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An on-line digital imaging system is developed for monitoring flames in an industrial
boiler system. The information extracted from the RGB flame images is used to predict the
performance of the boiler system. A practical method based on multivariate image
analysis techniques and partial least squares is developed to efficiently extract informa-
tion from the rapidly time varying flame images, and to predict boiler performance, NO,
and SO, concentration in the off-gas, and the energy content of an incoming waste fuel
stream. The approach is very general and can be applied to a wide range of combustion
processes. © 2004 American Institute of Chemical Engineers AIChE J, 50: 1474-1483, 2004
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analysis, partial least squares

Introduction

Combustion plays an important role in many industrial pro-
cesses. The efficiency of the combustion usually has a great
influence on the economics of the process and on its environ-
mental impact.

In combustion processes fuel and oxidizer (typically air) are
mixed and burned. Generally, two categories can be identified
based on whether the fuel and oxidizer are mixed first and then
burned (premixed) or whether combustion and mixing occurs
simultaneously (nonpremixed). Each of these categories is fur-
ther subdivided based on whether the fluid flow is laminar or
turbulent. Among the four classes, turbulent nonpremixed com-
bustion processes are of interest in many industrial applica-
tions. They appear in jet engines, diesel engines, steam boilers,
and furnaces, for example. The use of the nonpremixed com-
bustion is widespread because it is safer to handle than pre-
mixed combustions. However, nonpremixed combustions in-
clude more complex chemistry and are harder to control.
Unless very sophisticated mixing techniques are used, nonpre-
mixed flames show a yellow luminescence, caused by glowing
soot particles. The colors of the flames indicate the combustion
region and the temperature of the field. This latter feature
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allows for the possibility of using color flame images to mon-
itor the combustion process.

Visualization methods have been used to study combustion
flames in laboratories. Shimoda et al. (1990) reported a com-
bustion diagnostic system where the radiation energy and tem-
perature profiles of flames were quantitatively identified from
the flame images and the concentrations of unburned carbon
and NO, in the exhaust gas were estimated in a coal-fired
boiler. Yamaguchi et al. (1997) developed a fiber-optical im-
aging sensor to detect the air/fuel ratio in a premixed-type
gas-fired model combustor by monitoring the radiant intensities
of flames over three spectral bands. Huang et al. (1999) set up
a flame-flicker monitoring system, where the flicker of a gas-
eous flame was quantified by computing the oscillation of the
radiant intensity of individual pixels within the luminous re-
gion of flame images. Lu et al. (2000) designed and evaluated
an instrument system for monitoring, characterization, and
evaluation of fossil-fuel-fired flames in a utility boiler. Geo-
metrical and luminous parameters of the flame were deter-
mined from the images. Wang et al. (2002) reported a method
to predict NO, emissive concentration for a coal boiler by using
color flame images and neural networks. However, few of the
above studies used turbulent nonpremixed flames as objects.

In many industrial furnace and boiler systems, television
systems have been installed to monitor the flame. However,
most of the time the only information the flame images are
providing is whether the flame is burning. Because of the
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highly turbulent combustion, the flames are always bouncing
around, and even the most experienced operator will have
difficulty in judging the performance of the combustion.

In this situation, a monitoring system based on image anal-
ysis can become very helpful. This is the motivation of the
research carried out in this study. An industrial steam boiler is
used as the study object. To analyze the color images, a feature
extraction based on multivariate image analysis (MIA) tech-
niques using principal-component analysis (PCA) was devel-
oped. Nine features are extracted from the PCA score plot
space for each image. Further analysis of the image features
and the process measurements are performed using PCA and
partial least squares (PLS) to help understand the relationship
between the feature variables and the process variables, and to
predict the performance of the boiler.

System Setup

The flame monitoring system is shown in Figure 1. The
steam boiler studied in this article uses both the waste liquid
streams from other processes and natural gas as fuels. There-
fore, the overall composition of the fuel often changes dramat-
ically. An analog color camera was installed in the boiler and
is connected with a monitor for displaying the live images. In
this research, the analog signals were recorded by a normal
VCR and then a video card converted the signals on the video
tapes into the digital images. The resulting images are RGB
(red-green-blue) color images, with the size of 120 X 160
pixels. Considering the processing time, the imaging sample
time is set as 1 frame/s.

