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Abstract: Almost all systems generate acoustic signals when operating or when a process is being
performed. These signals contain certain data related to the operating performance of systems. In
this study, acoustic data were used to study the performance and to identify the optimum operating
points of natural gas burners that are used in steam boilers. The sound recordings of burners obtained
under different operating conditions were examined with acoustic analysis methods. The impact of
various operating parameters on acoustic values was determined using time series analysis, frequency
spectrum data and then power spectral density values. When the excess air coefficient and emission
and efficiency values of boilers were compared with the acoustic data, it was determined that the
Yule–Walker algorithm contained distinct and explanatory values. The steam boiler and the natural
gas burner within were considered a system for the analysis. Measurement results showed that
operating parameters and acoustic analysis results were correlated. Moreover, the results were
confirmed with the emission measurement results. Finally, it was deduced that the acoustic values
can be used for obtaining the optimum operating points in similar systems where inlet and outlet
parameters cannot be measured, and the related principles were revealed.

Keywords: acoustics; steam boiler; steam trap; excess air coefficient; Fourier transformation; spectral
analysis; autoregressive method; Yule–Walker

1. Introduction

The primary goal of employing time series in system analyses is to determine the
state of the physical quantity being observed or investigated over time based on changing
parameters, as well as to comprehend the nature of such data. The obtained data allow for
predictions about the system’s current state and potential future values. Furthermore, by
examining and analyzing time series using various methods, it is possible to reach specific
conclusions about the system parameters that constitute the time series. Preliminary values
for detecting system failure, as well as vital data on the system’s operating performance,
can be obtained by examining the acoustic time series that occur during the operation.
However, obtaining the essential conclusions from these raw data is a challenge. Therefore,
significant results can only be obtained by employing specific methods on the measured
signals and then conducting appropriate analyses.

In this study, the combustion performance data of the natural gas burner operating in
conjunction with the steam boiler were studied by analyzing acoustic signals. Most studies
in the literature considered the vibration data of the systems as time series and attempted
to reach conclusions for performance and failure prevention in this manner. For instance,
gearbox vibration data were used in studies related to detection of gear shaft and gear
tooth failure. In these studies, autoregressive methods [1] and parametric methods [2] were
used for modeling, and the Yule–Walker algorithm was used for parameter estimation [1,2].
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Likewise, parametric methods also provided decent results in the formation and analysis
of impact-induced vibration models [3]. Additionally, the Kolmogorov–Smirnov method
is utilized to predict error signals [1,4]. On the other hand, in studies that focus more on
steam boilers, combustion chambers or burners for failure detection, it is observed that
the main problems of interest are related to leak detection, performance identification and
combustion instability. In studies related to leak detection, model-based least squares
technique [5] and principal component analysis are used [6]. For the matter of performance
identification, acoustic data are used for analysis, and Yule–Walker algorithms are utilized
for parameter estimation [7]. Apart from these, issues related to combustion instability
are an area of interest in the literature. In this area, the static instability of the plasma
arcs [8] and the combustion imbalances in the annulus burners of rotary kiln [9] are
studied experimentally for swirl flame. In the case of thermo-acoustic instability [10,11],
numerical and experimental methods [12–14], experimental flame transfer functions [15,16],
large eddy simulations [17,18], fast random particle method [19] and nonlinear network
models [20,21] are used. To provide the passive control of thermo-acoustic instability, the
slope confinement method is utilized [22]. In addition, the acoustic emission method,
which, in recent years, needs less data [23], is used for failure detection in the tubes of
steam generators, boilers and heat exchangers [24]. Moreover, bidirectional long short-term
memory recurrent neural networks [25] and the deep learning flexible boundary regression
method can be used with acoustic emission signals to enhance leak detection in boiler
tubes [26]. Acoustic array global interpolation algorithms have been developed for leak
detection during boiler operations of coal-fired power plants [27].

In this study, it has been shown that acoustic methods can be used to obtain optimum
operating performance in terms of gas emissions and fuel efficiency. Spectral analysis
methods were applied to produce optimum air excess coefficient settings of steam boilers
and burners. It was observed that combustion adjustments can be made through acoustic
analysis, especially in cases where classical measurement methods cannot be performed.

2. Materials and Methods

The spectral analysis method explains the power distribution of a signal (such as
sound and vibration) in a finite data set. This method can be used in various applications
such as the detection of embedded signals in a wide band interval. Spectrum analysis in
signal processing can be basically classified as parametric and non-parametric methods. In
non-parametric methods, power spectrum density (PSD) is directly obtained from the signal
itself, and the simplest of these is the periodogram. The developed form of periodogram is
based on Welch’s method and the multitaper method. In parametric methods, the PSD is
obtained from a linear system. The most commonly known algorithms of this method are
the Yule–Walker autoregressive method and the Burg method. These methods try to obtain
the parameters (coefficients) of the linear system to determine the PSD. Then, they generate
a signal based on the assumption. These methods yield better results than conventional
non-parametric methods if the signal duration is short. Moreover, parametric methods can
achieve higher resolution values compared to non-parametric methods [28]. Because the
data of a system are depicted as Xn, the spectral power density of a random fixed process
is related to the correlation series of a discrete Fourier transformation. This expression, in
terms of normalized frequency, is as follows.

