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Abstract

One of the most important burning conditions is the fuel/air ratio (φ) which influences the chemical
and physical properties of the flame. Therefore this parameter must be monitored in order to optimize
combustion applications, for example through the efficiency enhancement and pollutant emissions
restriction. Nowadays there exist several techniques to measure φ, laser-based applications are the most
commonly used, despite these types of applications being highly expensive and their implementation
difficult in particularly harsh conditions. Some studies have developed non-intrusive techniques based
in CCD cameras, presented as a non expensive and easily implemented technique. The present
work will study these types of techniques, developing a theoretical model, evaluating camera/lens
parameters. An algorithm concept to estimate φ was also developed and analyzed. These analysis were
made in laminar, steady premixed and inverse diffusion methane flames in a multi-slit burner. Besides
the numerical algorithm was tested in premixed methane flames in a Bunsen burner. It was shown that
the computational algorithm is limited to rich regimes, with poor prediction on the lean-stoichiometric
range. A set of preferable signal-based responses were selected and utilized to estimate φ in different
situations. Besides it was shown that numerical algorithm and the database generated in the present
work have adequately sensed φ for different burner geometries and flame types.
Keywords: equivalence ratio sensor, CCD camera, flame chemiluminescence, RGB images, CCD
camera modeling, premixed and diffusion flames

1. Introduction

Combustion applications can be found in a wide
range of applications, such as turbine engines, in-
ternal combustion engines (automobiles) or in do-
mestic cooking stoves. For many years, there were
developed various models of ejector-pumps (cooking
stoves), enlarging their efficiency and safety [1, 2].
Nowadays, there are many techniques for character-
izing combustion processes, utilizing either intrusive
(e.g. thermocouples or flame ionization detectors)
or non-intrusive (e.g. Particle Image Velocimetry,
Laser-Induced Fluorescence and many others) ap-
plications [3, 4]. These techniques can be used to
monitor several parameters, such as the species con-
centration, temperature or flow velocity, allowing
to estimate the burner efficiency or the safety work
zone of a specific application [5]. Among these exist-
ing solutions are the laser application [6, 7], despite
being too complex and expensive, which difficults
their implementation. Moreover, recent researches
develops new sensor based on CCD cameras to sens-
ing by the chemiluminescence of the flame, with a
lower cost and an easier implementation than laser-

based applications.
Flame chemiluminescence can be described as the
spontaneous light emission originated in the excess
energy emitted by excited species while returning
to their stable ground state. These excited radicals
are produced along the reactive chemical kinetic
mechanism which is closely linked to the local flame
conditions [8].The first flame spectroscopy works fo-
cused on investigating the spectra emission of flame,
and found two features in visible and ultra-violet
regions: On the one hand Gaydon [9] identified
background phenomenon as a wideband associated
with emitters such as CO∗

2 excited specie. In other
hand, the author identified narrow band emissions
located at specific wavelengths. These bands are
linked mainly with emissions of three excited free
radicals: hydroxyl (OH∗), methylidyne (CH∗), and
diatomic carbon (C∗

2) [10]. A chemical specie on
an electronically excited state is here referred by *,
as commonly found on combustion literature. Re-
cently, it was concluded that C∗

2 and CH∗ have more
sensitivity with the equivalence ratio than OH∗ [11].
Another important observation is the spectra signal
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strength of all excited species that is dependent of
pressure [12], fuel composition [13, 14] and many
others variables. Thus, many works have focused
on finding correlations between the excited radi-
cals and flame properties. Kojima et al.[11] have
investigated spatially the flame spectra regarding
the chemiluminescence of the excited radicals, and
their correlations with φ. They observed that in-
tensity ratios of OH∗/CH∗, C∗

2/CH∗ and C∗
2/OH∗

correlations can be used to study the flame stoi-
chiometry. Therefore, some techniques were gen-
erated which permit sensing such flame properties
by the flame chemiluminescence, so called Chemilu-
minescence Sensors. These diagnostic tools utilize
the intensity spectrum of the excited radicals OH∗,
CH∗ and C∗

