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Abstract: Owing to the lack of direct measurement on the slagging extent of the waterwall, random or empirical
soot-blowing strategies practiced in many power plants can result in untimely or excessive soot-blowing operations.
In this research, adynamic slagging monitoring model was established based on the heat balance principle and GA-
BP (genetic algorithm and backpropagation) neural networks. A soot-blowing optimization strategy was formulated
by adopting the model of the maximum net heat profit and setting the accumulated system heat |0ss asthe assessment
variable. The applicability of the proposed monitoring model and optimization strategy was evaluated for the
waterwall in a650MWe coal -fired utility boiler. The monitoring results have verified that the change of system heat
lossisin line with the actual slagging trend and the influence of the electric load change on the monitoring results
is weakened greatly. The optimization results have shown that activating all soot blowers of the waterwall in every
soot-blowing operation can achieve the higher net heat profit per unit time and the shorter duration for each pair of
soot blowers. Using the optimized soot-blowing strategy can also realize the dynamic adjustment of the moment
and the duration of soot-blowing, and improve the heat transfer performance of the waterwall remarkably.
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1. Introduction

Owing to the important roles of coal-related industries in the energy sector and the global environment [1, 2],

how to improve the power generation efficiency and reduce the coal consumption of coal-fired power plant boilers

has become one of the most pursued technical challenges [3]. The ash-induced slagging and fouling problems are

difficult to avoid for coal-fired boilers as coal always contains some mineral ash. Slagging and fouling can result in

a serious deterioration of the heat transfer performance and the alkali metal salts in the deposited slag may cause

corrosion problems [4, 5], especially when an off-design coal such as the Zhundong lignite with a high content of

alkali elementsis chosen for combustion [6, 7] by the boiler owner.

The dagging problem occurring at the furnace section is caused by the fused ash with complicated deposition

mechanisms [8, 9] and is harder to be solved compared with the fouling. The most direct method for cleaning slag

is the soot-blowing method. Almost all coal-fired utility boilers in China and the other parts of the world are

equipped with effective soot blowers for eliminating the slagging of waterwall [10]. Nevertheless, due to the lack

of direct measurement for the slagging degree in the furnace, the scheduled and quantitative soot-blowing strategies

are empirically developed in most coal-fired power plants. An untimely soot-blowing can lead to a continuous

decrease of the heat transfer performance of waterwall and an excessive soot-blowing can cause erosion problems

in addition to wasting valuable steam.

To optimize the soot-blowing operation, the online slagging trend needs to be acquired prior to the operation [11,

12]. The direct methods for monitoring slagging mainly include monitoring the flue gas temperature and heat flux.

Some researchers have recognized the flue gas temperature in the furnace as the key monitoring variable. Bilirgen

et a. [13] analyzed the impact of the fuel composition, boiler operation parameters and soot-blowing behaviors on

the slagging process by monitoring the furnace exit gas temperature to develop mitigation strategies. Zhang et a.

[14, 15] monitored the flue gastemperature to reflect the slagging extent by the novel acoustic pyrometry technol ogy.

Asthere are so many factors that can affect the flue gas temperature of a utility boiler, the flue gas temperature can



only embody the change of slagging under certain stable conditions. Some scholars have considered installing the

instruments on the waterwall for measuring the heat flux to show slagging tendency. For example, Teruel et a. [16]

and Pena et al. [17] measured the heat flux under the actual and clean operation conditions by installing the heat

flux meters, and then established the artificial neural networks based on the experimental data to predict the extent

of slagging. Due to the violent combustion environment within the combustion furnace of a coal-fired power plant

bailer, installing instruments on the waterwall and maintaining the instruments to work constantly are extremely

difficult and can induce a significant additional cost to the plant owner, especially for the supercritical and ultra-

supercritical boilers with lager design outputs. In addition to the direct monitoring methods, some researchers have

devel oped the indirect monitoring model based on the energy balance to optimize the slag blowing operations. Taler

et a. [18] developed a slag monitoring system based on the energy balance for the power plant boiler to provide a

direct and quantitative assessment of the cleanliness in the furnace and convective surfaces. Romeo et a. [19, 20]

built a monitoring system by combining the energy balance principle with the neural networks and fuzzy logic

technologies to optimize boiler cleaning. These studies [18- 20] adopted the ratio between the real state parameters

(absorbed heat or heat transfer coefficient) and the theoretically clean state parameters as the monitoring variable.

The theoretically clean state parameters in the above studies were set by the design or empirical values, neglecting

the influence of the off-design and varying operation conditions. Moreover, it isworth noting that some of the above

studies[11, 17, 18] basically set acritical indicator based on the optimization model, and then compared the actual

monitoring value with the pre-set critical value to judge the optimal soot-blowing moment. Assessing the

instantaneous value of the monitoring variable completely relied on the accuracy of the monitoring results. Since

the fluctuation of the monitoring results was unavoidable under the varying working conditions, the obtained

optimal soot-blowing moment could well be unreliable.

