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HIGHLIGHTS GRAPHICAL ABSTRACT

e UV—VIS imaging and spectroscopy
experimental tests in a commer-
cial fuel burner

e Primary air-fuel ratio and H, con-
tent have an impact in flame
radical features

e A growing secondary non-
premixed cone develops when
primary air decreases

«OH" from non-premixed zone
dominates imaging features and
spectrometric data

¢ NOx emissions are predicted by
UV-VIS imaging using LDA-NN
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features are extracted from a UV—VIS camera equipped with narrow-band optical filters.
Radical image results agrees with spectrometric data, showing the relevance of the OH"
intensity radiation coming from the outer non-premixed zone. The double-cone flame
structure is evident, showing a growing secondary non-premixed cone as the primary air-
fuel ratio is decreased. In addition, the direct relationship found between flame radical
imaging features and NO, emissions has been used to develop a predictive model by
integrating classification techniques and neural networks. The research confirms UV-VIS
chemiluminescence imaging techniques as powerful tools aimed at combustion moni-

NOy toring, with huge prospects of being integrated within advanced emission control tech-

Supervised machine learning
Flame radical imaging

niques for commercial burners.
© 2020 Hydrogen Energy Publications LLC. Published by Elsevier Ltd. All rights reserved.

Introduction

In recent years, industrial thermal processes are facing a
complete transformation caused by the need of increase their
reliability, flexibility and efficiency. The upcoming restrictive
environmental and de-carbonizing framework in the near
term has led to focus on renewable hydrogen-containing
fuels. Burning H,—CH, blends could decrease net CO, emis-
sions, but the effect is not simply proportional to CH, reduc-
tion. Although both fuels share similar Wobbe indexes, they
greatly differ in other relevant combustion properties, such as
heating value, density or thermal diffusivity [1]. Hydrogen has
lower density, lower volumetric heating value and lower
stoichiometric air requirements that pure methane [2] and in
case of burner retrofitting, burner adjustments are needed to
keep similar thermal inputs [3]. As the NOy formation is
related with temperature and chemical kinetics which are
largely influenced by fuel composition and equivalence ratio,
the risk of increasing NO, emissions has to be also taken into
account.

Flame monitoring and control by optical devices have
emerged as powerful techniques, even in harsh environ-
ments, thanks to the advances in instrumentation, digital
data and control algorithms. The spontaneous emission from
flames can be used, alone or combined with other methods to
characterise a combustion mode. The chemiluminescence
emitted by a hydrocarbon fuel flame, when acquired by opti-
cal devices such as spectrometers [4—8], or CCD cameras
[9—16] provide valuable information regarding the combus-
tion process, which has been experimentally related to heat
release [17,18], equivalence ratio [19—21], temperature [22,23],
pressure [24] and pollutant formation [25—27] in a variety of
burners [28—30]. The captured information from flame im-
ages, after extracting relevant features, can be used to design
predictive models aiming at combustion monitoring and
control. Artificial intelligence techniques such as neural net-
works, fuzzy logic and pattern recognition and classification
algorithms are increasingly been used to build grey models
[31—34] aimed to emissions control.

In case of gaseous hydrocarbon fuels, the prompt and
thermal mechanisms are the main contributors to NO, for-
mation which are mainly related to the radical species OH"
and CH" generated in the flame front zone. Emission signals

from these radicals, or their ratios have been used to predict
NO, emissions. For instance, Muruganandam et al. [35] used
an active control loop in a natural gas premixed burner using
the OH" emission signal to minimise NO,. Artificial neural
networks (ANN) have also been proposed in a partially-
premixed burner at lean conditions to predict NO, from OH"
chemiluminescence imaging, including other experimental
measurements such as flame temperature and air flow rate
[26]. In this way, an algorithm based on ANNs was used in a
Bunsen burner to predict the NO, emissions taking into ac-
count flame radicals (OH", CH" and C; and CN") ratios [36].

Although premixed and partially-premixed flames have
been extensively studied for traditional hydrocarbon fuels, the
application of visualization techniques to emission moni-
toring in commercial burners is less common. For instance,
Ruao et al. [37], by extensive experimental testingon a 15 kWy,
laboratory swirl burner, using propane and ethylene as fuels,
found a strong correlation of NO, emissions with CH + OH
radicals photometric data, using a UV—VIS ICCD camera and
dedicated filters. Results showed that the NO, formation was
strongly dominated by the prompt (or Fenimore) mechanism
which can be related with lower temperatures at these labo-
ratory scale conditions.

Similar results were obtained in a Bunsen burner by Jeong
et al. [21] who tested the effect of varying the air-fuel equiv-
alence ratio on the radicals emission, with values ranging
from 0.9 to 0.1. Naha et al. [38] numerically studied the effect
of using different fuels (methane and n-heptane) blended with
hydrogen on NO, emissions in counterflow partially-
premixed flames at air-fuel equivalence ratios of 0.62 and
0.5. They show that for methane flames, the decrease in the
prompt NO due to hydrogen addition was balanced by the
corresponding increase in the thermal NO, and the total NO
was essentially unaffected by the hydrogen addition. Burbano
et al. [39] achieved a reduction on CO emissions on an atmo-
spheric residential burner for CH,—H, blends when increasing
H,% up to 15% in vol, who attributed to an increase in the OH"
radical promoting the CO oxidation to CO, at an air-to-fuel
ratio of 0.35 and 3 kW of thermal input.

The recent interest of injecting renewable hydrogen to the
natural gas grid has recently promoted several studies dealing
with the behaviour of hydrogen-methane blends in cooktop
and oven burners (see for example, DeVries [40] and Zhao
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[41,42]). However, up to date, there is a need of further
research dealing with the impact of increasing the hydrogen
content of the fuel, specially on commercial burner perfor-
mance and emissions. In addition, the impact of decreasing
the air-fuel ratio in partially-premixed conditions is not fully
addressed. Previous published studies have worked with air-
fuel equivalence ratios ranging from fuel-lean to fuel-rich
conditions up to 0.71, but few operate with lower air-fuel ra-
tios, which is typical of partially premixed flames usually
found in cooktop burners.