2 to measure flame variables, for example
the heat release rate [15], flame reaction zone [15],
strain rate [16] and flame equivalence ratio [17, 18].
Many techniques were developed using CCD cam-
eras as chemiluminescence sensors.used two inten-
sified CCD cameras providing images of the ex-
cited radical CH∗ chemiluminescence distribution
on a CH4 jet turbulent flame. The author has
demonstrated that detection is a viable technique
to obtain information of the flame sheet topology
in turbulent flows. Cignoli et al. [19] have devel-
oped a two-dimensional soot diagnostic technique,
which with two images taken simultaneously with
a CCD camera at specific wavelengths could de-
terminate temperature field and soot distribution
of the flame. Simonini and Stone[20] have devel-
oped the three-color method, converting CCD cam-
era images of combustion into measured tempera-
ture field and soot concentration. Xiangyu et al.
[21] developed a temperature measurement tech-
nique in coal fired flame in the cement kiln by raw
image processing. The authors observed that spec-
tral color in the raw image increased with the ex-
posure time until the saturation point, and the dy-
namic response range of the raw image was im-
proved over the other image formats. Moreover,
results indicate that this technique shows good ac-
curacy to use in industry applications. Some stud-
ies were made to understand the relationship be-
tween color image from an CCD camera and the
flame luminescence. Huang and Zhang[22, 23] have
characterized the flame color in visible and infrared
spectrum by a charged coupled device camera on
methane and ethylene flames. They concluded that
the blue and green color response from a CCD cam-
era image are related with the excited species CH∗

and C∗
2 intensity spectra respectively. Other obser-

vation was that the premixed flames have strong
response for the blue channel and weaker for the
red channel, while in diffusion flames the opposite
occurs. Therefore, the first flame type is charac-
terized by its bluish color, while diffusion flame is

characterized by the reddish color due to the soot
emission. These features allow the monitoring of
the flame type without human intervention. There-
fore, it can be possible to create a diagnostic tool,
sensing some flame properties using the signal re-
sponses from a CCD camera image. Trindade et
al. [24] have developed a chemiluminescence sen-
sor technique which converts the RGB image data
by a charged coupled device camera into a feasible
sensing of the local fuel-air ratio for practical appli-
cations on methane and propane atmospheric lami-
nar flames, which were produced on a circular Bun-
sen burner type. Firstly this study describes the
theoretical sensor-response linearity, deducting this
expression into ”sensor-flame” parameters. These
parameters will represent the calibration produced
by the proper extraction of the data from the RGB
images of the three color channels (red, green and
blue). Besides, this algorithm has been used in do-
mestic water heating equipment, that utilizes lami-
nar and premixed methane or propane gas burners.
The main goal of this study is the development of
a sensor technique which estimates the local equiv-
alence ratio of atmospheric premixed flames, based
on CCD cameras. RGB images are used to produce
data calibration by their intensity signal response.

2. Experiment
2.1. Experimental Setup

Experimental setup (scheme represented in Fig-
ure 1) was constituted by a multi-slit burner con-
nected to two flow meters controlling the intake of
methane (CH4) and air in the mixture.

The gas fuel was stored in a research grade bot-

Figure 1: Experimental setup scheme.

tles provided by Air Liquid (Alphagaz N35 model)
with a purity equal or higher than 99.95%. The air
was extracted from the atmosphere suffer drying,
filtering and desiccating before reaching the labo-
ratory compressed line. The flow meters used in
the present work were from Alicat Scientific, Se-
ries 16, with maximum capacity of 5 and 50 SLPM
(Standard little per minute) for gas fuel and at-
mospheric air respectively. A maximum φ uncer-
tainty of ± 0.0223 calculated using error propaga-
tion was concluded. A two-dimensional multi-slit
burner was utilized, as shown in Figure 2, with
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350mm and 142mm of height and width respec-
tively. The burner is composed by six 2mm thick
AISI type 304 stainless steel plates. Despite the
availability of five independent channels (the A and
B channels were designed for the air co-flow admis-
sion), this study only has used three ducts (2,3, and
4). The measurements were made on the central
flame (channel 3), while the other two have isolated
it, avoiding air entrainment and external interfer-
ence on the central flame. For image acquisition it
was utilized a 3CCD camera (JAI CV-M9GE) cou-
pled with an optical lens (Nikon AF Nikkor 50mm
f/1.4), placing perpendicularly with the flow direc-
tion, capturing the entire flame. Care was take uti-
lizing a black material covering the burner in order
to reflect the minimum quantity of light. Besides,
it was utilized two quartz glasses, preventing air
entrainment and room disturbances in the burning
conditions.

2.2. Image Processing Analysis

For a specific pixel, after removing the dark noise,
the array of signal response channels must be con-
vert into a single color, denoted as gray scale.
Therefore, it was utilized the weighted sum of red,
green and blue components of the image, reproduc-
ing the color human perception, assuming cR =
0.299, cG = 0.5870 and cB = 0.1140 as values.
The last image post-processing treatment is the de-
tection of the flame, using image in gray scale. To
detect the flame present in a pretended image, it
was binarized by a threshold limit, which threshold
technique was developed by Rocha[25], who deter-
mined the best limit for each case. Figure 3 shows
all the phases of the image post-processing.

