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Abstract

This research examines the intelligent management strategy of the power plant's de-nitration
system in order to address issues including the insufficient assessment of the intake NOx
content and significant nonlinearity and inertia. To address the lag issue in the measurement
of nitrogen oxide content at the intake port, a worldwide measurement calibration model is
created. This model has a lower R? and RMSE than the single regression prediction model. The
MATLAB Simulink program is used to build the de-nitration system simulation platform, and
the intelligent control approach is researched. According to the simulation results, intelligent
control reduces the variation in output NOx concentration by 63.7%, whereas multi-model
predictive control without inlet NOx correction reduces it by 40.6%.

Keywords: Power Plant, Low Nitrogen Combustion, Optimize Nox Pollution Reduction,
Artificial Intelligence, Flexible Control.

Introduction

Nitrogen oxide (NOx) emissions, primarily from coal-fired power generation, pose significant
environmental and health concerns globally. Countries like Japan, Germany, the United
States, and China have established stringent emission standards to combat these effects,
including acid rain and respiratory health issues. China has adopted Selective Non-Catalytic
Reduction (SNCR)/Selective Catalytic Reduction (SCR) technologies in power plant units to
balance cost-efficiency and effectiveness. However, this transition has highlighted the need
for more precise control mechanisms within these technologies. Nitrogen oxides can cause
environmental pollution, endanger human health, and cause 200-300 times the greenhouse
effect of other carbon dioxide, sulfur dioxide, etc., and destroy the ozone layer.(Fang, 2006)

Developing advanced control techniques for power plant units is at the core of this research,

aiming to effectively manage NOx emissions. This challenge necessitates a multidimensional
approach, integrating environmental science, technology, and strategic decision-making.
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Statistical environmental analysis plays a crucial role in understanding emission patterns and
identifying key control variables. Economically, the focus is on ensuring effective and cost-
efficient emission control strategies, balancing environmental obligations with financial
viability. Information technology, particularly data analytics, is essential for real-time
monitoring and decision-making, enhancing the precision and adaptability of emission control
strategies.

9-2 Total Energy Consumption and Its Composition

$-9 Energy Cossumption by Sector (2620}

e S 3 s i [ [ [ g
Year Consumption Coal Petroleum Natural Gas | Primary Electricity | a00tuen | vt | oo | oo comosm | gomesms | st
(10000 1ce) nd Othes Energy
sou s -y oo ®  wn
= =l w -
1978 57144 —— i - — 27 32 34 e _— “n - - ol
] e omm w u
1980 60275 22 : 207 31 40 =
1985 76682 1 758 1 171 22 49
” 1 = s E™ " 1 o
1990 98703 1 62 1 16.6 21 51 - & 3 e
1991 103783 1 761 : 171 20 48 bl . 5
: *
1992 w9170 1 57} 175 19 49 a
1993 115993 : 78] 1 182 19 52 T o
0
1994 122131 1 5.0 : 174 19 57 G -
1995 131176 I 46 I 175 18 6.1 N
1 . "
1996 135192 1 735 1 187 18 60 "
1
1997 135909 714 204 18 64 ’
. :
1958 136184 H 709 | 208 18 65 3 =
5 7 1 )
1999 10869 ) 706 H 21 20 59 i .
2000 16064 | 68.5 1 20 22 73
2001 156547 : 68.0 1 212 24 84
. )
2002 169577 | 685 : 210 23 82
2003 197083 1 702 1 201 23 74 4 A
1 w . ) £
2004 230281 1 702 1 199 23 76 f %
2008 261369 1 724 : 178 24 74 i
m ) an
2006 286467 : 24 | 75 27 74 - " -
2007 mwz o on2s 1o 30 75 " b g
1 P n m . n
2008 320611 1 s 1 167 34 84 s "
2009 336126 : ns | 164 38 85 = 5
2010 360648 1 692 : 174 40 94 " 1
01 387043 1 702 1 168 46 84 9]
1 ) 2 a
2012 402138 1 68.5 1 17.0 48 9.7 e
2013 416913 1 674 : 171 53 102 - 31
2014 T | 68 | 173 56 13 w o
.,» ¢
2015 424113 : s3s | 184 58 120 i .
2016 uu | 622 : 187 6.1 13.0 o N . .
- "
2007 assizr | 606 | 18.9 69 136 .
1 : 3
2018 anes g EYI | 189 76 s z
| v o " - "
2019 487488 1 57 1 190 80 153 P i ok o o = e
2020 498314 1 569 1 188 84 159 - u = »
] 1 " 2 - 1
2021 524000 1 56.0 1 185 89 166 et o - P e » - "
| e