This paper deals with the performance assessment of a
10 kWy, commercial partially-premixed gas burner operating
with methane and a blend of methane and hydrogen using
optical and spectrometric techniques aimed at combustion
monitoring. A UV—VIS EMCCD camera equipped with narrow-
band filters (OH", CH" and C3) and a spectrometer were used
for burner characterization at different fuels and air-fuel
ratios.

Finally, the study ends with the development of a predic-
tive NO, model based on flame radical imaging. The model
discriminates the type of gas and the primary air position
(defined as a measure of the primary air-fuel ratio) and esti-
mate NO, emissions, using a classification algorithm and a
neural network. Thus, it has been proved the feasibility of this
model to be integrated in advanced control schemes such as
model predictive control strategies, considered at present as
powerful techniques to be implemented at larger scales.

Methodology
Experimental and methods

The experimental setup (Fig. 1) consists of a 10 kWy, crown-
type commercial atmospheric gas fuel burner, fed by high
pressure gas bottles (1). A two-stage decompression system
reduces the gas pressure to the desired value. The first stage
(2) reduces the fuel pressure from pressure bottle (maximum
200 bar—5 bar). The second one, located in the laboratory room
(3) allows to fix the pressure output to the desired value,
measured by a manometer located at the burner entry. A

stable and secure burner operation was assured by an electro
valve block equipped with a pressure regulator (4) and a flame
sensing electrode. Finally, an extraction hood evacuates
combustion gases by means of a vertical tube located 12 cm
above the burner, in such a way that the flame remained
visible for image camera acquisition, allowing the burner to
work at ambient conditions.

Fig. 2 shows the gas burner (see also Table 1 for relevant
dimensions). The primary air from the surroundings is aspi-
rated through the injector by means of the Venturi effect. The
air-fuel mixture is guided along the mixing tube to the circular
burner head, where it is distributed and exits to the ambient
through the orifices. The exit orifices are located at two
different diameters, leading to multiple inner and outer
flames.

Two gaseous fuels were tested, according to EN 437:2018
standard [43]: (1) pure methane (hereafter G20), and (2) a
23—77 vol% mixture of hydrogen and methane, respectively
(hereafter G222). The fuel gas pressure was maintained at a
constant value of 17 mbar (g) for all tests.

The primary air aspirated by the Venturi is regulated by
means of an air shutter (a movable piece at the air inlet),
shown in detail in figure A.13, which was equipped with an
external thread. Using a standard calliper, different positions
(named hereafter as Primary Air Positions, PAP) were fixed by
measuring the distance between the left part of the injector
(chosen as the reference point) and the edge of the movable
piece. Each position corresponds with a certain number of
visible thread pitches (Table 2) where PAP 4 corresponds to
leaner conditions than PAP 13.

The primary air is not usually measured in this type of
atmospheric self-aerated commercial gas burners. Therefore,
in order to estimate the primary air flow aspirated by the
burner as function of the primary air position (PAP) and hence,
the primary air-fuel equivalence ratio, a semi-empirical
modelling approach was adopted, according to the work of
Jones [44]. For the sake of conciseness, governing equations
and results of the model are not included here, and are
explained in full detail in Appendix B. Results of the primary
air-to-fuel equivalence ratio lay in the fuel-rich region, i.e.
0.58—0.37 (for G20) and 0.62—0.39 (for G222) at PAP 7—13,

Fig. 1 — Test rig scheme. (1) Gas cylinder, (2) first decompression stage, (3) second decompression stage and (4) electro valve

block.
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Fig. 2 — 10 kW, crown-type atmospheric burner.

Flames remained stable and no flashback was detected

Table 1 — Main burner data. during experiments. Only a small amount of soot occasionally

Parameter Value appeared at the end of the operating period settled on the
Injector diameter D;, mm 24 head burner for low air-fuel ratios. However, this fact does not
Throat diameter, D;, mm 18 affect the images taken from the camera since the visible ra-
Burner port diameter, Dp, mm 3 diation from soot particles is emitted at larger wavelengths. A
External diameter, mm 140

clean procedure was developed in order to assure the

Int 1 di t 80 e . .
;eg}r:ta mf}me eh mm - repeatability of the experiments. When soot particles were
Number of orifices 64 (out) + 24 (in) detected, the burner was shut off, cooled down and cleaned.

Thus, for the G20 case the cleaning stops were performed
before PAP 9 and 12, whereas, for G222 the stops took place
before PAP 7, 10 and 13. For each fuel gas, measurements
started after 20 min from the ignition point at room temper-
ature. This value was obtained as a representative time of
stabilization after performing tests.

Figure A.14 shows a picture of the experimental setup. An

Table 2 — Primary air position (PAP) of the air shutter

(=No. of thread pitches) vs relative distance from the fuel
injector orifice.

PAP Relative distance, mm Electron Multiplying Charge Coupled Device (EMCCD) camera
4 15 (Raptor Photonics) with a 78 mm-fixed focal length Pentax-
Z 1; Ricoh lens sensitive to the UV—VIS range was used for flame
7 . radical imaging characterization. The EMCCD camera, fixed
g 1 on a robust tripod, was placed 193 cm away from the burner.
9 10 Two black perpendicular panels were installed in order to
10 9 provide a black image background.

1 8 Three narrow-band optical filters were used, correspond-
g ; ing to the emission of the radicals OH", CH" and C, respec-

tively: (1) 310 + 10 nm, (2) 430 = 10 nm and (3) 515 + 10 nm. The
F-number and gain were optimised by preliminary testing and
set to a value of 3.8 and 2600, respectively, for all tests. Also,
different exposure times were previously evaluated by addi-

respectively (see Table 3). Besides, this table presents the

s1gn1ﬁc§nt parameters Of. the nitrogen gas us?d f‘?r the  tional testing, selecting 100 ms as the time that maximises
modelling of the air entrainment flow. This fact implies, as exposure time without reaching image saturation

expected, that the burner flames are of the partially-premixed The EMCCD camera captured a total amount of 342 000
type, and a relevant quantity must be taken as secondary air

- : ) experimental flame images during the tests, which corre-
from the surroundings in order to achieve complete fuel

- sponds to 25 sequences of 228 pictures for each of the narrow-
combustion. band filters (OH", CH" and C3), 10 Primary Air positions (PAP

Table 3 — Main operation parameters of the tests. See appendix for more information.