The above literature review clearly shows that further investigations on slagging monitoring and soot-blowing

optimization of utility boilers are still needed, especialy considering their practical applications in utility boilers



arefar from widespread or efficient. The aim of this work was to improve the slagging monitoring and soot-blowing
of the waterwall in a 650MW coal-fired utility boiler. To achieve this aim, a dynamic slagging monitoring model
was built by the heat balance principle and GA-BP (genetic algorithm and backpropagation) neural networks. Then,
the soot-blowing optimization strategy was formulated based on the model of the maximum net heat profit and
setting the accumulated system heat loss as the assessment variable. Finally, the applicability of the proposed
monitoring model and optimization strategy was verified with the case study boiler where the monitored slagging
trends were analyzed and the efficiency of the optimized soot-blowing was evaluated. The main novelty of this
research includes defining the system heat loss as the monitoring variable, predicting the theoretically clean state
parameters by GA-BP and setting the accumulated value of system heat loss, instead of the instantaneous value, as
the assessment target, which ensures that the optimized soot-blowing strategy can realize both the dynamic
adjustment and reliable judgment of the moment and the duration of soot-blowing. The established monitoring
model and formulated optimization strategy do not require the use of additional instruments and hence can be widely
applied in other similar utility boilers.
2. Methodology
2.1 Case study

A 650MWe supercritical utility boiler was used for the case study. The boiler maximum continuousrating (BMCR)
is 2056t/h superheated steam at 571°C and 25.4MPa. Other main design parameters are listed in Table 1. As shown
in Figure 1, the boiler is designed as a I type layout with the single combustion chamber, balanced draft and solid
slag discharge device. The main heat exchange surfaces include the waterwall, three stages of superheaters, two

stages of reheaters, one economizer and two rotary air preheaters.



Table 1. Main design parameters of the boiler

Item BMCR
Fuel (coa) mass flow 296 t/h
Main steam mass flow 2056 t/h

Superheated steam temperature 571 °C
Superheated steam pressure 25.4 MPa

Reheated steam flow 1716 t/h
Reheated steam temperature 569 °C
Reheated steam pressure 4.552 MPa
Feed water temperature 285°C
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Figure 1. Schematic diagram of the utility boiler

The arrangement of burners and soot blowers are illustrated in Figure 2. The wall-fired combustion system

contains three rows of swirl burners and one row of over-fire air nozzles. There are 98 soot blowers of waterwall

arranged in six rows. From the bottom upwards, the A~C rows of soot blowers are only arranged on the two side

walls (excluding the front wall and rear wall), and the D~F rows of soot blowers are arranged on four walls above

the burners. Due to the consideration of saving steam energy, the current soot-blowing strategy in the power plant

is that the D~F rows of soot blowers are activated twice or three times a day while the A~C rows of soot blowers

are activated about once every three days. In every soot-blowing operation for the waterwall, all soot blowers are



activated sequentially and two soot blowers that symmetrically installed on the face-to-face walls are activated for

90s at the same time. Therefore, the normal operation duration of the D~F row blowers is approximately 54min

(72+2x90s) while the whole duration of al blowers (A~F) is approximately 73.5min (98+2x90s). The steam for

soot-blowing is extracted from the platen superheater outlet.
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Figure 2. Arrangement of burnersand soot blowers

In this work, the successive operating data of the utility boiler were collected for modeling and analysis, mainly
including the parametersrelated to steam properties, flue gas and combustion performance. The samples of the coals
burnt on different days were collected and used for the proximate and ultimate analysis. The moment and duration
of the soot-blowing operation of waterwall were recorded. The collection interval of most data was 60s, while the
collection interval of data within the first 600s after the soot-blowing operation of waterwall was 10s. The data
preprocessing was conducted to reduce analysis errors. The outliers were detected when the mean value of the
collected datais greater than three timesits standard deviation and were replaced by the smoothed mean values[21,
22].

2.2 Slagging monitoring modeling
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Figure 3. Flowchart of slagging monitoring

The whole flowchart of slagging monitoring is presented in Figure 3. The system heat loss g, s which is equal to

the difference between the real and theoretically clean heat transfer capacities was used for monitoring (Eqn.(1)). It

should be highlighted that the system heat loss in this research was specified as the heat loss of waterwall due to

slagging. Besides, the conventional monitoring variable, the fouling factor FF (Eqn.(2)) based on the contrast

between the real and theoretically clean heat transfer capacities was also calculated to compare the applicability.

Thereal-time curves of q.s and FF were expected to be consistent with the changing trend of the slagging degree.

0s=0.-G (1)
FF=1-% @)
.

where s is the system heat loss due to slagging (kW), g is the actual absorbed heat of waterwall (kW), g is the

absorbed heat of the theoretically clean waterwall (kKW).

In the slagging monitoring modeling, a static calculation method was first built to obtain g.. Then, two GA-BP

networks of g- and gc were established respectively. Base on the massive historical data, the calculated g under

stable operating condition was used to train the GA-BP network of g, while the gc based on the calculated g, in a

very short time after soot-blowing was used to train the GA-BP network of gc. In the end, the trained GA-BP neural

networks were utilized to forecast g and g online in the actual operation for the slagging monitoring.