3. CCD Camera Modeling
3.1. The CCD Camera Model

Since the beginning of the century several stud-
ies have developed theoretical models for the signal

Figure 2: Burner geometry.

(a) RGB image. (b) GrayScale image.

(c) Binary image. (d) Flame detection re-
gion.

Figure 3: Image post-processing to isolate the flame
region.

cameras responses, which defines a linear and non-
linear general models [26, 27], concluding a general
expression, as described in Equation 1:

ri = ∆t

∫ λf

λs

si(λ)i(λ)dλ+ ηi (1)

where si(λ) is the spectral sensitivity of the ith,
i = (R,G,B) sensor type, i(λ) is the incident pho-
tons light at wavelength λ, ∆t is the exposure time
and ηi is the dark noise of ith sensor. A 3CCD cam-
era (utilized in the present study) has three sensor
types, one for each color (red, green and blue). The
λs and λf are the wavelength limits which sensors
responses beyond these restrictions assume zero as
value.
Figure 4 describes the light trajectory of pho-
tons emitted by a precise flame point source pass-
ing through the optical lens system and reach-
ing a ith sensor of a specific pixel image. The
light emitted by a flame source E(λ) by a specific
area (Asource), travel through an optical lens sys-
tem with a characteristic chromatic transmittance,
ψ(λ, T ). The optical lens has a precise area Aapp

Figure 4: Schematic of the light trajectory gener-
ated by a precise flame source that reaching a spe-
cific pixel CCD, identifying all the in-line elements.
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(controlled by the optical aperture parameter), at
a distance x from the source point in the flame,
defining a solid angle Ω = Aapp

x2 . If the flame
source area (Asource) is divided by the pixel area
(Apixel), it can be defined a magnification factor,
Asource

Apixel
= 1

M2 . Therefore the incident light that

passes through the optical lens can be expressed as
e(λ, T ) =

AsourceAapp

x2 ψ(λ, T )E(λ). Thereafter, the
light transmitted by the optical lens will reach a
CCD ith sensor in a specific pixel, being covered by
an interference filter coating with a spectral sensi-
tivity function, si(λ, T ). The electrical output sig-
nal of the pixel is then amplified by several factors
controlled or not by the user: i) The global gain
coefficient g, affecting all sensor channels at once,
which can assume any value between 0 to 561; ii)
the channel gain coefficient gi , i = (R,G,B), act-
ing in a specific signal channel i, gi ∈ [0; 462] . The
effect of both global and channels gains is inserted
in the overall sensor signal model by ϕ(g) and ϕi(gi)
functions respectively; iii) Any pixel has a charac-
teristic dark noise, equivalent to photons per sec-
ond, represented by ηi(T, t, ϕ(g), ϕi(gi)) function in
the ith color channel, i = (R,G,B); iv) Others coef-
ficients that may amplify the sensor signal response
are the weighted sum coefficients referenced previ-
ously, which in the present study are denoted as ci,
i = (R,G,B).

3.1.1 CCD Camera Model Analysis

The CCD camera model will be adjusted to the JAI
CV-M9GE camera and the optical lens Nikon AF
Nikkor 50mm.

Spectral Response Analysis

One of the parameters that signal response
is dependent on ψ(λ, T ), incorporating also the
aberration effects, such as the pupil aberration
and vignetting. The lens aperture was fixed at
f/2.8 for Nikon AF Nikkor 50mm. Multiplying
ψ(λ, T ) by the spectral sensitivity of the ith

sensor si(λ, T ), it is defined the overall spectral
sensitivity Si(λ, T ) = si(λ, T )ψ(λ, T ). The inte-
gration limits of the Equation 1, λs and λf , can
be specified as the bandwidth limits of the three
color channels. The results show a low signal con-
tamination, expecting an improved independence
between the three sensor signals of the camera to
a precise type of flame chemiluminescence emission.