Parameter G20 G222 N,
Fuel gas composition, %vol 100% CHy4 23—77% H,—CH,4 100% N,
Inlet gas pressure (mbar (g)) 17 (all tests)

Fuel orifice Reynolds number, Re; 8671 7833 7173
Wobbe index (high, MJ/Nm?) 53.40 50.40 -
Thermal input (HHV basis, kW) 10.10 9.52 =
Relative fuel-air density 0.55 0.44 0.97
Stoichiometric air-fuel ratio, AFRgoich 9.48 7.85 -
Primary air-fuel ratio, R (PAP 7—13) 5.46—3.50 4.86—3.10 =
Primary air-fuel equivalence ratio (PAP 7—13) 0.58—0.37 0.62—0.39 =
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from 4 to 13) and 2 types of fuel gases (G222 and G20). The
information was randomly split in order to avoid problems
with the data selection and ensure consistency of the model.
Repeatability of the tests was assured by anchoring the cam-
era set-up to the floor during the whole experimental
campaign. After every filter change refocusing was required to
acquire sharpen flame images. The camera was fixed for each
test in order to assure the same frame.

The captured raw flame images in TIFF format were pro-
cessed using the software MATLAB®. As a preprocessing step,
the electronic noise of the EMCCD camera was obtained and
subtracted from the acquired images at the camera opera-
tional conditions. In a second stage, the images were cropped
to avoid including irrelevant parts of the burner. A post-
processing script was developed to obtain relevant statistic
parameters of the images, based on previous research
[9,10,13,14]. Besides, a threshold binarization was used to
obtain the flame areas. This technique converts a raw image
into a binary image, based on a certain level previously opti-
mised for the filters and fuel gases. Additionally, the mean of
each statistical variable in the sequence of 228 images was
computed. A total number of 25 sequences were recorded at
each PAP.

Simultaneously to the EMCCD images and for comparative
purposes, an extensive series of flame emission spectra were
also acquired by means of a miniature portable spectrometer
(Flame S, Ocean Optics), a linear silicon CCD array detector
formed by 2048 pixels, able to detect the radiation emitted by
the flame across the wavelength range 190—1100 nm. In order
to identify the radiation generated by the flame root, the tip of
the optical fibre (NA = 0.22) was placed in a tripod at 14 cm
from the burner head and at three different levels above the
table surface: 7, 9 and 11 cm. The optical fibre was connected
to the spectrometer by a 50 um slit. For each condition, 100
spectra at 100 ms of integration time were acquired.

Finally, in order to find out a correlation between NOy
emissions and flame radical imaging, both measurements
were registered simultaneously. Thus, the NO, concentration
(NO + NO,) in dry flue gases was measured by a flue gas
analyser (MRU Air Fair Optima 7), equipped with electro-
chemical sensors which was connected to a probe introduced

at the center of the exhaust system tube through an orifice
located at 50.5 cm above the burner support. Also, CO and O,
concentrations were also registered with the same instrument
during the tests. Measurements were taken at a frequency of
1Hz. Accuracy was + 5 ppm or + 5% of the reading according to
the instrument supplier. Data were synchronised to the
camera imaging acquisitions in order to be able to correlate
them with flue gas emissions. A total of 30-NOy measure-
ments were averaged in order to have the same time frame
average as in the case of the imaging system. Collected data
were used to develop a model based on supervised machine
learning techniques. All NO, and CO measurements were
normalised to 0% O, in volume basis using the reading of the
O, probe. Temperature measurements were taken with a K-
type-thermocouple placed on the exhaust conduct.

NOx predictive model

A general overview of the system block diagram is shown in
Fig. 3. Two different supervised machine learning algorithms
have been applied to estimate NO, emissions from flame
image radical features obtained from the EMCCD images in
TIFF format. Firstly, a classification algorithm was used to
categorise the data, according to the type of gas and primary
air position and using the information derived from flame
images. Secondly, using this information and radical imaging
post-processed features, NO, emissions were predicted with a
neural network model trained with experimental data. A
detailed description of each algorithm is further explained in
Appendix C.

Results and discussion
EMCCD image results

Fig. 4 shows averaged false-coloured images for G222 and G20
obtained from tests using narrow-band filters installed in
front of the EMCCD camera. RGB images are also shown for
comparison. For conciseness, only the lowest and highest
tested values are illustrated, corresponding to the highest

Fig. 3 — System block diagram for the prediction of NO, emissions through flame radical imaging by supervised machine

learning techniques.
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Fig. 4 — Instantaneous RGB and EMCCD images in false color scale at PAP 4 (a—d) and 13 (e—h) for G222 (23% H,—77% CH,)
flames; at PAP 4 (i—1) and 13 (m—p) for G20 (100% CH,) flames. (For interpretation of the references to colour in this figure
legend, the reader is referred to the Web version of this article.)

Fig. 5 — Examples of intensity image distribution of G222 flames.
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(PAP 4) and the lowest (PAP 13) primary air entry flow rate,
respectively.

The double-cone flame structure, typical of partially-
premixed flames ([21,45]) is developed. Two different zones
can be clearly distinguished from examination of Fig. 4: (1) a
premixed reaction zone close to the burner exit, and (2) an
outer reaction zone where the unburnt gas mixture reacts
with the surrounding air. Although the reduction of the pri-
mary air generates flames with lower values of maximum
intensity (see for instance (b) and (f)), the image area with
significant intensity increases, in particular for OH" and CH"
images.

In the case of G222 (Fig. 4 (a—h)), the flame seems to be
cone-shaped for PAP 13 (e-h), while it seems to be triangle-
shaped for PAP 4 (a-d). Besides, the length of the inner cone
increases when the primary air flow is reduced, in accordance
with longer residence times needed to complete combustion.
In consequence, for PAP 13, the flames generated in the inner
orifices of the burner head can be more clearly observed
behind the first line of flames.

