https://www.sciencedirect.com/science/article/pii/S0017931020311340
https://www.sciencedirect.com/science/article/pii/S0017931020311340
https://www.sciencedirect.com/science/article/pii/S0017931020311340
http://dx.doi.org/10.1016/j.jqsrt.2021.107695
http://dx.doi.org/10.1016/j.ijheatmasstransfer.2021.121207
https://www.sciencedirect.com/science/article/pii/S0017931021003100
https://www.sciencedirect.com/science/article/pii/S0017931021003100
https://www.sciencedirect.com/science/article/pii/S0017931021003100
http://dx.doi.org/10.1016/j.psep.2019.01.006
http://dx.doi.org/10.1016/j.psep.2019.01.006
http://dx.doi.org/10.1016/j.psep.2019.01.006
http://dx.doi.org/10.1016/j.proeng.2014.10.469
http://dx.doi.org/10.1016/j.proeng.2014.10.469
http://dx.doi.org/10.1016/j.proeng.2014.10.469
http://dx.doi.org/10.1080/10618562.2012.659663
http://arxiv.org/abs/10.1080/10618562.2012.659663
http://dx.doi.org/10.1080/00102202.2014.883221
http://dx.doi.org/10.1016/j.firesaf.2021.103420
http://dx.doi.org/10.1016/j.firesaf.2021.103420
http://dx.doi.org/10.1016/j.firesaf.2021.103420
http://dx.doi.org/10.1016/j.jqsrt.2010.05.001
https://www.sciencedirect.com/science/article/pii/S002240731000169X
https://www.sciencedirect.com/science/article/pii/S002240731000169X
https://www.sciencedirect.com/science/article/pii/S002240731000169X


Fire Safety Journal 133 (2022) 103673H. Bordbar et al.
[28] F. Shen, Q. Kang, J. Wang, K. Guo, Q. Zhou, Z. Guo, Dielectric metasurface-based
high-efficiency mid-infrared optical filter, Nanomaterials 8 (11) (2018) http://dx.
doi.org/10.3390/nano8110938, URL https://www.mdpi.com/2079-4991/8/11/
938.

[29] J. Li, S. Chen, H. Yang, J. Li, P. Yu, H. Cheng, C. Gu, H.-T. Chen, J.
Tian, Simultaneous control of light polarization and phase distributions using
plasmonic metasurfaces, Adv. Funct. Mater. 25 (5) (2015) 704–710, http://dx.
doi.org/10.1002/adfm.201403669.

[30] S. Wang, P.C. Wu, V.-C. Su, Y.-C. Lai, C. Hung Chu, J.-W. Chen, S.-H. Lu, J. Chen,
B. Xu, C.-H. Kuan, et al., Broadband achromatic optical metasurface devices,
Nature Commun. 8 (1) (2017) 1–9.

[31] J. Tang, V. Thakore, T. Ala-Nissila, Plasmonically enhanced reflectance of heat
radiation from low-bandgap semiconductor microinclusions, Sci. Rep. 7 (2017)
5696.
8

[32] K.M. Conley, V. Thakore, F. Seyedheydari, M. Karttunen, T. Ala-Nissila, Directing
near-infrared photon transport with core@ shell particles, AIP Adv. 10 (9) (2020)
095128.

[33] V. Thakore, J. Tang, K. Conley, T. Ala-Nissila, M. Karttunen, Thermoplasmonic
response of semiconductor nanoparticles: A comparison with metals, Adv. Theory
Simul. 2 (1) (2019) 1800100.

[34] K. Conley, S. Moosakhani, V. Thakore, Y. Ge, J. Lehtonen, M. Karttunen, S.-
P. Hannula, T. Ala-Nissila, Silica-silicon composites for near-infrared reflection:
A comprehensive computational and experimental study, Ceram. Int. 47 (12)
(2021) 16833–16840.

http://dx.doi.org/10.3390/nano8110938
http://dx.doi.org/10.3390/nano8110938
http://dx.doi.org/10.3390/nano8110938
https://www.mdpi.com/2079-4991/8/11/938
https://www.mdpi.com/2079-4991/8/11/938
https://www.mdpi.com/2079-4991/8/11/938
http://dx.doi.org/10.1002/adfm.201403669
http://dx.doi.org/10.1002/adfm.201403669
http://dx.doi.org/10.1002/adfm.201403669
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb30
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb30
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb30
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb30
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb30
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb31
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb31
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb31
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb31
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb31
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb32
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb32
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb32
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb32
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb32
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb33
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb33
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb33
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb33
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb33
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb34
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb34
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb34
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb34
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb34
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb34
http://refhub.elsevier.com/S0379-7112(22)00150-3/sb34

	Flame detection by heat from the infrared spectrum: Optimization and sensitivity analysis
	Introduction
	Methods
	Flame and blackbody radiation spectra
	Detection strategy
	Detection strategy with four low-pass filters
	Detection strategy with three low-pass filters


	Results and discussion
	Optimization of four filters detection plan
	Optimization of three-filter detection scheme
	Effect of the filter non-ideality
	Outlook on using metal particle-silica composite filters

	Conclusions
	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	Acknowledgments
	References