X(ω) =
1

2π

∞

∑
n=−∞

x(n)e−jnω (1)

where the normalized frequency is ω = 2πf/fs, f is the physical frequency, and fs is the
sampling frequency.

X( f ) =
1
fs

∞

∑
n=−∞

x(n)e−2π j f n

fs
(2)
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Correlation series can be obtained from the spectral power density using the inverse
of the discrete time Fourier transformation.

X(n) =
∫ n

−n

(
x(ω)ejωn

)
dω =

∫ fs
2

− fs
2

(
x( f )e

2π j f n
s

)
d f (3)

The average power of the X(n) series within a certain data range is expressed by the
following equation.

X(0) =
∫ π

−π
x(ω)dω =

∫ fs
2

fs
2

x( f )d f (4)

The average power of a signal on a certain frequency band, [ω1, ω2], 0 ≤ ω1 < ω2 ≤ π,
can be determined by taking the integral of the spectral power density over this band.

x[ω1,ω2]
=
∫ ω2

ω1

x(ω)dω +
∫ −ω1

−ω2

x(ω)dω (5)

In Equation (5), this expression, which represents the power content of a signal in
x(ω) infinitely low frequency band, is called the spectral power density. In reality, PSDs
of signals are symmetrical. Therefore, x(ω) entirely represents the PSD in the interval
0 ≤ ω < π. Of the spectral estimation methods, the Yule–Walker AR method calculates
the AR parameters of a signal generated with the partial prediction of its “autoregressive”
function and calculates the forward prediction error with the minimization of the smallest
squares. Equation (6) is known as the Yule–Walker equation and forms the basis of many
AR prediction methods [29].

r(1) r(2) · · · r(p)
r(2) r(1) · · · r(p − 1)

...
... · · ·

...
r(p) · · · r(2) r(1)




a(2)
a(3)

...
a(p + 1)

 =


−r(2)
−r(3)

...
−r(p + 1)

 (6)

The Yule–Walker AR method generates results like a maximum entropy estimator.
Using a method against the autocorrelation function ensures that the autocorrelation matrix
in Equation (6) is positive. Therefore, the matrix can be reversed, and it can guarantee
an existing solution. Moreover, these calculated AR parameters always result in a stable
all-pole model. The Yule–Walker equations make use of the Toeplitz structure, which is
an autocorrelation matrix and is efficiently solved using the Levinson algorithm. This is a
matrix, and each member, from left to right diagonally, is fixed.

Experimental Setup

Measurements were taken on an industrial-type steam boiler installed in the university
hospital. The steam boiler technical specifications were as follows: capacity max. 6800 kW;
operating pressure 7 Bar; water volume 25,000 L; burner capacity max. 8000 kW; fuel
type, natural gas; motor power, 30 kW. Moreover, the steam boiler uses natural gas as
fuel and has an Oertili induflame burner. A Testo 330-2LL (Testo, Istanbul, Turkey) device
was used to measure the flue gas emissions. The calibration of this device was set to
maximum. A composition of 3% O2 and 12% CO2 was used, and a AKG perception
170 cardioid condenser microphone was used for the acoustic data. Data were transferred
to the computer via a Behringer-1222 FX preamp (Behringer, Willich, Germany) with 48 V
phantom power supply. The Goldwave program (v5.10, St. John’s, NL, Canada) was
used in the preprocessing of the data; all other analyses and calculations were made using
Matlab (v9.8 Academic, Mathworks, Natick, MA, USA, Source: Akdeniz University, IT
Department, Antalya, Turkey). Before beginning the measurements, the boiler was operated
for ~40 min, and the system was made to reach a stable state. For the comparability of
the measurements, adjustments were made during all measurements, such that the steam
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boiler pressure was 6 bars and the frequency value of the primary air fan with frequency
inverter was 25.7 Hz (Figure 1).
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Figure 1. Boiler under measurement and test set-up.

3. Results

Measurements of the system were made for eight different excess air coefficients at
16 bits. The presence of three sound sources was assumed in the system during the acoustic
recordings: the data coming from the primary air fan, the sound of natural gas flow and
the acoustic data during burning in the combustion chamber. The acoustic data in the
combustion chamber were subjected to acoustic analyses after they was separated from
the noise coming from the other two sources. It was observed that the system worked
stably during the steady regime; therefore, it was concluded that a measurement interval
of 10 s was sufficient. When the acoustic recordings were being made, flue gas emissions
and efficiency values of the system were simultaneously determined. Figure 2 shows the
time–amplitude values of the acoustic data obtained from the recordings for the eight
different excess air coefficients. Here, fluctuations depending on the combustion state are
reflected in the graphics. Subsequently, these values were transferred from time domain to
frequency domain for each excess air coefficient. Figure 3 shows the expansions of signals
on the frequency axis.
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While recording acoustic data, changes were made in the λ excess air coefficient values
and flue gas emissions, and boiler efficiency values were simultaneously measured for
each excess air coefficient value. These values are listed in Table 1. When the emission and
efficiency values were examined, the measurement number 3 corresponding to λ = 1.14
value was more balanced compared to other parameters; it was decided that it could be
considered a reference. The excess air coefficient of 1.14 of the boiler measured at the third
measurement was determined as the excess air coefficient where combustion is the most
suitable, as per the criteria set by standards regarding flue gas emissions and efficiency
values. When determining this value, an evaluation was made among emission values and
efficiency values in Table 1, and the balance between emission and efficiency values was
considered. This designated value was considered as a reference for other measurements.
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Table 1. Flue gas emission values and boiler efficiency for the excess air coefficient λ values.