Case Studies
Case descriptions

Two cases are studied herein. Case I covers a 114-min
period (see Figure 2). In this period of time, only liquid fuel
was used. In the first half of this period of time, the liquid fuel
flow rate was decreased from 1.5 to 0.75 kg/s; then in the
second half of the period, it was increased back to 1.5 kg/s. The
steam generated followed the same trend as the fuel flow. Case
II covers a 56-min period. In this case, both liquid fuel and
natural gas were used. During this period of time, the flow rate
of liquid fuel was gradually reduced from 0.889 kg/s to 0 and
at the same time the flow rate of natural gas was increased from
1.60 to 1.99 m?/s, to keep the steam generated at the desired
level. The flow rate changes of the fuels are shown in Figure 3a
and the resulting change of the steam flow rate is shown in

Analog Camera

p=| Video
Card

Water

3 Monitor
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Figure 1. Flame monitoring system.
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Figure 2. Flow rates of fuel and steam for case I: (a) flow
rate of liquid fuel; (b) flow rate of steam gen-
erated.

Figure 3b. In both cases, the air/fuel ratio of the boiler was
automatically modulated based on the preset control scheme.

Flame images

For case I a total of 6840 frames were obtained and for case
II 3360 frames were obtained. Table 1 lists the process condi-
tions corresponding to the points (A—F) marked in Figures 2
and 3. Some sample images are shown in Figure 4. For each
point, two consecutive images with a 1-s time difference are
shown. It is reasonable to assume that during this 1 s, the feed
and composition conditions in the combustion process did not
change. It can be observed that the flames in the boiler ap-
peared highly turbulent, with the images changing significantly
over every 1-s interval. This poses considerable difficulty in
trying to extract stable information about the combustion pro-
cess.

Extracting Features from Flame Images
Basic theory of multivariate image analysis

A flame image is an RGB color image, in which the color of
each pixel is characterized by the numerical values (normally
integers from 0 to 255) of its R, G, and B channels. A color
image can then be expressed as a multivariate image composed
of three variables (R, G, and B channels). In this work, a
practical method based on MIA techniques (Geladi and Grahn,
1996) is developed to extract feature variables from rapidly
time varying flame images.

MIA techniques are based on multiway PCA. Without con-
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Figure 3. Flow rates of fuels and steam for case ll: (a)

flow rate of liquid fuel and natural gas; (b) flow
rate of steam generated.

sidering the spatial coordinates of pixels, we can unfold the
image matrix and express it as a two-way matrix

Cir Cig Cip C;

unfold . X X
Ly, xnexs == Iyxs = | Cir Cig Cin | = | G
Cny Cng Cnp Cy

where I is the three-way image data array with image size
N,,,,X N, I'is the NX 3 unfolded two-way image matrix,

where N = N,,,,, X N,_,,. N is the number of pixels in the image.
Cips Cigr Cipp (i = 1, ..., N) are the intensity values of the R, G,
and B channels for pixel i. ¢; (i = 1, ..., N) is the ith row

vector of I, which represents the color values of pixel i.

Table 1. Sample Images Taken 1/s apart
at Different Conditions

Condition
Liquid Fuel Natural Gas
Case Point (kg/s) (m3/s) Steam (kg/s)

1 A 1.5 0 26.1
B 0.75 0 20.6
C 1.5 0 26.1
11 D 0.917 1.61 30.6
E 0.225 1.58 24.1
F 0 2.00 27.2
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Figure 4. Sample images taken 1 s apart at different
conditions: (a) Case I; (b) Case II.

Multiway PCA is equivalent to performing PCA on the
unfolded image matrix I

K

I=>tp +E

k=1

where K is the number of principal components, the t, values
are score vectors, and the corresponding p, values are loading
vectors. For an RGB color image, the maximum number of
principal components is 3.