2.2.1 Static calculation method for o

As the basic step for the monitoring model, a static cal culation method based on the heat balance principle was



proposed by combining the heat transfer process of the furnace and semi-radiation heat exchange surfaces.
Firstly, the heat transfer model of furnace [23, 24] is given as Eqgns. (3)~(4):
0 =¢B,C, (T, - T) ©)
G =yooe Ty Hy 4
where v is average thermal effectiveness factor of the furnace, & is furnace emissivity, oo is Stefan—-Boltzmann
constant (5.67x10 ' kW/(m?-K4)), Ty is hypothesis flame temperature (K), Ti is theoretical adiabatic combustion
temperature (K, corresponding to the effective heat in the furnace), T;” is the furnace exit gas temperature, (the
platen superheater inlet, K), ¢ is heat retention coefficient, Bea isthe calculated coal consumption (kg/s), Ca isthe
average specific heat capacity of gas in the furnace (kJ-kg '-K™!), Hy isthe heat transfer area of the furnace (m?).

According to empirical statistical formulaEqn. (5), Tr which ishard to be cal culated or measured can be removed

to obtain Eqgn. (6) [25, 26].
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where M is the parameter related to the flame center and can be calculated by Eqgn. (7) [26]. For the supercritical

boiler, it is necessary to consider the attenuation of flame radiation intensity in the emission process [27]. & should

be calculated by Eqgn. (8) and Egn. (9).
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where B, hy are the coal consumption and height of the i-th row of burners (kg/s, m), hs is the calculated height of

furnace (m), AXy is the correction constant, &g is the origina flame emissivity, &n is the actua flame emissivity



considering the radiation attenuation in the emission process, ka is the radiation attenuation coefficient of flame (m-
1), Ry isthe radius of furnace cross-section (m, conversed by area of rectangular cross-section).

w changes significantly with the extent of slagging because  represents the ratio of effective radiation to total
radiation. Hence this variable shouldn’t be set by the design value. T¢” is an extremely high temperature that can’t
be gained constantly by ordinary measurement instruments so that the test point of Ts” were not installed in most
power plants. Therefore, y and T¢” are the key variables that can only be calculated indirectly by other measured
parameters. According to the field survey, the test point of gas temperature closest to the furnace exit is arranged at
the high-temperature superheater outlet. So Ti” can also be calculated by the heat balance of platen and high-
temperature superheaters.

Secondly, the heat transfer equations of the platen and high-temperature superheaters can be combined and
expressed as Eqgns. (10)~(11) [24, 26, 28]:

Dy (h—hy) + D, (hy —hp) + Qg — Ko O = By (I = 17+ Aarl ) (10)

9 =, 50,(T)' A (11)

where D1 and D are the steam flow rates of platen and high-temperature superheater respectively (kg/s), hi' and hy’
are the specific enthal pies of steam at the platen and high-temperature superheater inlet respectively (kJkg), h:” and
h,” are the specific enthalpies of steam at the platen and high-temperature superheater outlet respectively (kJkg),
It" isthe enthalpy of flue gas per unit coal consumption at the furnace exit (kJkg), 12" isthe enthal py of flue gas per
unit coal consumption at the high-temperature superheater outlet (kJkg), Oaud is the heat transfer quantity of the
additional heating surface (kW), Aa isthetotal air leakage coefficient of the platen and high-temperature superheater,
I isthe enthalpy of air leakage per unit coal consumption (kJ/kg), ks is the ratio of radiation that platen and high-
temperature superheater absorbed from the furnace exit, ;" is the direct radiation from the furnace exit (kW), As is
the cross-sectional area of furnace exit (m?), v,y is the thermal effectiveness factor of the furnace exit. Note that

thereis alinear relationship between ¢ and y. Ky is determined by the structures of heating surfaces and set by



the design value.

Finally, through combining the heat transfer models of the furnace, platen and high-temperature superheater, the

proposed static calculation method for g, is given as the following steps:

Step 1. Collecting real-time operational data.

Step 2. Assuming T¢” and then calculating w by Eqgn. (6).

Step 3. Calculating g by Egn. (11) then calculate (T")2 by Egn. (10).

Step 4. To output T+” and w when |T"-(T¢")2/<1, otherwise repeat Step 2~4.

Step 5. Calculating g by Egn. (3) or Egns. (4)~(5).

2.2.2 Dynamic monitoring model based on GA-BP

The calculation process of the static calculation method for gr based on the heat balance was complicated and

depended on the relatively stable working condition. The applicability of the static method was limited in actual

operation especially the variable electric load. Besides, g representing the absorbed heat of the theoretically clean

waterwall can't be calculated or measured directly. Therefore, in this study, the GA-BP neural network method was

used to forecast gr and qc by training massive historical operating data.