Figure 1: Total Energy Consumption and Its Composition with the Energy Consumption by
Sector

Problem Statement

In recent decades, China's industrial sector has seen remarkable growth, positioning the
nation as a key player in the global economy. This rapid development, however, has brought
significant environmental challenges, notably in air pollution. Among various pollutants, NOx
emissions have emerged as a critical concern due to their harmful impact on air quality and
public health. The thermal power sector, a cornerstone of China's industrial growth, has been
a major contributor to NOx emissions. According to the China Environmental Statistical
Yearbook ("China's second survey of pollution sources.," 2020), among which Coal energy
NOx emissions accounted for more than 56% of the pollution, and the thermal power industry
accounted for 52.66% of the total coal energy NOx emissions. Recognizing the gravity of this
issue, the government has progressively tightened emission limits, with a reduction of nearly
30% in the past five years, as reported by Li Jianguo (Li Jianguo, 2019).
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8-13 Main Pollutant Contents Emission in Waste Gas by Region (2022)  8-14 Main Pollutant Contents Emission in Waste Gas by Main City (2022)
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Figure 2: Main Pollutant Contents Emission in Waste Gas by Region and main Pollutant
Contents Emission in Waste Gas by Main City

In order to solve the problem of NOx pollution to the atmosphere, the most direct and
perhaps the simplest way is to reduce the total NOyx pollution emissions from power plants.
Previous studies, as critiqued by Liu Hongyu (LIU Hongyu, 2021) often focus on isolated factors
such as fuel properties or operational characteristics without considering the system as a
whole. Others have suggested using clean energy instead of coal to reduce air pollution, which
will take longer to gain acceptance. This study proposes a comprehensive approach using
advanced statistical techniques, including linear regression, multivariate analysis, and time-
series analysis. The linear regression model will be used to analyze data from over 10 power
plant units across China, collected over the past five years. This analysis aims to establish a
guantifiable link between specific operational parameters and NOx emission levels.

Our urban development will soon need to address the changes in the people's livelihood
environment brought about by development, and we need to take measures and implement
them as soon as possible.

China's 2030 energy and power development plan mentions that although China's energy
consumption structure is gradually changing, it will vigorously develop new energy industries.
But traditional coal consumption will still account for more than 60% of the share in 10 years.
In order to accept more new energy and improve the flexibility of peak and frequency
regulation of the power grid, the coal-fired power plant thermal generating units will operate
more frequently under variable load conditions, resulting in significant changes in unit
performance and management control.

The challenge of controlling NOx emissions is particularly pronounced in coal-fired power
plant generation units. These units are increasingly operating under variable loads to
accommodate the integration of renewable energy sources into the national grid. This
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operational shift, essential for sustainable energy development, has introduced a 20%
increase in operational complexity, as per the National Energy Administration's 2021 report.
This complexity not only affects the performance but also the environmental compliance of
these units. Ke Xiwei(KE Xiwei, 2021)highlights that the variability in operational conditions
can lead to significant fluctuations in NOx emission levels, complicating the development of
effective control strategies.

In order to prevent our cities from falling into the NOx pollution problem exacerbated by
complex load conditions, experts have proposed several methods. One of the most widely
adopted methods is stepped off-peak pricing. Other experts suggest a passive approach to
the problem of ensuring a smooth supply of power while also meeting ultra-low nitrogen
emission standards. Multivariate analysis will explore how combinations of different variables
influence NOx emissions, considering the complex interactions in power plant operations.
Time-series analysis, utilizing a bimester-long dataset from key power plant units, will
examine the impact of temporal changes in operational parameters on emission patterns.
These statistical analyses will inform the development of a denitrification system model,
predicting NOx emissions under various operational scenarios and providing a tool for
optimizing power plant performance. If we want our cities to develop safely and reliably, we
must take action on the above problems now.

At present, power plants in various regions of China basically have management methods and
technical levels that adapt to local economic development.