Dark Noise Analysis

To analyze this parameter a series of pictures
were captured with caps-off when camera reached
the thermal equilibrium, avoiding influences by
the temperature in the results. The exposure
time was set between 100 and 33300 µs. The
amplifying parameters were fixed at the following

values: gR = 462, gG = 0, gB = 0 and g = 0 as
well as the weighed sum coefficients were fixed
at ci = 1. Thereafter it was performed an image
post-processing on a square region at the image
center (50x50 pixels), evaluating the dark signal
with the mean values of pixel region for each
exposure time. It can be concluded that the
camera dark noise resulting from each channel is
similar, independently of the exposure time value
(η̄R = 7.83, η̄G = 7.94 and η̄B = 7.98). Thus, their
results are low invariant and can be defined by an
overall mean dark noise value η̄ = 7.92 ±0.076. All
the channels dark noise do not pass the value 8 as
concluded by Huang and Zhang[22].

Sensor Gain Analysis

The camera JAI CV-M9GE has some input pa-
rameters that amplify the sensor electronic signal
response, for example the global and channel gains
as mentioned above. The global gain coefficient can
vary between g ∈ [0; 561], while the channel gain
ranges gR,B ∈ [0; 462], amplifying only the red and
blue color channels. The green channel is consider
the standard channel, being the channel gain fixed
at gG = 0, assuming the gain function ϕG(0) = 1
as value. It can be concluded that the red channel
gain does not affect any other than the red channel,
as well as the blue channel gain only manipulate
the blue channel. As expected, the global gain g
affects the three color channels at once. Therefore,
their tendencies can be defined as Equation 2:{

ϕ(g) = ri−η
ri,0−η = 10ai g, g ∈ [0, 561] global Gain,

ϕi(gi) = ri−η
ri,0−η = 10bi gi , gR,B ∈ [0, 462] gG = 0(fixed) selective Gain.

(2)

where the ri,0 is the ith channel signal without any
gain (g = 0 and gi = 0) as a reference state, ai is
the fitting values of each color channels for global
gain tendency and bi is the fitting value of red
and blue color channels for their gain tendencies.
For an illuminated static scene, covering the full
range of camera exposure time and global gain,
it was calculated the average fitting values (ai)
for each color channel, being aR = 0.001423,
aG = 0.001442 and aB = 0.001553. The overall
average ai coefficient ā = 0.001472 ±7.01 × 10−5

was calculated.
Similar analysis were performed to evaluate the
effect of the channel gains gi in the sensor signal
response, calculating the average fitting bi for
red and blue color channels (bR = 0.001468,
bB = 0.001553), and a average fitting coefficient
(b̄ = 0.001511 ±6.01× 10−5).

Exposure Time Analysis

Methane/air premixed flames analyzed in the
present study are laminar and steady, which allows
to assume that the flame power source E(λ) is
constant with time. Furthermore, as concluded in
dark noise analysis, this parameter is also constant,
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or quasi constant, with time. The sensor linearity
was evaluated by plotting the signal response
against the exposure time. The linear tendency
that each color channel response has with the
exposure time can be observed. Theoretically
the system photometric response should present
linearity over the entire signal range, from low
intensity value up to saturation.

Camera Temperature Analysis

In this analysis the temperature influence in
the sensor signal response was evaluated. For
this a series of images of a constant illuminated
scene was acquired since the camera was initiated
until temperature stagnation (approximately forty
minutes). It was observed that the sensor signal
is quasi constant over the entire time range. This
means that the acquisition of images can start
immediately after the camera is initiated, instead
of waiting until system stagnation.

Comprehensive Model for Camera/Lens
System Assembly

According to previous conclusions, a final com-
prehensive CCD camera model acquiring an illumi-
nated static scene, as defined by Equation 3:

r∗i︷ ︸︸ ︷
ri − ciη = [

ApixelAapp
M2x2

ϕ(g)∆t]︸ ︷︷ ︸
J

[ciϕi(gi)]︸ ︷︷ ︸
Ji

∫ λf

λs

Si(λ)E(λ) dλ ]︸ ︷︷ ︸
Co

i (φ)

(3)

In Equation 3 the clean sensor signal channel
r∗i can be characterized by three main parameter
groups: J , Ji and Coi (φ). The J is a function of the
light intensity detected by the sensor, for a specific
assembly location/orientation and lens/sensor con-
figuration, Ji is also a function of the light intensity
detected by the sensor but for a specific channel
parameters configuration and the Coi (φ) responds
essentially to changes in flame burning conditions.

3.1.2 CCD Camera Model in Flame Images

In this section the use of RGB sensor signals from a
CCD camera to estimate some burning conditions,
as the equivalence ratio (φ) will be evaluated.
Huang and Zhang[22] have expanded the use of
color cameras techniques, determining that each
type of flame has its own characteristic distribution
in RGB space. Although, the authors only used
the red, green and blue signal channels to obtain
the calibration curves involving the equivalence
ratio. Using the comprehensive CCD camera
model developed in this study, this technique will
be expanded using a new set of descriptors, which
correlate the three color channel signal responses,
complementing the method of color cameras to
estimate the equivalence ratio.