TheBP neural network isthewidely used artificial neural network and isregarded as agradient descent algorithm

for supervised learning. But the BP neural network is very likely to converge to the local extremum when solving

the global extremum of the complex nonlinear problem [29]. GA is an optimization method including characteristics

of the population-based evolution, the survival of the fittest, directed stochastic, no dependence on the gradient

information. The BP neural network optimized by GA is proved to perform well to obtain the globa optimum

extremum and minimize the forecast error [30, 31].
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Figure 4. Flowchart of GA-BP neural network method
The flowchart of the GA-BP neural network method isillustrated in Figure 4. It can be seen that GA was adopted
to optimize the initial weights and thresholds of the BP neura network to avoid local extremum. In the GA-BP

method, the fitness is the mean absolute error (MAE) of BP forecast which can be calculated by Eqgn. (12)

1 m
MAE=EZ|tk -0 (12)
k=1

where misthe number of test samples, tx is the target value of k-th test sample, ok is the predicted value of k-th test

sample.
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Figureb5. Structure of neural networks

The neural networks of - and gc adopted a similar structure as shown in Figure 5. The tan-sigmoid function was

used as the activation function. The number of hidden layers was set one which was actually enough for most

engineering problems [29, 32]. The number of neuronsin the hidden layer was set according to Egn. (13) [30, 33].



Note that Egn. (13) can only give the approximate range of nn. Therefore, severa GA-BP networks with different
hidden neurons were trained to determine the optimum nn by comparing the MAE. The mean absol ute percentage
error (MAPE) as given in Eqn. (14) was a so calculated to evaluate the perdition accuracy.

N, =N, +Ny +Y (13)

t —0

MAPE= LY

k=1

x100% (14)

k

where nin, Nowt @nd Ny, are the number of neuronsin the input layer, output layer and hidden layer, respectively. yisa

constant (within the range of 1~10).

The input parameters of the two networks are displayed in Table 2. There were 17 input parameters for the GA-

BP network of g and 12 input parameters for the GA-BP network of g.. For the two networks, the coal quality,

combustion state and working condition were the three aspects for selecting the input parameters. All chosen

parameters were able to be collected online or easily obtained, and this was why only the proximate analysis data

of coal were selected to represent the coal quality. The coal consumption of the three rows of burners, the oxygen

content of the flue gas, the temperature of the primary air and the temperature of the secondary air were selected to

represent the combustion state. The flow rate of the feed water was selected to represent the electricity load of the

working condition. The main difference between the two networks was whether the input parameters should reflect

the influence of slagging or not. For the GA-BP network of g, the effect of slagging should be considered to acquire

the actual heat transfer quantity. The furnace exit gas temperature T;” was supposed to be the optimal parameter to

reflect the slagging process [13]. But T¢” also needed to be calculated, so the parameters (13~17) in Table 2 were

selected according to Egn. (10). For the GA-BP network of gc, the parameters with the impact of slagging should

be removed to ensure the predicted output can reflect the absorbed heat of theoretically clean waterwall.



Table 2. Input parameter s of the two networks

Coal quality Combustion state Working condition
12. flow rate of the feed water
6. coal consumption of the 1st row 13. steam temperature at the

of burners, platen superheater inlet
1.moisture, 7. coal consumption of the 2nd row 14. steam pressure at the platen
GA-BP 2.ash content, of burners, _ superheater inlet .
network of g 3.sulfur content, 8. coa consumption of the 3rd row 15. steam temperature at the high-
4.volatile, of burners, temperature superheater outlet
5.net heating value 9. oxygen content of the gas flue, 16. steam pressure at the high-
10. temperature of the primary air, temperature superheater outlet
11.temperature of the secondary air ~ 17. gas temperature at the high-
temperature superheater outlet
6. coal consumption of the 1st row
of burners,
1.moisture, 7. coa consumption of the 2nd row
GA-BP 2.ash content, of burners, .
network of g 3.sulfur content, 8. coal consumption of the 3rd row 12. flow rate of the feed water
4.volatile, of burners,

5.net heating value 9. oxygen content of the gas flue,
10. temperature of the primary air,
11.temperature of the secondary air

In the learning stage of neural networks, the collected operating data of the utility boiler were calculated as
learning data sets by the proposed static cal culation method. For the gr neural network training, the calculated actua
gr under stable operation conditions was used as the output parameter. For the gc neural network training, the data
collected within 600s after the soot-blowing operation of waterwall were adopted to cal culate actual gr. Then gc was
equal to the calculated actua g plus a constant as given in Eqgn. (15).

0, =q"" +0 (15)
where geo (KW) is a constant to ensure gc>qr which can adopt the difference between the maximum value of g after
soot-blowing and the BMCR design q.