When the model of NOx emission and its influencing factors in power plant denigration
system is established. According to statistics, the demand for power plant optimization and
adjustment capacity is gradually rising, and it is expected that by 2030, the social electricity
provided by power supply enterprises after optimization and adjustment will account for
about 90% of the total. Naturally, the optimization of NOx pollution emissions from power
plants with improved regulatory capacity is also a research hotspot: how to verify that the
independent variable in this study has a positive effect on the dependent variable under the
role of the regulatory variable.

In order to solve this problem, many experts are studying the optimal parameter combination
with the lowest independent variable and dependent variable (NOx emission). Other experts
believe that we should start from the nature of ultra-low nitrogen combustion, develop new
algorithms to match it from the uncertainty and randomness of the mechanism, and achieve
ultra-low NOx emission with the lowest possible cost and computing power.

the study will leverage Information Technology (IT) tools for data collection, analysis, and
model development. Advanced IT solutions, such as big data analytics and machine learning
algorithms, will be utilized to handle the vast amount of operational data from CFB units. This
approach will ensure a more accurate and comprehensive analysis, leading to more robust
and effective emission control strategies. The integration of IT will also facilitate real-time
monitoring and control of NOx emissions, enhancing the responsiveness of power plant units
to changing operational conditions and regulatory requirements.

Incorporating these businesses, management, and IT components will provide a holistic view

of the NOx emission problem in power plant boilers. It will enable the development of
solutions that are not only environmentally sound but also economically feasible and
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technologically advanced. This multidisciplinary approach will add significant value to the
research, making its findings more relevant and applicable to a broader range of stakeholders,
including industry practitioners, policymakers, and technology developers. This will also be a
research hotspot for the development of ultra-low nitrogen combustion in the future.

In terms of power supply and demand: as of February 2022, the power supply and demand
balance in a few provinces is tight during some peak hours of electricity consumption; In July
and August, China's 21 provincial power grid load reached a new high, and the power supply
situation was severe, and the national daily maximum error peak load exceeded 50 million
kilowatts (China Power Industry Annual Development Report, 2023).

The dynamic balance of de-nitration system in power plant boiler is considered; each
independent variable in these systems cannot be precisely controlled but only managed
within a range. This range includes factors such as steady-state changes, variations in
environmental emission limits, fluctuations in safety conditions, and predictive changes, as
noted by (Yue, 2016). Therefore, the optimal value for each data point becomes an optimal
range, which cannot achieve the best optimization of the denitrification system operating
mode. This will cause obstacles to the process regulatory control of the de-nitration process
and have a negative impact on NOx pollution emissions.

In order to further solve this problem, experts have given several solutions: the most
mainstream is to solve a single aspect of regulation. In my view, addressing these issues
should take place at the level of policymakers and industry stakeholders, providing them with
data-driven insights to develop strategies to meet increasingly stringent NOx emission
standards while maintaining operational efficiency. The optimization strategies developed
will not only address environmental compliance but also focus on operational efficiency and
cost-effectiveness, crucial for the competitive positioning of power generation companies in
the market. This includes a cost-benefit analysis of implementing the proposed denitrification
strategies, assessing their financial viability and long-term sustainability for businesses. It is
an urgent need to understand the changing relationship between NOx emissions and
operation management.
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Table 1
Development the Logo Indicates the Implementation Standards in Key Areasent of Air
Pollutatnt

Concentration Limit Requirement (mg/ms)

STEP Standard Name (number)
PM NOx SO2
STEP1 Standardless Phase - - -
{Industrial "three wastes” discharge trial standard)
STEP2 No Requirement No Requirement Not Involve

(GBJ4- 1973)

{Emission standards for air pollutants from coal-fired
STEP3 600 No Requircment Not Involve
power plants) (GB13223- 1991)

{Emission standards for air pollutants in thermal

STEP4 200 1200 650
power plants) (GB13223- 1996)

{Emission standards for air pollutants in thermal
STEPS 50 400 450
power plants} (GB13223-2003)

{Emission standards for air pollutants in thermal

STEP6 30:20% 100/50% 100
powerplants} (GB13223-2011)

{ Coal power energy conservation and emission

STEP7 10/5* 3s 50

reduction upgrade and action plan} (2014-2020 #)

Limitations

The power plants unit has more intricate internal structure and equipment, as well as a wider
range of working circumstances. More study is required to determine the best operating
conditions clustering to use in order to precisely monitor and adjust the NOx content at the
de-nitration intake.