Flame Emission
Premixed flames behave as homogeneous radia-

tion sources, producing an isotropic local light emis-
sion E(λ). The signal detected by each of the cam-
era sensors is thus a complex function of the flame
light emission distribution. These spectral data
constitute most of the light collected by the camera
sensor system. Thus, the sensor signal ri responds
proportionally to variations on the wavelengths in-
tensity which corresponds to changes in flame burn-
ing conditions. Therefore, the flame emission spec-
trum E(λ) can be characterized by two main contri-
butions: i) a specific distribution that reflects a pro-
portionality among flame chemiluminescence emit-
ters, Eoφ(λ), which encompasses a strong wavelength
dependent characteristics on equivalence ratio (φ);
and ii) a power effect associated to the radiation
intensity level that tends to actuate all spectrum ω,
being E(λ) = ωEoφ(λ).

Associating the Equation 3 with the
flame features, it can be defined a general
camera model for a specific flame source:

r∗i︷ ︸︸ ︷
ri − ciη = [

ApixelAapp
M2x2

ϕ(g)ω∆t]︸ ︷︷ ︸
J

[ciϕi(gi)]︸ ︷︷ ︸
Ji

∫ λf

λs

Si(λ)Eoφ(λ) dλ ]︸ ︷︷ ︸
Co

i (φ)

(4)

Generally, the blue channel integrates the excited
radical of OH∗ and CH∗, but its dominated by CH∗.
The green channel integrates the excited forms of
the diatomic carbon C∗

2. These blue and green
color channels relationships with the CH∗ and C∗

2

were also concluded by Huang and Zhang[22, 23].
Finally, the red channel integrates the uppermost
emission of the Swan bands associated with the
excited forms of C∗

2.
The objective is to define a characteristic function
based on r∗i that solely dependens on flame burning
conditions, i.e. the Coi parameter. Therefore, a
new parameter (defined here as Descriptor) will be
characterized, establishing a relation between the
flame equivalence ratio and different combinations
of R/G/B sensor signals. Descriptors can be
split in two type of classes: Class I - Fraction
between a specific signal and the signals collected
by the sensor and Class II - Product Combinations
between the R/G/B signals.

Class I - Fraction between a specific signal
and the signals colletcted by the sensor

This class type of descriptors was denoted as
k̃i(φ), i = (R,G,B), defined in every pixel as a frac-
tion of the signals collected by the sensor according
to Equation 5:

k̃i(φ) =
r∗i (φ)

r∗R(φ) + r∗G(φ) + r∗B(φ)
(5)

Considering the sum of the collected three signal
colors, the overall intensity detected by the cam-
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era system can be defined for a specific pixel, I∗ =
r∗R + r∗G + r∗B . Therefore, the signal detected by the

ith CCD sensor can be simplified to r∗i = I∗k̃i(φ).It
was evaluated the profiles of the clean sensor re-
sponse r∗i against the overall light intensity I∗ with
several variations of J parameter, such as the fuel
power (ω) and the exposure time (∆t). It can be
observed the linear relation between r∗i and I∗, in

which proportionality constant k̃i has a flame spec-
tral dependency. This tendency demonstrates that
the emission fraction coefficient k̃i is independent
on the image intensity level, being a marker of the
φ. Flames produced at a controlled equivalence ra-
tio conditions were used to access the reference k̃i
values. Therefore mixtures of methane/air between
φ=0.65 up to 1.20 in a multi-slit burner were tested.
Their raw images were acquired with shutter speed
covering the entire sensor dynamic range. Care was
taken in preventing pixel saturation, avoiding erro-
neous results. Figure 5 shows the references k̃i(φ)
camera response on the R/G/B color channels. The

results show that the k̃B tendency is practically the
same as the CH∗ chemiluminescence in the hydro-

carbon premixed flames. The k̃G has a different
behavior along φ. On the lean side, the value is
low and practically constant, increasing towards the

rich conditions. The k̃R results are practically con-
stant, being the last sensitive to the equivalence ra-
tio among the three color channels.

Class II - Product Combinations between
the R/G/B signals

Signal associations as expressed by Equation 6
define the Class II of the descriptors types and es-
tablish a relation between combinations of R/G/B
signals and φ. However, they are dependent on sig-
nal intensity from camera settings and flame power.
Therefore, the objective of this section is to explore
different combinations of R/B/G signals and dis-
cuss how descriptors can be independents of sig-
nal intensity, evaluating also their sensitive features

Figure 5: Experimental data of k̃i(φ) on image of
methane/air premixed flames.

with φ.