Because the row dimension of the I matrix is very large
(equal to 19,200 for a 120 X 160 image space) and the column
dimension is much smaller (equal to 3 for an RGB color
image), a kernel algorithm is used to compute the loading and
score vectors. In this algorithm the kernel matrix (II) is first
formed, and then singular value decomposition (SVD) is per-
formed on this very low dimension matrix (3 X 3 for an RGB
color image) to obtain loading vectors p, (a = 1, . . ., K). After
obtaining loading vectors, the corresponding score vectors t;
are then computed using t, = Ip,. t; is a long vector with length
N. After proper scaling and rounding off, it can be refolded into
the original image size and displayed as an image

Tei ~ Yemin

tk,max k,min

Spi = Round( ><255> i=1,...,N

refold

(8wx1 = (Tn, x N
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Original flame image

Reconstructed image

Figure 5. Score images for a sample flame image.

where s, is the scaled and rounded score vector and T} is the
score image of component k. The values of s, and T, are
integers from 0 to 255.

The original MIA is mainly for the analysis on a single
multivariate image. To deal with a set of images, the kernel
matrix is calculated as X, I,TI, and then SVD is performed on
this summation of covariance matrix to obtain loadings. It
should be also pointed out that in this situation a common score
scaling range (#; ., and f, .. should be used for all the
images.

A total of 100 images were used in this study to compute the
loading matrix and score scaling range. The first two compo-
nents explained 99% of the total variance. In Figure 5, three
score images are shown for a sample image. A reconstructed
image from the first two components is also shown. It can be
seen that the T; score image represents the residuals and
contains little information. The reconstructed image from the
first two components is almost the same as the original image.

Score plot space

Given that the first two components often explain most of the
variance, instead of working in original three-dimensional
(3-D) RGB space, working in the two-dimensional (2-D) or-
thogonal t,— t, score space allows us to interpret the images
much more easily.

Inspection of the #,— t, score plot (a plot of ¢, values vs. t,
values) is a common tool in general PCA analysis to give an
overview of the whole system and/or detect clusters or outliers.
However, when the studied objects are images, because of the
large number of pixels, many of the pixels may have nearly
identical #,— t, values and plot on top of each other. A 256 X
256 histogram is used to describe the score plot space in this
situation. This 2-D histogram, denoted as TT, can be obtained
from scaled and rounded score vectors, s, and s,. TT is a 256 X
256 matrix with elements computed as

TT,;,:zl VI sy=isy=]
!

i,j=0,...,255
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Figure 6 shows the corresponding s,— s, score plots for the
sample images shown in Figure 4. A darker shade indicates
histogram bins with a low pixel intensity [black indicates
histogram bins with no pixels having that (s, s,) combination],
and brighter colors indicate histogram bins with higher pixel
intensities.

We can see from Figure 6 that for images captured at the
same combustion condition, the score plot histograms of pixel
intensities are very similar. However, as the combustion con-
ditions change, the locations of pixels in the score plots change
noticeably. This is the key result that enables one to use flame
images to analyze and monitor the process for changing con-
ditions. For any given process condition, even though the flame
images are bouncing around, the PCA score space of those
images is very stable, and it changes shape only with changing
process conditions.

Each location in the s,— s, score plot represents a certain
kind of color (ignoring the residual variation in #;). We can
compute the color for each location by

D E F

(b)

Figure 6. Score plots for the sample images shown in
Figure 4 (order is the same): (a) Case I; (b) Case
Il
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si
Figure 7. Color plane for s,- s, score plot.
[R G Bl;=t()p] +n(p; ij=0,...,255
tl(l) = i(tl,max - tl,min) + tl,min tZ(J) :j(tl,max - t2,min)
+ t2,min (1)

A color plane then can be computed for the score plot space, as
shown in Figure 7. We can see the relation between the
position in score plot and the color. Given that the colors of the
flames are different, under different combustion conditions, we
observe movement in the score plot space.