According to the results presented in Fig. 4 (i—p), the shape
and length of the pure methane flame (G20) does not sub-
stantially change when primary air-fuel ratio is decreased, in
contrast to results for G222. The overall image mean intensity
is higher when PAP is increased (lower primary air fuel ratio).
The inner reaction zone is thinner and shorter for G222 im-
ages, as compared to the results of G20 flames, which exhibit
longer reaction zones. Since the H, concentration is higher for
the G222 fuel, a slightly higher laminar burning velocity than

pure methane is expected [46—48] and a decrease in both
flame thickness and thickness of reaction zone [49], which
results in shorter flames [39,40,50—53]. The presence of
hydrogen affects the response of the flame to the stretch rate
due to transport effects through the fuel Lewis number [2].
Moreover, images with the OH" filter enable the visualization
of a greater area of the secondary cone coming from the outer
non-premixed flame, as compared to CH" and C, ones. The
OH" distribution can be observed in both reaction zones,
whereas the generation of C, is mainly concentrated in the
premixed inner flame reaction zone. The CH" distribution can
be also distinguished in both regions, although the corre-
sponding to the premixed zone is more significant.

Fig. 5 shows some samples of the pixel intensity distribu-
tion obtained at different combustion conditions and species.
In all cases, the highest frequencies appear at low intensity
levels, which can be related to the greater area occupied by the
background. Thus, the maximum of the distribution is
observed at low levels. At a medium intensity level, the fre-
quency decreases sharply which can be related with the
flames whereas as intensity levels increase the frequency
decreases smoothly.

In addition, Figs. 6 and 7 show results of averaged values of
the statistical parameters computed from the images (mean,
standard deviation, skewness and kurtosis) for each of the
filters tested (OH" in blue diamond, CH" in green square and C;
in red triangle) and fuel gas (G222, left; G20, right). Fig. 6 (a and
b) shows average image mean intensity for (a) G222 and (b) G20
in CCD counts obtained from EMCCD images and narrow-

Fig. 6 — Average image intensity mean (raw): (a) G222 gas, (b) G20 gas. Standard deviation (raw): (c) G222 gas, (d) G20 gas.

doi.org/10.1016/j.ijhydene.2020.08.045

Please cite this article as: Gonzalez-Espinosa A et al., Effects of hydrogen and primary air in a commercial partially-premixed atmo-
spheric gas burner by means of optical and supervised machine learning techniques, International Journal of Hydrogen Energy, https://



https://doi.org/10.1016/j.ijhydene.2020.08.045

8 INTERNATIONAL JOURNAL OF HYDROGEN ENERGY XXX (XXXX) XXX

Fig. 7 — Average image intensity kurtosis (raw): (a) G222 gas, (b) G20 gas; Skewness (raw): (a) G222 gas, (b) G20 gas.

band optical filters using the methodology explained in sec-
tion Experimental and methods. As shown in the figures, the
greatest mean intensity corresponds to the OH" filter, for both
gases and all test conditions. Also, an upward trend of the
mean intensity value when the primary air mass flow is
reduced (lower PAP) can be clearly distinguished for all optical
filters. Although the maximum intensity value is reached for
the lower PAP, based on the coloured image values (Fig. 4), the
overall intensity increases for higher PAP, which can be
related to the contribution of a larger reaction zone generated
at this condition. The reduction of the primary air promotes a
higher distribution of the flame intensity.

The trend of the G20-OH" mean intensity (Fig. 6(b)) is nearly
constant with PAP up to PAP 11, where suddenly increases.
This effect has been identified for all filters. However, in case
of G222 gas (Fig. 6(a)), the slope change is not detected. The
image range intensity was not the same for G222 and G20,
most probably due to the slight differences in thermal input
rates (see Table 3). In addition, since the G222 fuel has relevant
hydrogen content, the mean intensity difference between the
OH" and CH" or C; radicals is higher in the case of G222 than in
G20 for all PAP [54].

Regarding standard deviation, similar trends were ob-
tained for both fuels. This parameter can be related to the
uniformity of the flame, where lower values reveal a high
uniformity of the flame intensity distribution within the
image, which means a lower difference between the extreme
values. Fig. 6 (c and d) shows the results of the EMCCD camera
averaged image standard deviation. In both fuels, the C;

standard deviation seems to have a maximum value. It is
produced in PAP 10 in the case of G222 and in PAP 12 in the
case of G20. This effect may be in part caused by the afore-
mentioned small differences in the thermal input. As PAP
increases, the standard deviation decreases in the case of
G222. In the case of G20, flame size differences between lower
and higher PAP are lower than in the case of G222, and the
flame size remain practically constant during the whole range
of values tested. The standard deviation range is clearly
higher than the average level of intensity. This is directly
related to the huge differences between dark pixels and bright
pixels in the lateral sides of the burner.

Kurtosis and skewness results obtained from the images
are shown in Fig. 7. As the primary air is decreased, the trends
are similar for both fuels tested.! Values obtained from
skewness indicate that the image intensity distribution is
concentrated in lower values of intensity than the average,
due to the low levels of intensity obtained in the recorded
images.

According to the results shown in Fig. 7, the kurtosis de-
creases when PAP increases, particularly for C; radical. A
higher uniformity of the intensity values implies a reduction
on the extreme values of the histogram, which is reflected in a

1 Kurtosis and skewness are descriptors of the shape of a sta-
tistical distribution. A distribution with positive kurtosis is called
leptokurtic, which means that the distribution has heavier tails. A
positively skewed distribution indicates that the right tail is
longer than the left one.
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lower kurtosis value for PAP 13. In case of C5, the maximum
intensity value is higher in CH" and OH" is concentrated in a
particular pixels area. Therefore, the shape of the curve is
rather leptokurtic. The skewness is reduced for higher PAP
values, as seen in Fig. 7. This trend is in accordance with
kurtosis results. It implies that the intensity distribution is
displaced to the right due to higher levels of intensity in the
pixels that correspond to the secondary cone. Regarding rad-
icals, C; has a higher value, because although the average level
of intensity in the C; is lower, the maximum is higher.
Therefore, the distribution has a larger right tail than in the
case of OH" and CH".

