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The approach of multipoint measurement, with increasing hardware cost, should no longer be adopted against the problem of low
detection precision on the quality and concentration measurement of large-caliber or irregular pipeline gas with the single
platinum ﬁlm probe. Alternatively, the data correction and improvement can be carried out through establishing an RBF model to
detect sample gas after preprocessing. Furthermore, the computer simulation and error analysis can be implemented by taking
actual SO2 data emitted by one medium-sized coal-ﬁred power plant in China as a training sample. Hence, it can be shown that
this approach on improvement and analysis of continuous monitoring of the systematic integrated error against the instrument
correction and ﬂue gas emission has feasibility, and the comprehensive average error is less than 0.6%.

1. Introduction
The nondispersive infrared gas concentration analyser based
on the principle of platinum ﬁlm is mainly applied to gas mass
ﬂow and concentration detection. It has a larger measurement
range, a lower loss of pressure, and a relatively smaller size, and
it has no consumption parts compared to electrochemical
analysis instruments and spectrographic analysis instruments.
Furthermore, it is easy to match with an integrated circuit.
Therefore, it is suitable for extremely low gas monitoring and
control, and it can be widely applied in the area of industrial
gas testing. However, in the actual working environment, there
are many diﬃculties in how to improve the gas concentration
detection accuracy of large diameter or irregular pipeline.
Taking the test of SO2 vehicle emissions discharged by the
thermal power plant as an example, the problems to be studied
and solved are mainly reﬂected in the following aspects.
For the construction diﬃculty, according to GB/T 161571996 [1], “the sampling aperture of circular ﬂue shall be
located at mutually perpendicular diametrical lines in various measuring points.” Meanwhile, “for chimney ﬂue with
the diameter which is greater than 4 m, homalographic

cylinder number is 5, and the sampling number of test point
is 10–20.” Apart from the method of equal annular area, the
common test point setting also includes the Chebyshev
method and the log-linear method. In fact, the diameter of
the exhausting chimney in large- and medium-scaled
thermal power plants in China is currently above 8 m, and
the height is 180–210 m. The test usually trepans on the
chimney directly, close to the actual discharge, and the
height of the sample gas gathering always exceeds 90 m.
Hence, detection precision is increased through setting
multiple detection points on equal ring sections, and this has
large constructional diﬃculties and high equipment costs.
For the detection principle, the realization of mutual
interference of multiple groups of gases in the processing
environment will cause the loss or degeneration of principal
component features, but this is unavoidable in the actual
working environment.
For the actual process ﬂow, at present, the detection
technology does not fully consider the impact of coal quality
on the detection accuracy. On the one hand, since the production areas and quality of coal are diﬀerent, the content of
SO2 in the actual oﬀ-gas after combustion (before treatment

2
and puriﬁcation) is approximately 20000 mg/m3 to ∼2000 mg/
m3, and it has a large ﬂuctuation range and is very unstable.
The actual working status of the exhaust gas purifying process
equipment is greatly inﬂuenced by the condition of the
hardware and the external environment. In consequence, the
concentration ﬂuctuation range of SO2 gas entering into the
chimney after puriﬁcation treatment is still large; on the other
hand, usually, the water content of exhaust gas discharged by
the thermal power plant is 13%–15%. However, the continuous moisture absorption peak results in cross-interference of
the absorption peak of multicomponent gas (zero moisture
cannot be ensured in the actual working environment).
For the detection technology, the current detection
technology does not consider the inﬂuence of the pretreatment system on detection accuracy. According to the
emission standard of SO2 in thermal power plants and other
key regions is 35 mg/m3 (standard state) [2]. This refers to
the trace amount of SO2 emitted into the atmosphere by
thermal power plants after puriﬁcation treatment. In fact,
the oﬀ-gas discharged into the chimney by the thermal
power plant is characterized by high temperatures (120°C to
50°C), high moisture content (13% to 15%), and high dust
content (about 10 μm), and it contains corrosive gases and so
on. In the actual working environment, the oﬀ-gas shall not
be detected in the sensor directly after sampling. Meanwhile,
the actual operating procedure of the whole process in the
thermal power plant is not completely stable due to various
factors such as coal product quality, burning temperature,
and other procedure controls for achieving combustion
quality of the product. As a consequence, the pressure, tar,
benzene, naphthalene, moisture, ﬁne particle, temperature,
and gas ﬂow rate of sample gases are diﬀerent. Therefore, the
preprocessing of sample gas shall be carried out to ensure
that the typical sample gas can be obtained in the shortest
retardation time. On the condition that the concentration of
the tested gas is not lost, the state (temperature, pressure,
ﬂow, cleanliness, etc.) of the sample gas shall be suitable for
the operating conditions required by the sensor. Hence, the
representation and authenticity of the sample gas sent to the
sensor after being processed by the sample processing
system have a crucial inﬂuence on the ultimate detection
accuracy. At the design stage, the atmospheric pressure,
wind direction, geographic position, local climate, extreme
climate, and other geographic information shall be taken
into account in the CEMS (Continuous Emission Monitoring System) of the thermal power plant. These are specialized designs. Hence, it is diﬃcult to accomplish
quantitative error analysis assessment of the pretreatment
system of the sample gas because the deviation caused by the
pretreatment system of the sample gas cannot be estimated
and revised with a mathematical model.
In addition, the current detection methods do not
consider the interference of detection instruments and
pretreatment system itself on the detection accuracy; for
example, the platinum ﬁlm probe has noise generated by the
signal processing circuit and other random errors. It also
exhibits temperature eﬀect on zero and temperature drift of
sensitivity, calibrated error, linearization error, error of
signal processing circuit, and measuring error as a result of
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the temperature of the sample gas. The problems also including voltage ﬂuctuation of the light source of trace
amount and aged light of optical glasses still exist.
Therefore, SO2 concentration detection interference in
the thermal power plant mainly implies that the output value
of concentration P is not only decided by one target parameter (the absorbed infrared energy, e); it is a multivariate
function that is related to nontarget parameters, for instance,
ﬂow of sample gas (fr), noise of conditioning circuit (n),
temperature (t), water content (w), calibrated error (c),
various linear error (l), organic matter (o) (such as tar,
benzene, and naphthalene), and others; namely,
P � f(fr, n, t, w, c, l, o, . . .).