Extraction of features from score plot

As seen in the last section, the score plot contains important
information about the flame and the corresponding process
conditions; however, directly monitoring the process based on
the appearance of the score plots is not practical. This is
because it is difficult to monitor a time series process by
watching changes in a 2-D matrix, and even if observers were
able to detect some changes happening in the score plot, it is
hard to connect such changes with changes in the process
variables. Therefore, we need to extract features from the score
plot that have more physical meaning and to further relate those
features with the process measurements to help us understand
more about the flames and the combustion process.

Basically, the features we are discussing here can be divided
into two categories. The first category is called luminous fea-
tures, including the flame luminous region area, flame bright-
ness, uniformity of flame brightness, and the average bright-
ness of nonluminous area. The second category is called color
features, including average color of the whole image, average
color of the flame luminous region, and the number of colors
appearing in the flame region.

Flame Luminous Region. The flame luminous region is
extracted from the image by choosing a mask in the score plot
space. The boundary of the mask is easily obtained by a trial
and error process, whereby one selects a mask area in the score
plot, selects the pixels lying under it and highlights them in the
image space, and iterates until one obtains a mask that extracts
the feature of interest. More details on this common masking
procedure can be found in references on MIA (Geladi and
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Grahn 1996). The final mask selected for extracting the flame
luminous region is shown as the gray area in Figure 8a. To
illustrate the extraction ability of the mask, a sample flame
image is shown in Figure 8b. If we set all pixels falling outside
this mask to have a gray color, the image shown in Figure 8c
is obtained. We can see that the luminous flame region is
separated from the other part of the image.

Let us define a 256 X 256 binary matrix M that fits over the
256 X 256 score plot as a matrix which has an element equal
to 1 if the element location lies under the luminous flame mask
and 0 if it does not. This binary matrix M can then be used to
easily define several useful features of the flame image.

Luminous Features

(1) Luminous region area (A). The area of the flame image
that corresponds to the luminous region can be easily computed
by counting the number of the pixels falling into the flame
mask. This can be defined mathematically using the binary
matrix M as

A= TT,

ij

VvV (i,)),M;=1

(2) Flame brightness (B). Flame brightness can be obtained
by integrating the luminous intensity level contributed from all
pixels falling inside the luminous region. The luminous inten-
sity level for any location in the score plot is computed by
converting the color plane obtained by Eq. 1 to a gray-scale
plane with elements corresponding to the luminous intensity at
each location. The relationship is

(b) ©)

Figure 8. lllustration of flame region mask: (a) score plot
and mask, (b) one sample image, (c) the flame
region decided by the mask.
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0.299
L,=[R G B], 0.587 i,j=0,...,255
0.114

in which L;; is the luminous intensity level for location (i, j) in
the score plot and the conversion coefficient vector is the one
that converts the element RGB signal into a corresponding
luminous intensity (Matlab Image Processing Toolbox, Math-
Works, Natick, MA).

The overall flame brightness is then calculated as

B= 2 TT,L;
i

V (l’ j)7 Mi,j = 1

(3) Uniformity of flame brightness (U). The uniformity of
the flame brightness is defined as the standard deviation of the
flame brightness throughout the luminous region

S, TT; L.,

g [Tl L= 2
3, TT,;

Y (i,)),M;=1

(4) Average brightness of the nonluminous area (W). As
one may observe from the sample images shown in Figure 4,
the camera installed is facing the flame, which means we
cannot see the length of the flame. Moreover, the flame image
is a 2-D projection of a 3-D field and only part of the flame is
captured in the image. Therefore, the brightness of the nonlu-
minous area somehow gives information on the length and/or
the volume of a flame. We compute the average brightness of
the nonluminous area by

Ei,j TTi.jLiA,j .o
= ST, vV (i,/),M;=0

Color Features

(1) Average color of the whole flame image (s,,,,, $5,,)- The
average color of the whole flame image is expressed as the
average location of pixels in the score plot

3, TT,i S, 1T,
Sim = T Som = N

in which N is the total number of pixels in the image.