Spectrometry results

Flame emission spectrometry results are given in Fig. 8 (a—f),
where emission intensity appears in arbitrary units (a.u.). As
aforementioned in section Experimental and methods, each
spectrum represents the averaged signal of 100 raw samples

registered at 100 ms-integration time for each PAP condition
and fuel tested. The maximum colour bar value in Fig. 8 (a—f)
has been set to the maximum intensity of the spectra, in order
to visualise more clearly the trends. The optic fibre vertical
position tested was 7 cm, 9 cm and 11 cm above the burner
table.

As expected, the intensity peaks of OH', CH" and C;
species, located at 310, 430 and 515 nm, respectively can be
clearly detected in the graphs, as well as the CO5 continuous
background (340—650 nm). The highest emission contribu-
tion is found at 7 cm, which is related to the line-of-sight
integrated flame radiation coming mainly from the fuel-
rich premixed reaction zones near the burner exit ports.
The overall emission intensity decreases for the H,—CH,
blend (G222, shown in Fig. 8c and e). This effect has been
also identified at fully premixed conditions [S5]. Also, the
OH" intensity peak is higher for all spectra, except for G222-
7 cm (Fig. 8e), where OH" and C, peaks are of the same
order. For both fuels, at 9 cm, the peak heights of OH", CH"

Fig. 8 — Measured spectra at various optic fibre tip heights above the burner support: (a—b) 11 cm, (c—d) 9 cm, (e—f) 7 cm.
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Fig. 9 — NO,, CO concentration in flue gases (at @ 0% O2 dry) and temperature measured during the tests.

and C; species increase while reducing the primary air,
which is in accordance with results from filtered EMCCD
images shown in Fig. 6. The background generated by CO3,
as well as the widened secondary outer cone and inner
flames, due to the reduction of the primary air, contribute
also to the increment. Nevertheless, the tendency is not
maintained at 7 cm for the G222 gas (Fig. 8e), where the
height of the peaks slightly decrease and the background
does not seem to be influenced by the primary air reduction.
In addition, the radiation emitted by CH" and C; species is
higher for 7 cm as compared to 9 cm when PAP is increased,
which is in accordance with the fact that the rich fuel-air
premixed inner reaction zone is mainly related with the
generation of CH" and C; species. In the case of G20, the
tendency is that by increasing PAP, which leads to fuel-
richer conditions, the intensity of all radical peaks
increased, especially in positions 12 and 13. At 7 cm height
from the burner table, that is, when the spectrometer points
to the flame roots, OH", CH" and C radicals tend to increase
slightly with PAP. Results obtained differs from previous
works with premixed flames, where the peak intensity de-
creases while lowering the air-to-fuel equivalence ratio (ER
increases) [21,56,57]. The most probable explanation is that
in the present study, the radiation detected by the optical
fibre is generated in partially premixed conditions, where
aside from the fuel rich premixed flames, an outer

secondary non-premixed reaction zone is generated and
contributes in a greater extent to the registered radiation. In
general, the G222 spectra have lower intensity distribution
than G20, probably caused by the slightly lower thermal
input of G222. When burning G222, the trends of the emitted
radiation from the excited species are similar to G20 at 9 cm
height. However, at the height of 7 cm, they tend to
decrease slightly as the setting position increases, contrary
to the case of G20. This may be caused by the faster
hydrogen combustion kinetics [26]. At 11 cm height, only the
hydroxyl radical species presents significant intensity in the
flame emitted spectra, which increases with PAP for both
fuels. This effect is in accordance with EMCCD filtered im-
ages (Fig. 4b, f, j and n).

Finally, results from filtered EMCCD images exhibit similar
trends to the OH" peak evolution observed in the spectra,
specially for the 9 cm data. The OH" peak increases mono-
tonically with PAP, which highlights the relevance of this
species in the outer secondary cone reaction zone.

Emissions results

As outlined in the experimental section (Experimental and
methods), NO, (NO + NO,), CO and temperature were
simultaneously measured at the exhaust hood while
acquiring flame images during the tests. Average results are

Fig. 10 — Normalised NO, emissions vs CH" and OH" normalised intensity: a) G222, b) G20.
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Fig. 11 — NOx-ANN prediction model results for (a) G222 and (b) G20 (70% of data).

shown in Fig. 9 for both fuels. Results shows values of
similar order, although a lower CO concentration has been
measured for G222 tests than G20, which is expected, due to
the faster combustion kinetics of hydrogen. This effect was
also found by Burbano et al. [39]. Despite it is claimed that
H, could increase NO, emissions by its higher adiabatic
flame temperature, the range of NO, is very similar.
The increasing NO, trend when decreasing the primary

air agrees with other published results for this kind of
burners [44].

Fig. 10 shows the variation of the NO, emissions, normal-
ised by its maximum, with the CH" and OH" intensity, also
normalised by its maximum, obtained from Fig. 6a and b. The
normalization has been applied due to the difference in
transmittance and bandwidth of the filters. Results are in
accordance with other works [37,58—60]. A monotonically
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Fig. 12 — Measured and predicted NO, concentration and error for (a) G222 and (b) G20 (remaining 30% of data).

direct relationship between NO; and the normalised intensity
of the excited species CH and OH can be clearly appreciated in
the figure, although the trend is non-linear and shows more
dispersion in data for G222 than for G20.

Results of the ANN

Two neural networks have been trained with available
experimental data of G222 and G20 fuel gases. Figs. 11a and
12a show G222 results. Collected data (70% of total) was
randomly split into training (70%), validation (15%) and test
(15%). Fig. 11a shows the relationship between the outputs of
the network and targets. The correlation coefficients R were
0.99339, 0.98585 and 0.98049 in the training, validation and
test data, respectively. Moreover, the global correlation coef-
ficient obtained was 0.99004, which indicates a good perfor-
mance of the model.