(1)

In recent years, neural networks have many applications
in sensor signal processing, nonlinear correction, temperature compensation, and so on. BP (back propagation)
neural network model has been brought into infrared
temperature and humidity compensation [3, 4]. RBF (Radial
Basis Function) neural network is applied to precision
motion system [5] and neural network is used in the pressure
analysis [6] and gas concentration measurement [7] in industrial environment; and a new method of Correction of
Dynamic Errors of a Gas Sensor Based on Neural Network
has been presented [8], etc. These studies adequately
demonstrate that data fusion technology of sensor network
on basis of neural network has eﬀectiveness and super
application prospect. However, there still exists great research space on multigroup gas analysis, comprehensive
analysis, and processing of interference factors, normalization of gas sample, product engineering, and other directions under the constraints of hardware cost and
construction condition.
The concentration measurement of large-caliber or
irregular pipeline gas with the single platinum ﬁlm probe
has low-level detection precision, hardware cost shall be
controlled, and constructional diﬃculties shall be reduced. Therefore, the method of combining the proceeding control of sample gas and data correction of
neural network is adopted on the basis of existing analysers rather than simply enhancing the minimum range
of the instrument. Further, test and eﬀect analysis are also
carried out through computer simulation in this study.

2. Materials and Methods
2.1. Description and Problem Formulation. According to the
principle of consistency approximation of neural network, if
it can ensure that the number of neurons in the hidden layer
of surface web is plentiful enough or the deep network is
deep enough, a surface web or deep network that approximates a nonlinear mapping at arbitrary precision will be
found [9]. In consequence, the problems including analysis
leakage with interference factor and mathematical modelling
compensated by interference factor can be avoided through
bringing neural network into error analysis and correction
of thermal power plant based on the above analysis. The
experimental model is shown in Figure 1. In this model, the
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method of computer simulation can be adopted to simulate
20 groups of experimental data under an equivalent process
environment and for testing, evaluation, and analyses.
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Figure 1: Schematic diagram of the experimental model.

preprocessed sample gas is sent to the platinum ﬁlm sensor
for concentration detection, and the data after detection are
output after error correction of neural network.
The RBF neural network is selected to promote error
performance by utilizing the characteristics of high
convergence rate, strong self-learning ability, and easy
achievement [10, 11]. Therefore, the generalization performance of the neural network will be enhanced, and
misguidance of nonstandard training sample sets will be
avoided. In the RBF network, a large number of neurons
and other improved algorithms (genetic algorithm, PSO,
etc.) can be utilized to further approximate system dynamics or precision [12]. However, this will deﬁnitely
cause more complicated calculated load. The RBF network structure shall be simpliﬁed as far as possible under
the premise of ensuring error precision, and the appropriate mean square error (MSE) shall be determined
through experiment. Thus, the hardware-based design
will be realized at a later period, and retardation time will
also be shortened.
RBF network training data are actual data from the
actual working environment. Numerous interference and
custom attributes about gas concentration detection of the
aforesaid thermal power plant shall be taken into full
consideration rather than compensation of signal values
detected by the sensor through adopting the function model
calculation method and parameter calibration calculation
method. Therefore, error improvement can be aimed at the
performance of the whole CEMS.