This study reduced to a unified large-section processing and ignored the uneven distribution
of concentration of NOx and NHs in the flue gas in terms of information control of the de-
nitration system. More study is still needed to determine how to accurately manage gridded
ammonia injection.

Literature Review

However, through studying relevant literature both domestically and internationally, it was
found that existing models for predicting NOx emission concentrations from coal-fired units,
particularly in thermal power plants, primarily rely on machine learning algorithms. These
algorithms continually undergo upgrades to achieve higher accuracy. Regarding data
preprocessing, there is often a lack of differentiation between steady-state and non-steady-
state operating conditions. The occurrence of non-steady-state conditions during unit
operation is often influenced by uncontrollable factors, and analyzing the thermodynamic
characteristics behind this type of data can be challenging. Therefore, analyzing the selected
steady-state data holds practical significance.
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In terms of modeling control for denitrification systems, the majority of domestic power
plants still employ control strategies based on PID (Proportional-Integral-Derivative) control.
However, with the increase in emission standards for NOx concentration and the impact of
deep peak shaving, relying solely on PID control is insufficient to meet the requirements for
both NOx emission reduction and ammonia escape. Scholars have introduced more advanced
control concepts and methods into denitrification control.

Guangjun et al. (2016) and others designed the main and auxiliary regulators of a
denitrification cascade control system using Generalized Predictive Control (GPC) and Linear
Quadratic Regulation (LQR) methods, respectively. The control system includes feedforward
control of the NOx generation rate and feedback control of NOx emission concentration,
demonstrating practical application value. Wang Junxia (Junxia, 2020) applied Model
Predictive Control (MPC) to denitrification system control and compared it with traditional
PID control. The results showed that MPC could adjust ammonia injection in advance, reduce
overshoot and adjustment time, outperforming traditional PID control. Xiong Weili (Xiong
Weili, 2002) introduced Laguerre functions as the prediction model, establishing an adaptive
predictive control method based on the Laguerre model. By updating Laguerre coefficients
online, the algorithm demonstrated the ability to adapt to changes in the object's
characteristics automatically. However, it did not consider possible disturbances during
system operation, which could affect the accuracy of model identification.

Machine learning methods have also been used in denitrification system control. Meng Sun
Xianbin (Xianbin, 2014) and others utilized Neural Network Predictive Control (NNPC) to
establish a predictive and control model for nitrogen oxide emissions from power plants.
However, there were significant errors in unexplored operating conditions, not covered by
the model. The Radial Basis Function (RBF)-ARX non-parametric model was used to control
ammonia injection in the denitrification system, but the model was only established for a few
operating points, limiting its practical application (Min, 2013).

The proposal of a Radial Basis Function (RBF) neural network structure based on Generalized
Growing And Pruning (GGAP-RBF) was made, but it requires initializing settings for all
sampling data, and the network parameter setting process is complex (Hongyu, 2021). A
hybrid structure combining Recurrent Neural Network (RNN) and RBF neural network was
suggested but did not consider the impact of changing environmental temperatures on
denitrification efficiency (Li Jianguo, 2019). Genetic Algorithm — Kernel Partial Least Square
(GA-KPLS) was used to establish an SCR system model, but a fixed value was set for the
maximum iteration times of the particle swarm, affecting optimization effectiveness (Jing,
2010).

Research on the control of SNCR (Selective Non-Catalytic Reduction) or SNCR/SCR (Selective
Catalytic Reduction) combined denitrification systems is currently limited and mainly focuses
on mechanism and process studies. Guangxi (Guangxi, 2004)studied the use of the main
steam load line output as the feedforward of urea solution flow rate, adjusting primarily
based on nitrogen oxides, and combining a Smith predictive controller with cascade
feedforward control methods to achieve automatic operation of the SNCR denitrification
system. However, the main steam equivalent amount as a control feedforward has a lag,
cannot respond promptly under rapidly changing operating conditions, and the document
does not specify the system's performance under variable operating conditions. The use of
BP neural networks to establish a black-box model for the entrance and exit NOx
concentrations of the denitrification system, combined with fuzzy control and model-free
adaptive control algorithms, achieved SNCR denitrification system control, reducing ammonia
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injection by 19.8% per 300 MW-h. However, it did not verify the control system's performance
under rapidly changing operating conditions, and BP neural networks lack sufficient accuracy
and robustness for time-series data modeling (Zhuzhujun, 2017).