Once the network was trained, the model was used to es-
timate NOy emissions in the remaining 30% of collected data.
Results are presented in Fig. 12a for G222. The upper subplot
shows the NOy concentration @ 0% 02 in ppm at each PAP for
G222 gas. Red and blue points indicate measured and pre-
dicted values, respectively. The bottom subplot shows the
error in percentage between measured and ANN values. The
error is slightly larger for low primary air positions but is
below 5.7% in all tested points. The maximum error corre-
sponds to PAP 5.

Similarly, the results of the NO,-ANN predictive model for
G20 are presented in Figs. 11b and 12b. The same procedure
was used. Fig. 11b shows the relationship between the outputs
of the network and targets. The correlation coefficients R ob-
tained were 0.99595, 0.98238 and 0.99088 in the training,
validation and test data, respectively. The global correlation
coefficient R was 0.99362, which indicates also a rather good
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performance. Once the network was trained, the model was
used to estimate the NO, emissions in the test data (30%).
Results are presented in Fig. 12b. The error is slightly larger for
low primary air positions but is below 6.5% in all tested points.
The maximum error corresponds also to PAP 5. Furthermore, a
sensitivity analysis and the detailed description of the ANN
have been included in Appendix C in order to evaluate the
influence of input variables and image sequences.

Conclusions

One of the main goals of this study was to illustrate the feasi-
bility of machine learning algorithms and imaging techniques to
predict NOx emissions in partially-premixed burners. A UV—-VIS
EMCCD camera, equipped with narrow-band optical filters for
detecting OH", CH" and C; species, a portable spectrometer and a
gas analyser were used for burner characterization. Images were
processed and statistical image flame features were extracted
and analysed. The effects of hydrogen addition and primary air
reduction on burner performance and emissions have been
evaluated. Finally, in order to test the flame imaging capabilities,
a NO, emissions predictive model based on flame imaging fea-
tures has been developed and tested. Main results and conclu-
sions are summarised as follows:

e The double-cone flame structure, typical of partially-
premixed flames is developed, showing multiple pre-
mixed flames close to the burner exit, and an outer non-
premixed zone. Although the reduction of the primary air
generates flames with lower values of maximum intensity,
the image area with significant intensity increases, in
particular for OH" and CH" images. The inner reaction zone
is thinner and shorter for the H,—CH, blend, as compared
to CH,, caused by the slightly higher laminar burning ve-
locity of the blend and higher hydrogen reactivity, which
results in shorter flames.

For both gases and all test conditions an upward trend of

the mean intensity value when the primary air mass flow is

reduced can be clearly distinguished for all optical filters.

The overall intensity increases for higher PAP, which can

be related to the contribution of a larger reaction zone.

Flame spectra analysis agrees with radical imaging,

showing that the highest intensity distribution of the flame

emitted radiation is found at 7 cm, coming mainly from the
fuel-rich premixed reaction zones near the burner ports.

e Emission results show NO, values of similar order for both
fuels. An increasing NO, trend is also detected when
decreasing the primary air. However, a lower CO concen-
tration has been measured for G222 tests due to the faster
combustion kinetics of hydrogen. A monotonically direct
relationship between NO, and the normalised intensity of
CH" and OH" can be clearly appreciated, in agreement with
other related research works.

e It has been demonstrated that a NO, predictive model can
be built, based on flame imaging features and using ma-
chine learning techniques. LDA outperformed all tested
algorithms, with a 98% of accuracy in the estimation of the
outputs. ANN correlation coefficient R was 0.99004 and
0.99360, for G222 and G20, respectively. The ANN error was

slightly larger for low primary air positions in both models,
although their maximum values were 5.7% and 6.5% for
separate data testing, for G222 and G20, respectively.
Finally, results from the sensitivity study shows that the
influence of the number of inputs in the model is lower
than the influence of the image sequences.
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Appendix

A. Experimental facility

Figure A.13 — Detail of the primary air shutter.
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Figure A.14 — Experimental set-up.
B. Modelling primary air entrainment flow

The primary air intake is not usually measured in self-
aspirated gas burners. By changing the injector diameter
size and/or the fuel gas pressure, the fuel flow rate can be
regulated, and the primary air enters from the ambient air by
the well-known Venturi effect. As a common practice, these
burners often work at fuel rich conditions (lower primary air
than stoichiometric) for flame stability and safety reasons
[44,61]. If the distance between the gas injector and the venturi
entrance is fixed at a certain position and the other parame-
ters do not substantially change, the primary air-to-fuel ratio
remains constant. In the present test-rig the primary air has
been reduced for a given injector discharge gas pressure. The
air shutter has been closed at certain fixed positions (see
figure A.13 and Table 2), which increases the friction loss in
the venturi mixing tube, lowering the quantity of air entrained
from the ambient to the burner head and hence, decreasing
the primary air to fuel ratio. In other works the primary air
flow rate was indirectly measured by inserting the flue gas
analyser probe directly in the burner head [62]. However, in
the present case, this technique was discarded for safety
reasons. Alternatively, it was estimated using basic air
entrainment equations combined with experiments carried
out with an inert gas (N,) in order to provide an order-of-
magnitude value. The modelling approach is based on the
entrained flow equations through a venturi tube, derived by
applying simple momentum and energy balances to the air-
fuel mixing process in the venturi and to the fuel discharge
from the injector and mixture from the burner ports, accord-
ing to the work of Jones [44]. However, the effect of modifying
the inlet geometry of the venturi is not usually reported in
literature. Therefore, in order to tackle with this, a more
general approach has been used. The relation is derived by
applying: (1) a momentum balance between the fuel injector
outlet (subscript i) and the throat (subscript t) neglecting
stream contraction; (2) an energy balance between the throat

and the diffuser outlet (burner head or port, subscript p), and
two energy balances for discharge from the injector and from
the burner ports to the ambient, respectively ([44]). By
combining the equations, and defining R as the ratio of the
entrained volumetric flow rate of primary air relative to the jet

gas (R = “%), o as the relative gas-air density (¢ =), Vi as the

volumetric flow rate of the mixture (Vi = V4(1+R)) and py, as
__ pg(o+R)

the mixture density (pm = Jr17)) it yields
2 2
wenasn () 2(%)
. ——= (B.1)