All sets of datawere normalized in the range of -1~1 to unify the evaluation criteria. And then the data sets were
divided into 70% training subsets and 30% testing subsets. Half of the testing subsets were used for validation in
the training process to avoid the over-fitting problem of networks. For the g neural network, 26927 sets of data
were obtained under stable operating conditions. 18849 sets were selected as the training subsets while 8078 sets

were selected as the testing subsets. For the gc neural network, 2880 sets of data within 600s after the soot-blowing



operation of waterwall were obtained. 2016 sets were selected as the training subsets while 864 sets were selected
as the testing subsets. Finally, through comparing the forecast errors (MAPE of the testing subsets) of GA-BP
networks with different hidden neurons, the optimum GA-BP networks of g- and gc were confirmed.
2.3 Soot-blowing optimization strategy

Setting the standard and then making the judgment were two key parts for formulating a soot-blowing
optimization strategy. In this research, the model of maximum net heat profit was adopted as the soot-blowing
standard and the optimum soot-blowing moment was determined through assessing the accumulated system heat

|oss.

Energy

Figure 6. Change of heat loss and profit in a soot-blowing cycle

The operation process of the furnace can be divided into many soot-blowing cycles. A single soot-blowing cycle
contained a period of the slagging process (zs) and a duration of soot-blowing (). Figure 6 depicts the change of
heat loss and profit in a soot-blowing cycle. The system heat loss during the slagging process (qrs1) would increase
sharply in the initial stage due to the rapid ash deposition [34, 35] and gradually tended to be flat, while the system
heat loss during the soot-blowing period (qLs) would dramatically drop. Qs isthe accumulated system heat lossin
the soot-blowing cycle. Besides, soot-blowing brought the steam heat loss Q. which increased linearly with z,. It
was worth noting that the Qg part between the curve of the hypothetical g« (dotted ling) and actual gL (blue line)
during the soot-blowing time was the whole heat profit due to the soot-blowing. The net heat profit (Qene) is the
difference between Qp and QL.

The net heat profit (Qene) is actually the improvement of the overall heat transfer quantity of furnace [36, 37].



The model of maximum heat profit aimed to maximize Qpnet per unit time by adjusting =s and z,. Hence the model

for the soot-blowing optimization was given as Eqgns. (16) and (17).

Qo J‘::Hb (qul (t)- O (T))dT Tyl

max = (16)
TS + Tb Ts + Tb
(a) qLSl(TS) = qLS2 (Ts)
(0) 0.4(0) =0, o(z +7y) (17)

| (c) ©2160s< 7, < 4320s/ 2)2940s< 7, < 5880s
(d) 7, +7, > 21600s

where qup is steam heat loss (KW).

Eqgn. (16) is the target function of which gL and gL were obtained based on the fitting curves of the massive
historical data. Eqn. (17) includes the restraint conditions. The (a) restraint condition is to connect two curves of
Oust and gue. For the (b) restraint condition, it is expected that each soot-blowing can at least reach the initial
cleaning state. The (c) restraint is a range for the duration of soot-blowing. As explained in section 2.1, due to the
large area of waterwall, all soot blowers are evenly arranged on the whole waterwall. Each pair of soot blowers can
only be operated 60s~120s to reduce the influence of high-temperature flame on the service life of soot blowers.
Thereby, there were two soot-blowing modes: (D, was set from 2160s (72+2x60s) to 4320s (72+2x120s) for the
normal duration (D~F, 72 soot blowers) and @1, was set from 2940s (98+2x60s) to 5880s (98+2x120s) for the
whole duration (A~F, 98 soot blowers). These two modes would both be calculated and compared to analyze the
applicability. Also, the erosion due to the excessive soot-blowing operation needed to be considered [38]. In this
work, according to the safety requests from the power plant, the maximum frequency of soot-blowing operations
for waterwall was set no more than four times a day as given in the (d) restraint.

Through solving the model of the maximum heat profit, the optimum slagging time (zsopt) and duration of soot-
blowing (zopt) Can be acquired. The conventional soot-blowing schemes included the scheduled method that using
fixed rsopt aNd Toopt directly or setting the fixed optimal system heat 10ss gLsope OF Optimal fouling factor FFqp as the

assessing criteria. However, the actual operation condition was changing all the time asillustrated in Figure 7. The



scheduled soot-blowing scheme would ignore the actual slagging process. Using the fixed qusopt OF FFopt @s the
assessing criteria heavily relied on the accuracy of the instantaneous value of gis or FF. If the instantaneous values
fluctuated significantly under unstable working conditions, judging the optimal soot-blowing moment may become

difficult and unreliable.

Figure 7. Change of heat transfer quantity in a soot-blowing cycle
Thus, the accumulated system heat |0ss Qs was set as the assessment variable in thiswork and the critical system
heat loss QL Was set as the assessing criteria. As given by Eqgn. (18), Qs would be calculated at each time of data
collection and compared with Qs to judge the actual zs. Then the actual =, would aso be adjusted according to the
(b) restraint condition in Egn. (17).
Q200 = X.(6. ~a)Ar= [ " () 18)

where n is the number of data collection, Az isthe collection interval.
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Figure 8. Flowchart of soot-blowing optimization strategy
The whole flowchart of the soot-blowing optimization strategy is depicted in Figure 8. It can be seen that the
soot-blowing strategy can be adapted to the actual slagging situation because zs and 7, would be re-adjusted.
3. Resultsand discussions