By establishing a particle swarm algorithm for the parameters between the denitrification
system reducing agent and the exit NOx concentration, (Xiujuan, 2020) proposed a cascade
control strategy based on Generalized Predictive Control combined with traditional PID. The
offline simulation system was used for verification, but the document did not consider the
issue of denitrification system feedforward and did not conduct industrial verification.

Research Questions

Based on literature review problem statement and objectives of research, the following are

the research question for this research:

1. How do key operational variables in coal-fired power plant generation units influence
NOx emissions, and what is their interaction as determined by statistical analyses like
linear regression and multivariate analysis?

2.  What are the measurable environmental impacts of various optimization strategies on
NOx emissions in power plant denitrification systems?

3. How effectively can machine learning models predict denitrification efficiency in power
plant denitrification systems based on inlet NOx concentration, and what is the impact
on operational cost-effectiveness?

4. How do optimization strategies affect the relationship between predicted inlet NOx
concentrations and actual emissions in power plant denitrification systems, and how
can this be leveraged for improved control, efficiency, and regulatory compliance using
IT-driven data analytics?

Research Objectives

The primary objective of this research is to develop and study a systematic framework to

enhance the control technology of the power plant denitrification system and ensure its

smooth operation. the following are the research objectives:

1. Tostudythe key operational variables influencing the NOx emissions of coal-fired power
plant generating units in order to achieve the target.

2. Toinvestigate the environmental impact of various optimization strategies on the NOx
emissions of the power plant denitrification system, aiming to reduce emissions costs.

3. To develop a machine learning model based on the imported NOx concentration to
predict the denitrification efficiency of the power plant denitrification system.

4. To analyze the effectiveness of system predictions to improve compliance levels for
operational decisions.

Research Hypothesis

Hypothesis 1 (Stability Control - IV1)

HO: Standardization of inlet NOx concentration does not significantly affect denitrification
system control effectiveness in power plant denitrification systems.

H1: Standardization of inlet NOx concentration significantly improves denitrification system
control effectiveness in power plant denitrification systems.

This hypothesis examines how consistent and stable control of inlet NOx concentration affects
the overall effectiveness of denitrification systems. Statistical analysis, such as variance
analysis, will be employed to measure the impact of stability in controlling NOx levels.
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Hypothesis 2 (Safety Control - IV2)

HO: Security of inlet NOx concentration does not significantly impact denitrification system
control effectiveness in power plant denitrification systems.

H1: Security of inlet NOx concentration significantly enhances denitrification system control
effectiveness in power plant denitrification systems.

Investigates the influence of safety measures in the control of inlet NOx concentration on
system effectiveness. Safety parameters will be quantified and analyzed against control
effectiveness using correlation analysis.

Hypothesis 3 (Precision Control - IV3)

HO: Technical Control of inlet NOx concentration does not significantly influence
denitrification system control effectiveness in power plant denitrification systems.

H1: Technical Control of inlet NOx concentration significantly influences denitrification
system control effectiveness in power plant denitrification systems.

Focuses on the role of precision in controlling NOx emissions. Precision variables will be
statistically tested for their impact on denitrification effectiveness, using methods like linear
regression.

Hypothesis 4 (Timeliness Control - IV4)

HO: Operational Control of inlet NOx concentration does not significantly affect denitrification
system control effectiveness in power plant denitrification systems.

H1: Operational Control of inlet NOx concentration significantly improves denitrification
system control effectiveness in power plant denitrification systems.

Explores the effect of timely adjustments in NOx concentration control on system
effectiveness. Time-series analysis may be used to understand the dynamics of this
relationship.

Research Methodology

Quantitative Study: the current research the quantitative technique was chosen for this
research since the data collection and analysis were in numerical format.

Statistical Study: multivariate regression and stochastic programming.

Simulation Study: Architecture: Describe the specific type of neural network used (e.g.,
feedforward, convolutional, recurrent). Detail the number of layers, types of layers (hidden,
dropout, normalization), and activation functions used in each layer.

Hyperparameters: Document the selection of learning rate, batch size, and number of
epochs. Explain the rationale behind these choices based on preliminary experiments or
literature.

Training Process: Describe the dataset splitting (training, validation, testing), including the
proportions. Explain any data augmentation techniques used to enhance the model's ability
to generalize.