(2) Average color of the flame luminous region (sp
s5). The average color of the flame luminous region is defined
as the average location of the pixels belonging to the flame
luminous region

E,-,_/- TT,-V/-i 2 TT J o
Sy= Sy = A V (i,j),M;=1

(3) Total number of colors appearing in the flame luminous
region (N,.). The number of the different colors appearing in
the flame region is the area of the flame region in the score plot
space

AIChE Journal

Figure 9. Effect of averaging flames in the image space:
(a) an example averaged image (over 60 con-
secutive images), (b) the corresponding score
plot.

V (l> ])7 (TTi,jMi,j) 7& 0

N.=>1
iJ

Filtering the Feature Variables. Because of the highly
turbulent nature of the flame the calculated feature variables
have a large variation from image to image. Furthermore,
because the process characteristics are not changing rapidly,
one is usually not interested in monitoring on a 1-s basis.
Therefore, some form of image filtering should be performed to
reduce the variability of the extracted features.

There are several possible filtering techniques that can be
used at the different stages of the calculation. The first one is to
perform the filtering operation directly in the image space. This
is the most commonly used preprocessing by flame studies in
the literature (Lu et al., 2000; Shimoda et al., 1990). However,
in the highly turbulent circumstances, as we can see from an
example averaged image (Figure 9a), averaging in the image
space leads to a loss of the characteristics of the flame. In the
score space, the shape of the score plot for the averaged image
(see Figure 9b) has also been “distorted” compared to the
single-frame images (the score plots of point A in Figure 6).

A second filtering technique is to perform filtering in the
score plot space. This represents a much better solution be-
cause, as shown earlier, the score plot for each rapidly chang-
ing flame image remains very stable as long as the process
conditions remain unchanged. Figure 10 shows an averaged
score plot over 60 consecutive images. Compared to Figure 9b,
this averaged score plot keeps the basic shape of the score plot
of the individual image (A in Figure 6). The feature variables
extracted from the averaged score plot are expected to sum-
marize the characteristics of the flame during the short period
of time over which the average is computed. However, the
values of certain features extracted from these filtered score
plots may have a different level from the features calculated
directly from the raw images because the feature extraction
calculations are not linear.

A third filtering approach is to apply a time domain filter to
the extracted feature variables of each individual frame image.
This approach has some advantages compared to averaging the
score plots. First, it is much easier to handle the time series data
such that at each time point, the data constitute a vector rather
than a matrix. Second, the filtered feature values are directly
related to the raw feature variables. The filter used here is an
averaging filter with a window length 60.

July 2004 Vol. 50, No. 7 1479



Figure 10. Averaged score plot (over 60 consecutive im-
ages).

Results
Feature variables for two case studies

Figure 11 plots three feature variables for the two case
studies. Raw features computed from each individual image are
shown as dark gray lines. Two types of filtered features are also
shown: filtered values of the individual features from each
image (indicated by the lighter gray lines) and features com-
puted from the averaged score plots (indicated by the black
lines). Filtered data by both filters are almost identical for all
the feature variables (such as Figure 11a and c), except for the
number of colors (N,) in the flame luminous region (Figure
11b). The value of N, computed from the averaged score plot
is much higher than those obtained by filtering the N, values
from the time series of the individual image values. However,
the two filtered values have similar trends. This is expected,
given that the total number of colors in all 60 images averaged
in the score plot must be much larger than that in any individual
image. In the following computations, only filtered data from
the individual image feature time series are used. Using filtered
features obtained from the average score plot leads to similar
results.

In case I, the liquid fuel flow rate was first decreased and
then increased back to the original value. All the feature
variables (such as in Figure 11a) follow the same trend or the
inverse trend of the liquid fuel flow rate change in Figure 2.

In case II, both liquid fuel and natural gas flow rate were
changing. In this case the trends of feature variables are dif-
ferent. Some of the trends are similar to the liquid fuel flow rate
change, such as s,,, (the average s, value of the whole image;
Figure 11c), whereas other feature trends are similar to the
natural gas flow rate change, such as s, (the average s, value
of the flame luminous region). To get a better understanding of
the relation between these image feature variables and the
process measurements (steam flow and liquid fuel flow rates),
principal-component analysis (PCA) and partial least squares
(PLS) studies are performed in the next section.