D = (r∗R)α(r∗G)β(r∗B)γ (6)

If α + β + γ = 0, then D becomes independent on
global camera settings, J , that affects the three
color channels simultaneously. The equation is
still dependent on parameter Ji, which controls
red, green and blue channels, but will only act as
a multiplying factor of combined Coi (φ) param-
eters. Thus, for α + β + γ = 0 is an essential
condition for D function, becoming only dependent
on the burning condition (equivalence ratio φ).
Following this conclusion, it will be evaluated
the simplest ratios between two R/G/B sensor
signals, DB/G = r∗B/r

∗
G, DG/R = r∗G/r

∗
R and

DR/B = r∗R/r
∗
B . Figure 6 shows the experimental

Di data of channel ratios against the equivalence
ratio. Besides, it is plotted the chemiluminescence
intensity ratio between the CH∗ and C∗

2 excited
species, for direct comparison between the DB/G

data. The spectral intensity of both excited species
were acquired with a spectrometer system by
a laboratory case study. Descriptor data were
acquired by calculating the average value of a small
region of interest on the flame front. Error bars of
descriptor data corresponds to the standard devia-
tion values of the pixels processed within the region
of interest. According to Figure 6(a), descriptors
DR/B and DG/R show a small sensitivity with
φ comparing to DB/G. Figure 6(b) present that
DB/G profile is relating with the behavior of the
CH∗/C∗

2 chemiluminescence ratio, despite appears
larger differences for extreme rich side. These
discrepancies can be attributed to the fact that
spectral signals are related to a limited wavelength
range (± 3nm) while image channel data integrates
a broad band range (≥ 100nm). Besides, at higher
rich zones, the chemiluminescence intensity tend
to decrease, being the sensor signal intensity

(a) Profiles of the de-
scriptors channel ratios
with φ.

(b) RGB acquisition
data against spec-
trometer experimental
data.

Figure 6: Evaluation of the descriptors DB/G,
DG/R and DR/B tendencies with φ and compari-
son between chemiluminescence ratio CH∗/C∗

2 and
descriptor channel ratio DB/G acquired from CH4

flame images.
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capture other radiation contributions, mainly in
the near-infrared vicinity.

3.2. Numerial Algorithm
According with the previous section, it is possible
to associate the chemiluminescence of the flame due
to some specific emitters, as the CH∗ and C∗

2 with
the sensor color channel signals, with the blue and
green color, respectively. Based on this concept,
a numerical algorithm was developed towards esti-
mating the fuel/air ratio for the overall pixels be-
longing to the flame zone calculated by the code
from a small region denoted by the user. Figure 7
present the scheme of the general process, since
the entry of the image into the algorithm up to
φ estimation. According to the flowchart, a pre-
cise RGB image, constituted by n pixels, is choose
to be analyzed by the numerical algorithm. For a
specific pixel PPixel the algorithm will utilize the
average intensity IPixel applying in the database
previously generated to calculate a theoretical de-
scriptor DTheor. This value is compared to the pixel
descriptor DPixel produced by the combination of
the RPixel, GPixel and BPixel signal responses from
the pixel, producing a certain deviation error σ. By
analysing the deviation results from the descriptors
it will be predicted the φ for PPixel. Therefore, the
overall process can be split in three sections: Sec-
tion 1: Calibration Coefficients Generation; Section
2: Descriptor Deviations Calculation; and Section
3: Estimation of φ. To execute these calculations,
several descriptors were developed, some dependent
on the light intensity (α + β + γ 6= 0) and others
independent on the light intensity (α+ β + γ = 0),
as represented in Table 1.

Section 1: Calibration Coefficients Gener-
ation
To predict the burning condition, the algorithm
must have a lookup table as reference, with R/G/B
signals against φ. To produce such database 3000

Figure 7: Scheme of the general process.

Table 1: Summary of the descriptors utilized in the
numerical algorithm.