CD B A, 2
P14 (;{) C3,(1+Cu)

In eq. (B.1), Cp, is the discharge coefficient from the flame
burner ports, which depends basically on the geometry and
Reynolds number. As the mixture exits through multiple
flame orifices, the velocity decreases and the flow becomes
laminar, so there is a strong dependence on Re number. Cp,
values are obtained from Refs. [44], based on previous studies
[63]. Values lay within the range of 0.58—0.63 for a burner port
orifice Reynolds number within 400—700, in accordance with
typical burner operation [44]. Note that equation B.1is implicit
in R, due to the fact that the discharge coefficient through the
burner ports Cp, largely depends on the burner ports Reynolds

number Re, which in turn depends also on R via V,. Finally, C;
is the friction loss coefficient for the whole mixing tube,
relative to the throat section. As the regime is turbulent at the
mixing zone, C, is mainly a function of the shape and rough-
ness of the conduct. However, if the movable piece of the
venturi is adjusted by increasing the thread pitches (figure
A.13), the shape of the mixing tube is modified, increasing
the flow resistance and C;, resulting in lower entrained pri-
mary air flow rates.

Summarising, for a given R, the friction loss coefficient of
the venturi C;, can be determined from equation B.1, and vice
versa. Therefore, in the present research, the primary air to
fuel ratio R has been experimentally estimated by eq. B.1 using
additional testing. Instead of fuel, an inert gas (pure nitrogen)
has been used as the jet fluid for convenience and safety
reasons. The methodology adopted here is partly based on the
work of Namkhat and Jugjai ([62]), who measured the oxygen
concentration at the burner ports with an oxygen sensor.
Using the oxygen sensor available in the flue gas analyser the
oxygen concentration (%0,) was measured at the exit of the
burner ports and R was determined as function of the primary
air position (PAP) from N,-tests using Eqn B.2:

%0,

Ry =506 = %0,

(B.2)

Experiments were carried out at ambient conditions.
Ambient room temperature was kept at 300 K during all tests.
The burner was externally shielded to prevent secondary air
entrainment, while maintaining constant ambient pressure at
the exit. As the oxygen sensor has an accuracy of + 0.2% ab-
solute, using a 95% confidence interval, the maximum and
minimum uncertainties in Ry, were found tobe + 8.5and 6.3 %
relative. All thermodynamic and transport properties were
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obtained and necessary equations were solved using the
software Engineering Equation Solver.

Once Ry, values were known, the experimental friction
loss coefficient C;, was obtained from N,-tests by substitution
in eq. B.1, and the primary air to fuel equivalence ratio
(relative to the stoichiometric value) for both fuels (G20 and
G222) was estimated by solving eq. B.1 for each fuel gas for
determining R. Results are shown in figure B.15 and Table 3.
Comparison show similar trends for both fuels. However,
although Rgyo values are higher than Rgyo, ones, due to the
higher relative density of G20, the primary-air to fuel
equivalence ratio for G20 gives lower values, due to the
higher stoichiometric air requirements for pure methane, as
compared to the %77 CHy-%23 H, blend. This fact agrees
with recent research [40,41] with H,—CH, gaseous mixtures
in cooktop burners.

Figure B.15 — Estimated primary air-fuel equivalence ratio
(relative to the stoichiometric value) as function of PAP (see
Table 2 for details), showing the theoretical limit value
(CL = 0).

Nevertheless, results obtained can be used for reference
only, because they are obtained at ambient conditions. At
working conditions, since the burner head is slightly heated
by radiation and conduction from the flame root, the aspirated
primary air is expected to be up to 10% lower [62].

C. LDA/NN NOx modelling

C.1. Classification algorithm

Classification is a type of machine learning algorithm,
included in the Supervised Learning Algorithms group [58,64].
This type of algorithm is used when the response is a choice
between classes (gas and primary air position). It learns to
distinguish new observations from examples of labelled data.

C.1.1. Description of the classification algorithm. A scheme of
the classification block diagram is shown in figure C.16. The
classification algorithm enables to classify the data taking into
account the primary air position and the type of gas (G20 or
G222). A total amount of 342 000 experimental flame images
were used to obtain the input parameters of the classification
algorithm. It corresponds to 25 sequences of 228 photos in
each of the 10 Primary Air positions (4—13), three filters (OH",
CH" and Cj) and 2 types of gases (G222 and G20). Images were
randomly split into training data (70% of the total amount of
data: 350 sequences) and test data (30% of the total amount of
data: 150 sequences).

According to previous studies with CCD cameras [9],
eighteen statistical and geometrical features, which are
representative of experimental flame images were
computed from experimental flame images. A categorical
variable defined as [Primary Air Position]-[Gas] was
selected as the output of the classification algorithm. The
classification learner tool in MATLAB® was used to
perform the classification algorithm. Using this applica-
tion, different classifiers can be selected, including deci-
sion trees, discriminant analysis, support vector machines,
logistic regression, nearest neighbours and ensemble
classification. A supervised classification algorithm was
built by supplying a known set of input data (flame radical
characteristics) and known responses to the data (fuel gas
and primary air position class). The input data was used to
train the model and thus, to predict the response of new
data. Among all tested, the Linear Discriminant Analysis
achieved the best classification results. The diagonal
covariance was used as the regularization method [65].
Results show a 98% of accuracy in the estimation of the
outputs.

Figure C.16 — Step 1: Prediction of type of gas and primary air position through flame radical imaging.
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In this algorithm, each class (Y) generates data (X) using
a multivariate normal distribution. The model assumes that
X has a Gaussian mixture distribution. For linear discrimi-
nant analysis, the model has the same covariance matrix
for each class. The function classifies the data in order to
minimise the expected classification cost, according to eq.
C.1:

K

y= argml Z (k|x) C(ylk) (€.1)

where y is the predicted classification, K is the number of
classes (20, in this case), P(k|x) is the posterior probability of
class k for the observation x, C(k|x) is the cost of classifying an
observation as y when its true class is k. The arg min function
returns the value of y which minimises the function within
the sum.