Monitoring the process using multivariate statistical
methods

Analysis of the Data Sets Using PCA. 1In this section, two
PCA models are obtained, one for the case I data and another
for the case II data. The purpose is to reveal the relationship

1480 July 2004 Vol. 50, No. 7

between the changes of the fuel flow rates and the flame
properties. The variables included in the PCA models are the
nine filtered flame feature variables and the fuel flow rates.
In the PCA model for case I, the first principal component
explained 88.4% of the total variance. This is reasonable be-
cause only one factor (flow rate of liquid fuel) was changing in
this case. The loading plot of PCA (Figure 12) shows the
relative importance of the variables to this principal compo-

1mo
10:41 1057 113 1129 1145 1201 L1317 1233
Time

(a)

Totl mumber of colors in flame luminous region (Nc)

T T T T T

1330 1328 1336 1344 1352 400  LA0R 1416
Time

(h)

Average 52 value of whole image (s2m)

el

12320 1328 1336 13:44 1352 1400 1408 14:16
Tine

]

Figure 11. (a) One of the feature variables for case I:
average s, value of flame luminous region
(S1pinfiye); (b) One of the feature variables for
case lI: total number of colors in flame lumi-
nous region (N_); (c) One of the feature vari-
ables for case llI: average s, value of whole
image (Szpinfijm)-
The darker gray lines represent raw values from each 1-s
frame image, the lighter gray lines represent the filtered
values obtained from directly filtering the raw feature vari-

ables, and the black lines represent the filtered values ob-
tained from averaged score plot.
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Figure 12. Loading plot of first component of PCA model
for case I.

nent. All the features contribute and are highly correlated with
the fuel flow. We can see that when the liquid fuel flow
increases so does the flame brightness (B), the luminous area
(A), and so forth, whereas at the same time the average scores
(515 Sop) decrease.

The PCA model for the case II data has two significant
components because there were two sources of variation. The
first component explained 52.3% and the second component
explained 42.6% of the total variance. From the scatter plot of
the loadings (p,— p,) in Figure 13, we can see that s,,, (average
s, value of the image) has positive correlation with liquid fuel
flow rate, W (average brightness of nonluminous area) has a
positive correlation, and s,, (average s, value of the flame
luminous area) has a negative correlation with natural gas flow
rate. This conclusion is confirmed by the feature variable time
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Figure 13. p,- p, loading plot of PCA model for the data
of case Il.
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Figure 14. Predicted vs. Observed steam flow rates.

series plots (for example, s,,, shown in Figure 11c has a similar
trend to the change of liquid fuel flow rate shown in Figure 3a).

Prediction of Flow Rate of Steam Generated. In this sec-
tion, a single linear PLS model is built using the combined data
from both case I and case II to demonstrate that information
extracted from the flame images also is sufficient to obtain an
accurate prediction of the steam flow rate from the boiler. All
nine feature variables from flame images are used as predictors.
A total of 33 observations are used as training set and 133
observations are used as a test set.

Eight latent variables were determined to be significant by
cross-validation. The root mean square of prediction error
(RMSE) for the training set is 0.4167 kg/s and for the test set
is 0.5 kg/s, demonstrating that the model can predict results
from new images almost as well as it fits the training data. The
prediction vs. observation plot is shown in Figure 14. Figure
15a and 15b are the time series plots of the predicted and
observed steam flow rates for the two case studies, respec-
tively. We can see that the steam flow rates are well predicted.

Prediction of NO, and SO, Concentration in the Off-Gas.
It was shown in the above section that by using the features
extracted from images as regressors, a PLS regression model
can be developed to accurately predict the steam flow rate from
the boiler. Although, by itself, prediction of the steam flow rate
is not important (this flow rate is easily measured), the fact that
it could be predicted so well just from 2-D RGB images of the
boiler flame, using no other information, is extremely impor-
tant. It demonstrates that there is a tremendous amount of
information in these images that, if combined with additional
process data, could greatly improve the inferential models
typically used to monitor the operating performance and emis-
sions from these combustion processes.