Number Signal Response Combination Nomenclature Class

1 r∗R DR

Basic Sensor Signal (α+ β + γ 6= 0)2 r∗G DG

3 r∗B DB

4
r∗B
r∗G

DB/G

Class II (α+ β + γ = 0)5
r∗G
r∗R

DG/R

6
r∗R
r∗B

DR/B

7
r∗R

r∗R+r∗G+r∗B
DFr

Class I (α+ β + γ = 0)8
r∗G

r∗R+r∗G+r∗B
DFg

9
r∗B

r∗R+r∗G+r∗B
DFb

10
r∗R×r∗G
r∗B

DRG
B

Class II (α+ β + γ 6= 0)11
r∗R×r∗B
r∗G

DRB
G

12
r∗G×r∗B
r∗R

DGB
R

images of laminar and steady methane premixed
flames on multi-slit burner were acquired for differ-
ent camera setup configurations and burning con-
ditions (e.g. exposure time, flame power and φ).
Pictures at sixty different values of φ were acquired.
After image acquisition, it was collected and com-
bined the signal responses profiles with gray scale
average light intensity of overall pixels within small
regions of interest denoted by the user.
Independently of the descriptor, the tendency of the
extreme lean to near-stoichiometric values is prac-
tically the same, concluding that these regions have
low sensitivity to φ. By analyzing the rich side,
it can be observed different tendencies for each φ
condition. Therefore, it can be concluded that the
descriptors will be a good marker on predicting
φ for stoichiometric-rich region, whereas for lean-
stoichiometric regime the sensitivity is to small for
an adequate estimation.

After signal acquisition, the computational
MatLab R© tool will fit the profiles of each descrip-
tor, storing the polynomial coefficients. Therefore,
these fitting results were calculated for all sixty vari-
ations of φ and then were stored for each descriptor,
generating the database that the algorithm will uti-
lize, so called Calibration Coefficients.
Section 2: Descriptor Deviations Calculation

The computational estimation will be calculated
at each pixel within this region, carrying a certain
color signal r∗R|pixel, r∗G|pixel and r∗B |pixel for a pre-
cise light intensity Ipixel. Using the calibration co-
efficients it is possible to calculate a theoretical sig-
nal of a specific descriptor j, using the pixel aver-
age light intensity, Dj |s,theor. Then a comparison
between these results with the truly pixel response
(Dj |pixel), being those response the properly com-
bination between the pixel color signals r∗R|pixel,
r∗G|pixel and r∗B |pixel. For this step, it was calcu-
lated the percentual error between these two values
σj,s. The results are stored and sorted by equation
number.

Section 3: Estimation of φ
Last process is the calculation of the fuel/air ra-
tio value for the precise pixel. For each descrip-
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tor, instead of selecting the equation (φ) with
more proximity to the pixel response, the algorithm
stores φ with deviation values below a maximum in-
putted by the user, avoiding noisy errors. Then, all
the acceptable results from the descriptors will be
grouped, detecting which φ has the most density
in the stored results. This value will be the pre-
diction of the algorithm for the specific pixel. The
algorithm concept (Section 2 and 3) will then be re-
peated for all the pixels within the calculated flame
detection area.

4. Results

To evaluate the features of the generated descrip-
tors in the present study, it was evaluated a set
of conditions varying the maximum deviation and
exposure time, concluding that the descriptos have
poor predictions for lean-stoichiometric regimes and
some descriptors are good marker of φ for rich-
stoichiometric conditions. When the maximum de-
viation were the manipulated variable, it was ob-
served that for higher values the prediction are too
poor, appearing noisy-errors while for small value
several information is discarded, tending to noisy-
errors also. The exposure time analysis show that
some descriptors, as D5, D7 and D11 predictions
tends to better results when ∆t increase, while the
others are independent on this parameter. Among
all the descriptors with the best results were D2,
D3, D4, D6, D8, D9 and D11 utilized thereafter for
the case studies.
Figure 8 shows the numerical estimation of the
burning condition utilizing the set of descriptors
mentioned above. Only half of the flame was pro-
cessed due to shown the position of the numerical
predictions on the RGB flame image. It can be
observed the adequately flame front detection in
the numerical results, which the predictions indi-
cate φ ≈ 1.10 in this region. Note that the estima-
tions on the flame zone near of the burner tends to
decrease to stoichiometric value (φ = 1.0) due to
the heat losses from the flame to the burner sur-
face, which reduces the local temperature and, con-
sequently, the luminescence of the flame (decrease

Figure 8: Numerical results in a methane/air pre-
mixed flame on a multi-slit burner, with the fol-
lowing specifications: φ = 1.10, Re = 120, ∆t =
25000µs and σ|max = 5%.