2.2.2. Training and Testing Sample Instructions. Under
normal conditions, the temperature of the gas released from
the thermal power plant after coal combustion is about
150°C, where the gas arrives at the exhausting chimney after
processing through denitration, dust removal, desulfuration,
and other environmental protection processes. The pretreatment system shall be set in the site environment to
protect the sensitivity of the instrument. The systematic
object is shown in Figure 2, and the structure is shown in
Figure 3. The complete set is utilized with an instrument that
can control the ﬂuctuation range of temperature, dust
particles, water content, and ﬂow before the sample gas
enters into the analysers. This practice also has the properties
of high stability and low technique implementation cost.
According to the aforesaid interference factor analysis,
water content, temperature, dust particles, ﬂow, and output
voltage are selected as sample input vectors of the neural
network. The sensor that is applied to measure the corresponding interference factor is not installed in the ﬁeld due
to technique implementation cost. Through the pretreatment system, the sample gas has the following properties:
temperature of 3°C–5°C, dust particle content of 0 to 0.5 μm,
ﬂow of 40 L/H–60 L/H, and water content <0.8. Hence, the
value of the relevant zone can be determined by adopting a
random generation mode of computer simulation with the
ﬂuctuation range.
In order to verify the trained RBF network characteristics, 20 groups of experimental data are generated in
consideration of the multidimensional features of the sample
data and with the method of two-dimensional interpolation,
which is common in computer simulation as test samples for
testing. Meanwhile, these data shall conform to the actual
working environment of the thermal power plant and the
equivalent interval (the range of water volume, temperature,
dust particle, and ﬂow is the input range of the pretreatment
device for the sample gas, and the sensor output voltage is
300–800 mv). Furthermore, the mean square error, the
absolute error, and the relative error can be determined on a
performance analysis basis.

3. Simulations and Results
2.2. Experiment and Experimental Data Speciﬁcations
2.2.1. Training Process Instructions. The network training
process can be brieﬂy described as follows. A single set of
PA200 analysers provided by Chongqing Chuanyi Analytical
Instrument Co., Ltd., shall be installed at the exhausting
chimney of a large domestic thermal power plant (including
the pretreatment device, and the mounting height is 90 m).
The main relevant performance parameter indicators are
linear error ≤ ± 1% FS (full range) and the minimum range
of SO2 of 0 to 0.01% (100 ppm). The network training is
carried out by regarding 100 groups of actual test data from
2015 as the sample of RBF network training. Moreover, the

3.1. Training and Analysis of RBF. The basic starting point
of this study is to simplify follow-up hardware design and
control the cost. In consequence, the simpliﬁed RBF
structure shall be selected.
An output layer and input vector are the above-mentioned 5 × 80 training sample data, a hidden layer, and
output layer. Data normalization processing shall not be
implemented. The adaptive adjustment of the threshold
value shall not be carried out. The limiting number of
neurons is 200. The training function is newrb (), of which
the selection of the regression factor shall abide by the
following algorithm.
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Trainlm function is the error return training function. Adopt
batch training mode. The training of Levenberg-Marquardt
direction propagation algorithm is selected.
To avoid the local minimum of BP neural network
caused by training samples, the Adaboost.m1 algorithm
based on boosting idea is used to concentrate on the weak
learners with low prediction accuracy to improve accuracy.
When the number of neurons is 30, the MSE (mean
squared error) value is as shown in Figure 4.
Besides, the best epochs value is 4, and the recognition
accuracy (with the error range of 0.05 as the accurate recognition) is 92.5%.
Furthermore, 60-sample data are randomly selected
from the same test set for testing, and the prediction error
analysis is shown in Table 2.
It can be seen that the average relative error of BP neural
network prediction is still less than 1%, but its overall
performance is worse than the RBF network.

Figure 2: Photograph of the preprocessing device.

For the orthogonality between i ≠ j, m, and wj , the energy
of y (t) is
yT y �  g2i wTi wi + ET E.

(2)

After eliminating its mean value, y refers to the vector of
desired output, and the variance of y (t) is
N− 1 yT y � N− 1  g2i wTi + N− 1 ET E.

(3)

It is found that  g2i wTi desired output variance can be
explained with the regression factor, so the compression
ratio of error generated by w can be deﬁned:
[err] �

g2i wT wi
,
yT y

1 ≤ i ≤ M.