In this section and the next section, a preliminary study on
the prediction of the NO, and SO, concentrations in the off-gas
and on the prediction of the energy content in the waste fuel
stream for the same boiler system is presented. In this study, 12
videotapes were collected during a 2-month period of time.
Each videotape contained one-half hour of recorded flame
images. The average process variables during the time when
the videotapes were recorded were also collected. The mea-
sured NO, and SO, concentrations in the off-gas were obtained
from an on-line analyzer. The detailed description of data can
be found in Yu (2003).
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Figure 15. Time series of predicted and measured steam
flow rates: (a) Case I, (b) Case Il.

Two PLS models were developed to predict the emissive
concentrations of NO, and SO,, respectively. For each model,
10 samples were used as a training set, whereas two samples
were used for evaluation (test set). The prediction vs. observa-
tion plots are shown in Figure 16. The results show good
agreement between the predicted and the measured data. More-
over, by incorporating other process measurements, such as
temperatures, pressures, and flow rates, the prediction results
were not improved. This implies that the flame images contain
the greatest amount of useful information that is correlated with
the NO, and SO, concentrations.

Prediction of Energy Content of Waste Fuel Stream. In this
section, the same data set as in the last section was used to
predict the heat of combustion of the incoming waste fuel
stream. The heat of combustion values were measured off-line
in a laboratory. A PLS model was built to predict the product
of heat of combustion and the liquid fuel flow rate. The heat of
combustion can then be obtained by dividing the PLS model
prediction by the measured liquid fuel flow rate. In addition to
the feature variables extracted from the flame images, the
measured flow rates of liquid fuel and natural gas were also
included as predictors. This is shown in the following equation:

1482 July 2004 Vol. 50, No. 7

300
7
2 250
=
e
ﬁ 200
]
= x
£ 150§ %
8
2 1oo © Training set
E * Test set
50 : "
50 100 150 200 250 300
Chservation (mol fraction, x10%)
(a)
10
P
S 8
E
c
g 6
=
£ 4
g 2 & Training set
£ i)g(o % Test set
0« - - - -
0 2 4 3] 8 10
Observation (mol fraction, x10¥)
(b)

Figure 16. Prediction vs. observation plots for the NO,
(a) and SO, (b) concentrations.
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and where v is the feature vector extracted from the image data,
F,, 1s the natural gas flow rate, Fis the flow rate of liquid fuel,
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Figure 17. Prediction vs. observation plot for prediction
of the heat of combustion of the liquid fuel.
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v is the model regression coefficient vector, and H!fis the heat
of combustion.

Ten samples are used as a training set and two samples are
used as a test set. Figure 17 shows the prediction vs. observa-
tion plots for both models. We can see that the model has good
prediction performance.

Conclusion

A combustion monitoring system based on color (RGB)
images of the flame was developed for an industrial steam
boiler. Experimental results demonstrate that the system is
capable of characterizing the luminous and color parameters of
a flame qualitatively and quantitatively, and of predicting the
performance of the boiler system over a wide range of condi-
tions.

The key methodology in this flame monitoring system is
developed based on multivariate image analysis using multi-
way principal-component analysis methods. The rapidly time
varying flame images were shown to give very stable score plot
histograms in the principal-component space. These score plots
were very stable for all flames imaged under constant process
conditions, but changed in a consistent way whenever the
process conditions changed. Masking methods were used to
extract a number of features of the flames from the principal-
component score plots. These features were shown to be highly
related to the process fuel feed rates. Using these features as
regressors, several partial least squares regression models were
developed to accurately predict the steam flow rate from the

boiler, the NO, and SO, concentrations in the off-gas, and the
energy content of the incoming waste liquid stream. This study
demonstrates that there is a tremendous amount of information
in these flame images, which can be successfully used to
monitor the operating performance and the emissions of the
combustion processes.
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