C.1.2. Results of the classification algorithm. Figure C.17 shows
the confusion matrix for the Linear Discriminant Analysis
applied to this particular case. Rows and columns show the
true classes and the predicted classes, respectively. It can be
seen that the algorithm has misclassified three of the 350
training data (70% of the total data). Some points of the Pri-
mary Air Position (Position 5 and 6) are misclassified in both
gases (G222 and G20), due to the small differences in input
variables.

Figure C.18 shows an example of the classification between
groups, where the CH" intensity is plotted versus OH" for all
groups using a scatter plot. Circles corresponds to points that
have been positively classified and crosses corresponds to
misclassified points. Each color represents a group of the pair
PAP-Gas. In this case, only some points has been misclassified
during the application of the LDA algorithm.

Figure C.18 — Icy* vs Ioy* in each of the groups.

Figure C.17 — Confusion matrix PAP-Gas.
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Once the model was trained, the following step consists
of testing the model in the remainder 150 test data, which
corresponds to 30% of the global experimental data. A
random order has been applied to the model in order to
avoid overfitting and underfitting. Figure C.19 depicts the
results of the classification model, showing the number of
points (histogram) that corresponds to a particular class
(PAP-GAS) in the predicted and in the measured case. The
comparison between both subplots could give a rough esti-
mate of the precision of the classification model. Figure C.19
subplot A shows the histogram obtained from data predicted
by the model using the inputs from flame imaging charac-
teristics. Subplot B shows the histogram obtained directly
from measured data (obtained from the 30% of the global
experimental data). From the chart, similar trends are
identified in both predicted and measured data in all the
Primary Air Positions and in both gases.

considering Primary Air Position (PAP), fuel gas (G20 or G222)
and statistical and geometrical flame imaging features as in-
puts. In this case, PAP and fuel gas type were obtained as
outputs from the results of the previous classification algo-
rithm. Therefore, two ANN were modelled, one for each gas. A
scheme of the block diagram in the ANN is shown in Fig. 3. A
total amount of 171,000 experimental flame images were used
to obtain inputs for each ANN. NO, emissions were averaged
during each 30 s period. A total amount of 250 average data
were used in the model for each gas. Captured images were
split into a set of training (70% of total), validation (15%) and
test data (15%). Eighteen representative features of the flame
imaging radicals were used as inputs to the ANN. These fea-
tures correspond to the same parameters as the ones used in
the classification algorithm. However, in this case a pre-
processing method was used to obtain the ratios of the in-
puts (OH'/CH", C5/OH", C3/OH") to feed the ANN, according to
Ref. [58]. This allows scaling all features on the same scale,

Figure C.19 — Results of the classification algorithm: Histogram A) predicted B) measured.

C.2. Artificial Neural Network

An Artificial Neural Network (ANN) is a type of supervised
machine learning algorithm if the desired output is already
known. Nowadays, ANNs have become common techniques
for modelling non-linear systems with several inputs and
outputs, such as NOy [31,64]. A Neural Network model was
implemented in MATLAB® to predict NO, emissions

and therefore, better
normalization.

In both ANNs for each type of gas, a standard two-layer
feedforward network trained with Levenberg-Marquardt
([66,67]) was used to predict NO, emissions using the ratios
of radical features, the type of gas and the Primary Air Posi-

tion. The best results were achieved with a network composed

achieving a prediction using
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of 18, 10 and 1 neurons in the input, hidden and output layer,
respectively. The updated version of Levenberg-Marquardt
algorithm [66—68] was used to train the network. This algo-
rithm is considered to be the fastest and most efficient
method for training moderated-sized feed-forward neural
networks which have up to a few hundred weights [69]. The
Mean Squared Error (MSE), the averaged squared difference
between estimated and actual values has been used as a
measure of the ANN error. The algorithm gave convergence
after 12 epochs. The activation function was the sigmoid
symmetric transfer function. A mini-batch model was used
because the size is greater than one but less than the total
dataset size. It corresponds to the 70% of collected data. A
value of 0.01 was used in the learning rate.

C.2.1. Sensitivity analysis. Sensitivity analyses are essential to
understand the influence of the input variables in predictive
models. Therefore, two sensitivity analyses were performed
to investigate the effect of reducing the number of inputs and
the number of images in the model, using the ANN of the G222
gas. General conclusions can be extrapolated to G20 gas. The
first sensitivity study reduced the number of sequences of
each input from 25 to 5. The results are presented in figure
C.20 which shows the error in percentage between the tar-
gets and outputs. As a consequence of this reduction, the
model error increased from approximately 5%—20%. There-
fore, the first remarkable point is that reducing the number of
sequences below 20 might produce an underfitting problem,
while increasing the number over 25 can produce an over-
fitting problem. The second sensitivity study was carried out
reducing the number of NN inputs from 18 to 3. The error in
percentage between the targets and outputs is plotted in
figure C.21. In this study the model error increased from
approximately 5%—11%. Therefore, the second remarkable
point is that the influence of the number of inputs in the
model output is weaker than the influence of the number of
image sequences.

Figure C.20 — Sensitivity study case A: Effect of the image
sequences.

Figure C.21 — Sensitivity study case B: Effect of the number
of ANN inputs.

Nomenclature

Abbreviations

AFR Air-Fuel Ratio

ANN Artificial Neural Network
CCD Charged Coupled Device
EMCCD Electron-Multiplied Charged Coupled Device
HHV High Heating Value, kW

LDA Linear Discriminant Analysis
MSE Mean Squared Error

PAP Primary Air Position

RGB Red Green Blue

TIFF Tagged Image File Format
UV — VIS Ultraviolet—Visible

Greek
P density, kg/m?
o fuel-air relative density

Other symbols

\% Volumetric flow rate, m%/s
A Area, m?
Cp, injector orifice discharge coefficient

Cp, burner port discharge coefficient
CL friction loss coefficient of the mixing tube
G20 reference gas (100% CH,)

G222 reference gas (23% Ha, 77% CHy4, % vol.)

P Pressure, Pa

R primary air to fuel gas volumetric flow rate ratio
Subscripts

a air

g gas

i inlet

m mixture

0 outlet, ambient

t throat
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