Validation and Testing: Outline how the model's performance is evaluated, including the
metrics used (e.g., accuracy, mean squared error, Fl-score). Discuss cross-validation
techniques if used.

Experimental Study: Implementation Details: Provide a detailed description of the
Synchronous Perturbation Stochastic Approximation (SPSA) algorithm, including the
calculation of the gradient estimate using simultaneous perturbation. Mention the specific
choice of the gain sequences (a[k], c[k]) and their impact on convergence.
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Algorithm Parameters: Justify the choice of parameters, such as the perturbation amplitude
and the step size. Discuss how these parameters were tuned and their effect on the
optimization process.

Convergence Criteria: Explain how you determine when the algorithm has converged to a
solution. This might include setting a maximum number of iterations or a threshold for the
change in the objective function.

Sample Size

In scientific research, especially in studies involving large populations, selecting an
appropriate sample size is critical. It ensures that the findings of the study are statistically
significant and can be generalized to the entire population. One of the methodologies to
determine the sample size is Yamane's formula, an approach that balances precision and
practicality.

Yamane (1967) introduced a simplified formula to calculate sample sizes, particularly useful
when dealing with large populations. The formula is predicated on the principles of statistical
theory and provides a balance between accuracy and efficiency. It is particularly effective
when researchers are dealing with vast datasets or populations and need to ascertain a
representative sample size that can yield reliable and generalizable results.

N

=T rNe?

Where:

N is the total population size.

n is the sample size.

e is the level of precision or margin of error.

This formula assumes a 95% confidence level and a 50% proportion (i.e., P = 0.5 ), which
often represents the most conservative scenario in terms of sample size requirement.

Since | will be working with a dataset that simulates a population of 1 million (i.e., N =
1,000,000 ). To determine a statistically significant sample size with a confidence level of
95% and a standard error of 5% (i.e., e = 0.05 ), Yamane's formula can be applied:

1,000,000 N

"= 141,000,000 x (0.05)2

This sample size ensures that the study's findings are statistically reliable and can be

generalized to the entire population with a high degree of confidence. It is particularly

relevant in studies where surveying the entire population is impractical, costly, or time-

consuming. Researchers in fields like social sciences, market research, and environmental
studies frequently rely on this method to draw meaningful conclusions from large datasets.

400

Pilot Study

Multivariate Regression Model

Overview

A multivariate regression model is used to explore the relationship between multiple
independent variables and a single dependent variable. It's particularly useful in cases where
several factors are believed to influence the outcome.

Mathematical Formulation:
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The general form of the multivariate regression model is:

Y =0+ PrX1 + BoXo+ -+ BiXy + €
Where:
Y is the dependent variable (in this case, the effectiveness of denitrification system control in
power plant denitrification systems).
X1, X5, ..., X are the independent variables (e.g., stability control, safety control, etc.).
B, is the intercept, representing the expected value of Y when all independent variables are
zero.
B1, B2, ..., B are the regression coefficients, indicating the expected change in Y for a one-
unit change in the respective independent variable, holding other variables constant.
€ is the error term, accounting for the variation in Y not explained by the model.

Model Building Steps

Data Collection and Preparation: Gather data on the independent variables (control

mechanisms) and the dependent variable (system control effectiveness). This includes

preprocessing steps like handling missing values, encoding categorical variables, and
standardizing/normalizing the data.

1. Variable Selection: Decide which independent variables to include in the model. This could
be based on theoretical considerations or exploratory data analysis.

2. Model Estimation: Use statistical software to estimate the regression coefficients. This
typically involves solving the normal equations or using optimization techniques like
gradient descent.

3. Model Evaluation: Assess the model's performance through metrics like R-squared,
adjusted R-squared, F-statistic, and p-values for each coefficient. Check for assumptions
like linearity, homoscedasticity, multicollinearity, and normality of residuals.

4. Interpretation: Interpret the coefficients, understanding how each control mechanism
affects the effectiveness of the denitrification system. A significant positive coefficient
suggests a favorable impact, while a negative coefficient suggests the opposite.

Diagnostic Checking

Perform diagnostic tests to check for potential issues in the model, such as outliers, leverage
points, or influential observations Application to Hypotheses:

This model allows testing each hypothesis by examining the significance and impact of the
corresponding control mechanism's coefficient (f;).