3.1 Validation of monitoring model
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Figure 9. Change of electric load, g- and T¢"" under stable load conditions (static method)
The trend of the calculated furnace exit gas temperature T¢” which is the vital parameter of the furnace can be
used to validate the static calculation method of g based on the heat balance principle [39]. Figure 9 displays the

change of electric load, gr and T¢” under two stable load conditions. The load under condition 1 was approximately



constant, and hence the changes in the calculated gr and T” completely reflected the influence of slagging and soot-

blowing. During the slagging period, the calculated g- declined and T¢” rose, representing the gradual deterioration

of the heat transfer performance of waterwall. It was clear that g increased and Ti” decreased during the soot-

blowing period, representing the remarkabl e enhancement of the heat transfer performance of waterwall. Theimpact

of the electric load on gr and T¢” was shown under condition 2 where the load was relatively stable but was also

slowly changing. In fact, the general trends of gr and T” were consistent with the load [13, 40], which could aso be

observed under condition 2. It was noteworthy that g, increased during the soot-blowing period which was opposite

to the trend of the load, implying the apparent improvement of the heat transfer performance. In summary, the

calculated gr and T¢” was basically in line with the actual situation, proving the static calculation method of ¢ was

applicable.
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Figure 10. MAEs and MAPEs of GA-BP networkswith different hidden neurons

The MAEs and MAPESs of several GA-BP networks with different hidden neurons are presented in Figure 10. As

discussed in section 2.2.2, the hidden neurons were chosen according to Egn. (13). It can be seen that the minimum

MAE and MAPE of test subsets was achieved by the g network with 8 hidden neurons (5.44MW, 1.36%) and the

0c network with 6 hidden neurons (5.75MW, 1.10%), respectively. Therefore, the GA-BP network of g with 17

inputs, 8 hidden neurons and 1 output and the GA-BP network of g with 12 inputs, 6 hidden neurons and 1 output

were utilized in this research.
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Figure 11. Comparison of forecast errorsbetween GA-BP and BP neural networks

The comparison of forecast errors between GA-BP and BP neura networks is shown in Figure 11. For the BP

neural networks without any optimization, the absolute percentage error (APE) was quite large especialy the APE

of the testing subsets. The testing MAPES of the BP networks of ¢ and gc were 4.92% and 6.14% respectively and

much higher than the training MAPEs, reflecting the poor generalization performance of the BP neural networks.

For the GA-BP neural networks with the genetic algorithm optimization, the APEs decreased significantly and were

mainly lower than 2%. The testing MAPEs of GA-BP networks of g- and gc were basicaly close to the training

MAPEs, showing the great generalization performance of GA-BP networks. Consequently, through analyzing the

forecast performance from Figures 10~11, it was demonstrated that the established GA-BP networks of g and qc

were appropriate for the prediction.

3.2 Analysis of slagging monitoring results
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Figure 12. Slagging monitoring results of 4 days (including q.s, FF, electric load, g and qc)



The slagging monitoring results including q.s, FF, electric load, gr and qc of 4 days are shown in Figure 12. It
was clear that the case study boiler adopted a quantitative soot-blowing strategy. There were 8 soot-blowing
operations in those 4 days, around twice a day. The normal soot-blowing duration was 54min while the 73.5min
soot-blowing operation only occurred once, consistent with the description in section 2.1 that the A~C rows of soot
blowers were activated about once every three days.

In general, the electric load had a strong correlation with g and gc. Especialy the change of gc was consistent
with the trend of the electric load, reflecting the theoretical clean heat transfer performance was determined by the
plant load [16, 17]. The difference between the trends of g and g. embodied the impact of slagging, which can be
distinguished apparently during the soot-blowing period under three load trends. It can be seen from the soot-
blowing period in Figure 12, when the load was unchanged, g stayed unchanged but g rose. When the load
increased, gr and gc both increased but g rose more quickly. When the load decreased, . declined but g, declined
more slowly or even rose. The difference explained why qg.s and FF based on the contrast between gr and gc can be
selected as the monitor variable. The changes of q.s and FF were both in line with the actual slagging trend of
waterwall and the influence of the electric load was largely eliminated. The q.s and FF ascended in the slagging
process while q.s and FF descended remarkably during the soot-blowing period, directly reflecting the impact of
the slagging on the heat transfer performance of waterwall.

It was noteworthy that even if the overall trend of monitoring results could meet the requirements, the small
fluctuations of curveswereinevitable. Furthermore, with the normal operation without the soot-blowing, sometimes
it could be observed that q.s and FF decreased when the electric load rapidly rose. The decreases of q.s and FF were
owing to the removal of ash deposition by the flue gas with a higher flow rate with the load increase [36, 41]. The
flue gas with a higher flow rate brought more fused ash particles and blew away more deposited ash at the same
time. When the flow rate flue gas increased too quickly, the removal effect was greater than the deposition effect,

leading to the delay and even reducing the seriousness of the slagging process. If using FF asthe monitoring variable,



the assessment method of the instantaneous val ue discussed in section 2.3 must be adopted. As shown in Figure 12,
when the curve fluctuated or FF decreased due to the rapid growth of the electric load, it was hard and unreliable
to judge the optimal soot-blowing moment according to the pre-set FFsypr. S0 gLs Was more appropriate than FF for
formulating a flexible soot-blowing optimization strategy by assessing the accumulated system heat loss in Eqgn.
(18).
3.3 Evaluation of soot-blowing optimization