(4)

In terms of several optional regression factors, each
regression factor has a corresponding compression ratio of
error. The maximum compression ratio of error can be
selected, and its corresponding regression factor is the ﬁnal
selected regression factor.
The unit of error margin is MSE (mean square error);
relative error is deﬁned as follows: (actual output of network–desired output)/desired output. When the MSE is set
as 1e − 3, 1e − 5, 1e − 10, 1e – 12, and 1e − 15 and the simulation is carried out on the same computer, its time consumption, number of iterations, average relative error, and
maximum relative error are as shown in Table 1.
3.2. Training and Analysis of BP
3.2.1. Using the Same Sample Training Data, the BP Neural
Network Is Constructed for Comparison. The increasing
number of hidden layers of BP neural network has no
positive correlation with the improvement of system performance [13, 14]. To ensure hardware design as much as
possible, there is only one hidden layer of the network.

3.3. Further Analysis of RBF Network. According to the
experimental data, the RBF network on data ﬁtting of SO2
gas shows superior performance and rate of convergence. Its
average relative error precision is higher than the requirements of the existing 1%. When the precision requirements
are relatively high (MSE decreases), the performance period
of the RBF network will improve substantially, while the
whole performance approaches a promising outcome.
When the error tolerance of MSE is 1e − 15, the network
training process is as shown in Figure 5. When the iteration
reaches up to 79 times, an evident MSE jump emerges. In
consequence, the average relative error and maximum relative error increase. This is because the input sample vector
components of the neural network are diﬀerent types of data.
Further combined with Table 1, under the premise of a
certain number of training samples, the prediction accuracy
of RBF network with the same structure will greatly increase
the hardware cost, but the detection accuracy will not
necessarily increase with the improvement of single error
tolerance requirements and instability will even appear.
From the perspective of overall performance, when MSE is
1e − 5, time consumption and error performance of the
network are more appropriate for hardware design of the
trace gas ﬂow analyser.
Residual comparison of the test sample in the same
group under the above ﬁve setting conditions is shown in
Figure 6. It shows that when MSE is 1e − 3, error variation
has a large interval range; when MSE is 1e − 5, the range of
error variation reduces further. However, when MSE is
1e − 10, 1e – 12, and 1e − 15, the range of error variation is
very close. Meanwhile, the residual values of error at a large
number of test points almost coincide, and the residual error
at a large number of test points is extremely low. The interval
of error variation does not decrease and is even higher than
that of the MSE of 1e − 5. Therefore, the MSE in the RBF
network design should not be set too high. On the other
hand, if the precision requirements are too high, it will be
adverse to the hardware design, cost control, and stability of
hardware from the perspective of hardware design.
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Figure 3: Structural diagram of the pretreatment device.
Table 1: Contrastive analysis under diﬀerent MSE.
MSE
1e − 3
1e − 5
1e − 10
1e − 12
1e − 15

Time consumption1
6.6157
9.389719
15.741
15.825
15.885

Number of iterations
29
43
80
80
80

Average relative error2
0.647
0.205
0.074
0.068
0.200

Maximum relative error3
1.975
0.603
0.939
0.274
2.225

1

T refers to unit time on the same computer. 2 Average relative error is the average value of the relative error of all test data. 3 Maximum relative error is the
maximum value of the relative error of all test data.
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Figure 4: MSE of BP neural network.
Table 2: Prediction error analysis of BP.
Maximum absolute
error (mg/m3)
2.2493

Minimum absolute
error (mg/m3)
0.2847

Average absolute
error (mg/m3)
0.565

Maximum relative
error (%)
3.4

Minimum absolute Average relative error
error (%)
(%)
0.4358
0.8651
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4. Conclusions
From the perspective of multiple factors inﬂuencing concentration measurement of trace gas, an RBF neural network
was designed in this study by regarding SO2 concentration
measurement of the thermal power plant as an example.
Meanwhile, the training and simulation were carried out by
adopting actual engineering environmental data to analyse
and reveal its eﬀectiveness. Small sample data acquisition
and reasonable learning mechanism setting are the key to
improvement. Because of the custom characteristics of the
CEMS system, it is more scientiﬁc to collect sample data
regularly from the site as a training sample. But how to
determine the validity of the system model still needs further
study. This method provides improvement ideas for quality
and concentration measurement of large-caliber or irregular
pipeline gas with the single platinum ﬁlm probe. Using the
writing characteristics of a single chip microcomputer, it can
be reprogrammed on the basis of the existing hardware so as
to improve the detection accuracy and automatic calibration
of an analytical instrument in an actual working environment, and it allows performance improvement of the overall
CEMS system.
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