the φ).
Case Studies
In this section a set of numerical results calculated
by the algorithm will be discussed for different types
of flames and burner configurations. The camera
configurations were fixed, being: i) the global and
channel gains assume g = 0, gR = 462, gG = 0
and gB = 0 as values; ii)The lens aperture uti-
lized for multi-slit flames was f/2.8 while for Bun-
sen flames the value f/1.4 was used; iii) the ex-
posure time utilized for all the experiments was
∆t = 33300µs. Besides, the weighed sum coef-
ficients were also keep constant, reproducing the
human-wavelength sensitive color perception, as-
suming cR = 0.299, cG = 0.5870 and cB = 0.1140
as mentioned above. The maximum deviation uti-
lized for both cases was σ|max = 5%. Figure 9
show the numerical results of the two case studies.
According to the equivalence ratio predictions (Fig-
ure 9(a)), it is observed that in the flame front the
main result in the flame front is φ ≈ 1.20 agree-
ing with the real burning condition value. Also, it
can be observed that the value of φ in the flame
front tends to decrease when is approaching the
burner due to air entrainment and heat losses from
the flame to the burner surface in that zone, tends
to stabilize in stoichiometric condition (φ = 1.00),
which is validated by spectroscopy results. Accord-
ing to Figure 9(b) it is clearly observable the sub-
stantial difference between the internal and periph-
eral flame fronts in the numerical results due to the
main mixing mechanism in inverse diffusion flames,
namely the substantial fuel entrainment into the
central air jet caused by the high pressure gradi-
ent. The characteristic stoichiometric reaction zone
is present and well detected in both flame fronts by
the numerical algorithm. Adjacently to these zones
the local φ gradient is evident, with a clearly richer

(a) Methane premixed
flame in a Bunsen
burner: φ = 1.20 and
Re = 630.

(b) Methane inverse diffusion
flames: φglobal = 1.00 and
Ur = 9.50.

Figure 9: Numerical results of the two case studies.
Camera and input setting were fixing, with ∆t =
33300µs and σ|max = 5%.
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interior zone located at the fuel jet side, of the inter-
face between fuel and oxidizer jets. Whereas in the
fuel jet/surrounding air interface (Peripheral Flame
Front), there is a wider stoichiometric region due to
the excess fuel movement towards the right side, as
previously mentioned. The lean-blue zone is easily
detected in the air-jet interface, being solely ana-
lyzed qualitatively and not quantitatively due to
the lean limitation of the algorithm, as concluded
above.
These numerical local equivalence ratio results were
compared to spectrometry performed by laboratory
works, showing to be in accordance with the mea-
sured local equivalence ratios.

5. Conclusions
The main goal of the present study was the devel-
opment of a sensor technique which estimates the
local equivalence ratio of atmospheric methane pre-
mixed flames, using RGB images acquired from a
CCD camera. To this end, theoretical and numer-
ical models were developed to correlate the sensor
signal response and flame chemiluminescence. Be-
sides, two class types of descriptors were defined
and developed, focusing on the production of de-
scriptors independent on light intensity. The main
findings are:

1. The camera dark noise results for each chan-
nel is similar, independently of the exposure
time value, defining a mean value for each color
channel, η̄R = 7.83, η̄G = 7.94 and η̄B = 7.98.
Thus, their results are low invariant and can
be defined by an overall mean dark noise value
η̄ = 7.92 ±0.076.

2. For the Class I the descriptors tendency in-
dicate that it is independent of the intensity

level, marking it a proper φ. k̃B tendency is
practically the same as the CH∗ chemilumines-
cence in the hydrocarbon premixed flames. For
the Class II descriptors DR/B and DG/R show
a small sensitivity with φ comparing to DB/G.
Besides, DB/G profile is related with the be-
havior of the CH∗/C∗

2 chemiluminescence ratio,
despite larger differences for extreme rich side.

3. The profiles of the twelve descriptors tested in
the numerical algorithm for lean-stoichiometric
conditions show low sensitivity to φ. However,
by analyzing the rich side, different tendencies
can be observed for each φ condition, meaning
that have high sensitivity to φ.

4. In general, for rich regimes, the best markers
of φ are D2, D3, D4, D6, D8, D9 and D11.
D1, D10 and D12 have poor predictions, al-
though D10 can be a good marker for the flame
front. Moreover, numerical results confirm the

poor predictions of the descriptors for lean-
stoichiometric regime, as concluded in theoret-
ical analysis.

5. For both case studies address on the present
study, the numerical algorithm adequately pre-
dicted φ within the region of interest. Addi-
tionally, the superimposed figure between the
RGB image and the numerical result show a
good detection of the flame front. Therefore,
it was proven that the algorithm can be utilized
for different burner geometries, flame morphol-
ogy and flame types.
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