Measurement 1 2 3 4 5 6 7 8

λ 1.07 1.11 1.14 1.16 1.17 1.19 1.30 1.35
O2% 1.3 2.0 2.5 2.9 3.1 3.3 4.8 5.5

CO2% 11.26 10.86 10.57 10.34 10.23 10.11 9.26 8.86
CO% 199 81 14 7 4 5 0 0

Efficiency % 93.8 93.8 93.6 93.5 93.4 93.5 93.0 92.6

Yule–Walker power spectral density values with respect to the excess air values are
given in Table 2.

Table 2. Yule–Walker power spectral density values corresponding to excess air values.

Measurement 1 2 3 4 5 6 7 8

λ 1.07 1.11 1.14 1.16 1.17 1.19 1.30 1.35
x1 775.1 602.9 689.1 1034.0 947.5 516.8 947.5 1120.0
x2 3962 3962 3704 3962 3962 3962 4048 4048

y1/y2 13.02 22.29 22.77 14.87 2.25 2.84 8.55 4.28

If we consider the acoustic data as a time series, the recordings were made for eight
different excess air coefficients in time slices of 10 s (Figure 2). From this data, the dis-
tribution in frequency domain was obtained through the fast Fourier transform process
(Figure 3). Using the obtained frequency data, the distribution of PSD values in frequency
domain was found using the Yule–Walker algorithm (Figure 4). In the PSD graphs, the peak
frequencies for normalized values were examined. By making power density calculations,
it was determined at which frequencies the data were concentrated (Figure 5).
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4. Discussion

Time graphs of acoustic data were plotted for eight different excess air coefficients,
and then their frequency spectra were obtained. PSD values were calculated and plotted
for these values. Furthermore, other parametric methods, namely Burg, covariance and
modified covariance methods, were also examined. In the data obtained within the scope
of the study, it was determined that the “Yule–Walker” method has some advantages over
other methods; it is also possible to apply windowing to acoustic signals, and these data
can be recorded as larger datasets compared to other methods. When the Figure 5 plot
comprising the power spectra of the acoustic signals obtained for each of the eight residual
air coefficients was examined, the curve around the first and second peak values showed
that the combustion was in the best condition. In other areas of the spectrum, a decrease and
a stable situation were observed. Therefore, it was concluded that the Yule–Walker method
is more suitable for these data characteristics and analyses, and plots were made using the
Yule–Walker method. Table 2 shows the frequencies at which the peak points of PSD values
occur for each excess air coefficient and yields the PSD ratios of the two peak points as
y1/y2. In the literature, thermoacoustic instability of a large-scale industrial oil furnace was
studied using acoustic data, turbulence energy spectrum and Rayleigh parameter, across
the domain in [17]. At the maximum continuous rating load, all three methods predict
instability with fluctuations of the predicted dominant frequencies in agreement with the
observed nondimensional frequency of 0.615. Here, the measurement made for the excess
air coefficient of 1.14 stands out from the others with its higher value. Moreover, this value
corresponds to the value of 1.14, which may be considered the optimum value compared
with the emission and efficiency values in Table 1. When the values obtained with the
Yule–Walker algorithm are examined in Figure 5, the curve number 3 belonging to the
excess air coefficient of 1.14 stands out because of its lower relative peak points.

5. Conclusions

In this study, the operating parameters of the natural gas boiler’s burner were evalu-
ated along with acoustic data. Law emission values for internal combustion engines are
not at points where the engine power and efficiency are at their optimum values, and an
optimum operating point must be determined among these values. A similar situation is
observed for gas burners. This study has shown that this optimum point can be determined
using acoustic data. Acoustic data can be easily used in systems where it is impossible
or very difficult to measure operating parameters. Furthermore, analyses can be made in
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many systems with acoustic data that can be measured much more easily. Furthermore,
in many cases, acoustic data contain considerably more information about the system. In
this study, the Yule–Walker PSD values can be applied to the steam boiler with natural
gas burner and correlated with the performance values of the boiler such as emission and
efficiency; moreover, such analyses can be used for improving the boiler performance.
In particular, parametric methods will be an important analysis method for optimizing
combustion parameters.
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Nomenclature
x(n) Time series
X( f ) Fourier transform
fs Sampling frequency
f Frequency
ω Angular frequency
r(p) Autocorrelation function
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