For instance, a significant positive coefficient for the stability control variable would support
Hypothesis 1(H1) , indicating that stability control significantly improves control
effectiveness.

Example Formula for Hypothesis Testing

For Hypothesis 1, the formula might look like

Y = By + B1 X Standardization + [, X OtherVariable 1 + -+ €
Where Standardization is the independent variable of interest for Hypothesis 1, and the
significance of §; will be assessed to validate the hypothesis.
By applying this comprehensive multivariate regression approach, you can effectively analyze
the impact of various control mechanisms on the effectiveness of denitrification systems in
power plants.
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Stochastic Optimization

Stochastic optimization models incorporate randomness directly into the model, either in the
objective function, the constraints, or both. They are designed to find an optimal solution
under uncertainty.

Mathematical Formulation

Basic Formulation

A general stochastic optimization problem can be formulated as: min,cx E[f (x, )]
Where:

¢ X is the feasible region for x.

*w represents the random variables or stochastic elements.

¢ f(x, w) is the stochastic objective function.

*[E denotes the expected value over the distribution of w.

Incorporating Constraints
eStochastic constraints can be added to the model:

gx,w) <0
*Where g(x, w) represents stochastic constraints. These could include operational limits that
vary randomly.

Chance Constraints
*A common approach in stochastic optimization is to use chance constraints, which ensure
that the constraints are satisfied with a certain probability:

P(glx,w)<0) >«
*\Where P represents the probability, and a is a predefined threshold (e.g., 0.95), indicating
that the constraints should be satisfied with at least 95% probability.

Objective Function Examples
e|n the context of power plant denitrification systems, the objective function might aim to
minimize operational costs or emissions under uncertainty:

minE[Cost (x, )]
X

*Or maximize system efficiency: max, E[Efficiency (x, w)]

Solution Methods

eSolving stochastic optimization problems often involves simulation-based methods like
Stochastic Gradient Descent (SGD) or Monte Carlo simulations.

*SGD updates the decision variables based on the gradient of the objective function with
respect to x, considering the random nature of w :

Xnt1 = Xn — NV (Xn, @wp)
*Where 7, is the learning rate at iteration n, and Vf (x,,, w,,) is the gradient of the objective
function with respect to x,, under the realization w,, of the stochastic process.
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Application To Power Plant Denitrification Systems

eIn the context of your hypotheses about power plant denitrification systems, a stochastic
optimization model can be utilized to:

eOptimize control strategies (e.g., stability, safety, precision) under varying operational
conditions.

e|ncorporate the randomness in parameters like inlet NOx concentration, coal quality, and
airflow rates.

eUse historical data to estimate the probability distributions of these random parameters.
This model allows for more robust decision-making by considering the inherent uncertainties
in the power plant process, leading to strategies that are more likely to maintain effectiveness
even under fluctuating conditions.

Data Analysis Plan

Data Collection Methodologies

J Linear Interpolation Method/Moving Average Filter Method/K-Means Method: Utilize
these methods to collect and process data from sources like the International Energy Agency
(IEA), Environmental Protection Agency (EPA), and industry-specific databases that track
emissions, operational efficiency, and technological advancements in power plant units.

J MATLAB Version 2018a/Simulink: Apply these tools to analyze time-series data from
power plant operations, focusing on NOx emissions, fuel usage, and system stability
indicators.

Industrial Software Analysis

. Reliability Test/Monitor/Regression/Correlations/Forecast: Leverage these tools to
analyze data from sources like the CHN Department of Energy or independent research bodies
that monitor power plant performance and environmental compliance.

Table 2
Analysis Design

Procedure Research Problem Thought Design Research Design
1.The key characteristics of the modified model are
. analyzed
How can the dynamic v . .
. L 2. Pure time delay analysis between key features
and quick fluctuations in . L L
. . The global model of inlet 3.Super-parameter determination method of spiking
inflow NOx in the de- .
- NOx concentration  neural network
) nitration  system be .. L . .
First Step . .~ measurement correction is 4. Study on the division method of typical working
efficiently controlled in . o
established conditions of power plant
the presence of frequent .
load changes 5.Study on correction model of NOx measurement at
g denitrification inlet based on clustering of typical
working conditions of power plant
The non-linear The intelligent control 1.Study on nonlinear model of de-nitration
characteristics of the de-  strategy combining inlet 2.Study on the influence of inlet concentration
nitration system are measurement correction correction on control quality
SecondStep  strong, and the outlet model and multi-model 3.Research on the influence of control quantity
NOx concentration is predictive  control is constraints on control effect
measured. studied. 4.Control system simulation research
. ] 1.Field experiment object and system deployment
Production environment . . . .
FourthSte anolication Industrial Information  2.Key parameters on-site debugging
P PP ’ Validation 3.The effect and economic analysis after optimal

requirements Lu

control
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Data Analysis

Type of Data

Secondary data: The actual experimental operation data of power Pl system database.(Plant
Information, P1).("China Power Industry Annual Development Report 2023," 2023)