In order to solve the proposed soot-blowing optimization model in Egns. (16) and (17), thefitting curve functions
of the system heat loss during the slagging process (q.s1) and the system heat loss during the soot-blowing period
(qLs2) must be acquired in advance. As shown in Figure 12, theinitial value of q.s in different soot-blowing cycles
was varied. Hence the specific starting value of fitting curves would be determined by the actual situation. The
attention needed to be paid was the changing trend of fitting curves. In thiswork, the average trends of gL« and gL

were obtained based on historical data by the incremental statistic method.
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Figure 13. Actual, incremental and fitting curves of gL«
The actual, incremental and fitting curves of gL« are presented in Figure 13. In Figure 13(a), 29 actual g.s1 curves
under different working conditions were chosen to analyze the changing trend of g «. It can be seen that all curves
had different starting values and durations, so it was inappropriate to directly averaging the values at the same

moment of different curves. The average increments of multiple curves at different collection intervals were



calculated as bar chartsin Figure 13(b). Then al the increments were summed up to form the incremental curve of

Ousi. It was clear that the incremental curve of gL was consistent with the estimated trend in section 2.3, with the

initial trend of rapid ascending and the subsequent trend of gradual flattening. The corresponding fitting function of

Oust Was given in Eqgn. (19).
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Figure 14. Actual, incremental and fitting curvesof g .«

The actual, incremental and fitting curves of g are presented in Figure 14. For gL, there were two modes: (D
the normal duration (D~F, 72 soot blowers) and @the whole duration (A~F, 98 soot blowers). By the same
incremental statistic method, the incrementa curves of gL were obtained in Figure 14(b) and 14(d). It can be
observed that the descending trend of curves was approximately linear. The corresponding linear fitting functions

of Figure 14(b) and 14(d) are givenin Egn. (19). Note that the linear slopes of two soot-blowing modes were close,



showing that the efficiencies of two modes were similar.
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Figure 15. Changing trend of net heat profit per unit time (Qpnet/(zs+b)) VErsus zs

According to the (b) constrain condition in Eqn. (17), zs and 7, were linked, so solving Egn. (16) was simplified
into a single-variable optimization problem. The changing trend of the net heat profit per unit time (Qene/(zs+10))
versus ts is displayed in Figure 15 and the calculated rsopt @nd zogp: are shown in Table 3. It can be seen that the
maximum val ue of Qpne/(zs*15) iNdeed existed. However, part of the heat profit had to be sacrificed according to the
(d) restraint condition of Eqgn. (17), because the frequency of soot-blowing should be limited to meet the safety
requests for mitigating the erosion influence. It was worth noting that calculated o Of two soot-blowing modes
were very close, while the duration for each pair of soot blowers is shorter and the Qpned/ (zs+7b) Was higher in the
second mode. Thus, although it seemed that using 98 soot blowers would induce the increase of the steam loss, the
higher Qenet/(zs+11) could be achieved and the duration for each pair of soot blowers could be shortened to reduce
the risk of erosion. So it was appropriate to activate al the soot blowers in every soot-blowing operation.

Table 3. The calculated rspt and zuopt (ONE soot-blowing cycle)

Durations (D72 soot blowers  (2)98 soot blowers
Teopt (9) 17321 16962
Toopt (9) 4280 4639

the duration for each pair of

118.9 94.7
soot blowers (s)
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Asdiscussed in section 2.3, zspt and 7ot Were the recommended val ues, but the actual «s and 7, would be adjusted

by Eqgn. (18) according to the actua slagging situation. Figure 16 exhibits the optimization examples under two

conditions. The simulated curves were the calculated results of g« based on the fitting function in Egn. (19). It can

be seen that the actual zs would be ahead of zsnr When the growth rate of the actual gL« exceeded the simulated

growth rate, while the actual zs would be delayed when the growth rate of the actual g« was less than the simulated

growth rate. Therefore, the timely adjustment of actual s and 7, can be realized and it was confirmed that using the

accumulated value of the system heat |oss for assessing was more flexible and reliable than the instantaneous val ue.
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Figure 17. Comparison between actual values and simulated values of q.sand ¢

To evaluate the soot-blowing optimization, two periods including six complete soot-blowing cyclesin Figure 12

were selected for analyzing. In evaluation, the scheduled soot-blowing strategy based on the fixed zsopt and tuopt (98



soot blowers) was adopted to estimate the improvement of heat transfer performance. The comparison between

actual values and simulated values of qLsand g isdisplayed in Figure 17. The simulated g, s was calcul ated according

to fitting functions with fixed zsopt @d mopt, SO Gr Can be acquired by original gc. It can be seen that, at most time,

the simulated g, was obviously higher than the actual g, after the simulated frequency of soot-blowing cycles were

added.

Table 4. Optimization results (the scheduled soot-blowing strategy)

Parameters Original  Optimization Comparison
75 Of each cycle(9) Casual 16962 —
 Of each cycle(s) 3240 4639 +1399
Freguency of soot-blowing during period 1 3 5.6 +2.6
Freguency of soot-blowing during period 2 3 5.6 +2.6

net absorbed heat per unit time during period 1 (kW) 468640.72  492471.64 +5.09%
net absorbed heat per unit time during period 2 (kW) 395397.92  415763.14 +5.15%

The optimization results were shown in Table 4. The net absorbed heat (actual absorbed heat minus whole steam

heat loss) per unit time of waterwall during two periods increased apparently by 5.09% and 5.15%, respectively.

Thus, it can be concluded that the optimization of soot-blowing indeed improved the heat transfer performance of

waterwall.

4. Conclusions

To solve the problem of empirical soot-blowing operations of the waterwall in a 650MWe coal-fired bailer, a

dynamic slagging monitoring model was established based on the heat balance principle and the GA-BP neural

networks and a soot-blowing optimization strategy was formulated by adopting the model of maximum net heat

profit and setting the accumulated system heat |oss as the assessment variable.

(2) The change of the system heat l0ss s, which was the monitoring variable used in this research, is consistent

with the actual slagging trend of waterwall and the influence of electric load is largely reduced, validating the

applicability of the monitoring model.



(2) The system heat loss g, s is more appropriate than the fouling factor FF, which is the conventional monitoring
variable, for formulating a flexible soot-blowing optimization strategy by assessing the accumulated value of the
system heat loss.

(3) The optimization results have shown that it is appropriate to activate all the soot blowersin every soot-blowing
operation, achieving the higher net heat profit per unit time and the shorter duration for each pair of soot blowers.

(4) The optimized soot-blowing strategy can indeed enhance the heat transfer performance of the waterwall and
can realize the dynamic adjustment and reliable judgment of actual zs and .

The established monitoring model and formulated optimization strategy do not require the use of additional

instruments and hence can be widely applied in other similar utility boilers.
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Nomenclature
Abbreviation Qus  accumulated system heat loss (kW)
APE absol ute percentage error Qs critical system heat loss (kW)
BMCR boiler maximum continuous rating Qe whole heat profit due to the soot-blowing (kW)
BP backpropagation neural network Qenet  Net heat profit (kW)
FF fouling factor Owa  heat transfer quantity of the additional heating surface
(kW)
FFopt  optimal fouling factor Oc absorbed heat of the theoretically clean waterwall (kW)
GA genetic algorithm Oco a constant to ensure ge>gr (KW)
MAE  mean absolute error " direct radiation from the furnace exit (kW)
MAPE mean absolute percentage error s system heat |oss (kW)
Symbol Ot System heat loss during the slagging process (kW)
As cross-sectional area of furnace exit (m?) O System heat loss during the soot-blowing period (KW)
Bea, Bi, coda consumption of the boiler and thei-th row of OLsopt  Optimal system heat loss (kW)
burners, respectively (kg/s)
Ca average specific heat capacity of gasin the furnace (ol actual absorbed heat of waterwall (KW)
(kJ'’kg'-K™)
D1, D2 steam flow rates of platen and high-temperature R radius of furnace cross-section (m, conversed by area of




superheater, respectively (kg/s) rectangular cross-section)

H¢ heat transfer area of the furnace (m?) Ta hypothesis flame temperature (K)
hii height of thei-th row of burners (m) Tin theoretical adiabatic combustion temperature (K)
hrc calculated height of furnace (m) T furnace exit gas temperature (K)
hi', he'  specific enthalpies of steam at the platen and high- t« target value of k-th test sample
temperature superheater inlet respectively (kJ/kg)
hi", h2"”  specific enthalpies of steam at the platen and high- AXp  correction constant
temperature superheater outlet respectively (kJ/kg)
12" enthalpy of flue gas per unit coal consumptionatthe vy aconstant (1~10)

high-temperature superheater outlet (kJ/kg)
I¢" the enthalpy of flue gas per unit coal consumptionat Ao total air leakage coefficient of the platen and high-

the furnace exit (kJ/kg) temperature superheater
Ik enthalpy of air leakage per unit coal consumption & furnace emissivity
(kJkg)
ka radiation attenuation coefficient of flame (m) & actual flame emissivity
Ksp ratio of radiation that platen and high-temperature 00 Stefan—-Boltzmann constant (5.67x10°' kW/(m?-K#))
superheater absorbed from the furnace exit
M the parameter related to the flame center 1) duration of soot-blowing (s)
m number of test samples s period of the slagging process (s)
nin, Nout, NUMber of neurons in the input layer, output layer and ¢ heat retention coefficient
Nh hidden layer, respectively
Ok predicted value of k-th test sample v average thermal effectiveness factor of the furnace
Qub steam heat |oss (kW) wpi  thermal effectiveness factor of the furnace exit
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