Data Source Description: Provide specifics about the Power Pl system database, including the
type of data it stores (e.g., sensor readings, operational parameters), the time frame of the
collected data, and the geographical location of the power plants.

Data Limitations and Biases: Discuss any potential biases in the data, such as those introduced
by sensor inaccuracies or missing data points. Explain how these biases were addressed in the
study.
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Figure 3: Power plant operation data collection

Data Preprocessing

Filtering Method: Elaborate on the moving average filter, including the mathematical formula
used and the rationale behind the choice of a 5-sample interval window(Cekik & Uysal, 2020).
Anomalous Data Processing: Describe the methods used to identify and handle outliers or
anomalous data points. This may include statistical methods or heuristic criteria.

Data Sampling and Standardization

Sampling Methodology: Justify the decision to use 1,000,000 data sets for validation,
including how this sample size is representative of the typical operating conditions(Fan et al.,
2019).

Standardization Process: Detail the calculation of the mean value and standard deviation for
each feature. Explain how this standardization impacts the training of the neural network,
particularly in terms of weight updates.

Feature Selection and Analysis

Selection Criteria for Indices: Define the process for selecting the primary and secondary
indices, such as coal feed types and air volumes. Discuss the importance of these features in
relation to inlet NOx concentration.

368



INTERNATIONAL JOURNAL OF ACADEMIC RESEARCH IN ACCOUNTING, FINANCE & MANAGEMENT SCIENCES
Vol. 14, No. 4, 2024, E-ISSN: 2225-8329 © 2023

Mutual Information Analysis: Provide a more detailed explanation of how mutual information
is calculated and interpreted in the context of this study. Include the mathematical formula
and its implementation.

Correlation Analysis

Statistical Methods: Describe the specific statistical methods used for analyzing the
correlation between input and output features. This could include Pearson correlation,
Spearman rank correlation, or other relevant methods.

Interpretation of Results: Discuss how the results of the correlation analysis influenced the
model design and feature selection.

Table 3
Correlation Analysis Between Input Feature And Output Feature( Yue, 2016)
Primary Index Secondary Index Unit
Coal feed Lignite t/h
Anthracite t/h
Bituminous coal t/h
Meager coal t/h
Air volume Primary air volume m3/h
Secondary air volume m3/h
CFB temperature <845 °C
845-935 °C
>935 °C
0% <1.9 %
1.9-3.31 %
>3.31 %

Addressing Sensor Data Distortion

-Linear Interpolation Approach: Explain in detail how the linear interpolation is applied to the
distorted data. Include the formula used and how it corrects for delays or distortions.
-Impact on Data Quality: Discuss the effectiveness of this approach in improving data accuracy
and how it contributes to the overall reliability of the model's predictions.
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Map of thermal power plants in China

N, ERENE o ¥ o

]

fsRme

AT

): 4 L
=

GsRuzING . BREF100T

Finding and Conclusion

This article begins by analyzing the thermodynamic characteristics of the power plant
denitrification system and the typical denitrification control from the perspectives of system
theory and control theory. It addresses factors affecting NOx emissions, such as distortion,
large system inertia, and strong non-linear characteristics. Utilizing a quantitative
identification method, suitable operational data for each system is selected from actual
production sites. Intelligent control strategies based on input correction and predictive
control are constructed. The paper provides quantitative results for the large inertia of the
combustion system, enabling ammonia control under different loads and conditions, reducing
outlet NOx fluctuations, lowering the risk of low-temperature corrosion in downstream
equipment, optimizing comprehensive control quality, and enhancing the standardization,
operational management, technical operability, and safety of joint denitrification operation.
This work serves as a reference for optimizing the efficiency of power plant combustion
systems and low-nitrogen systems.

Recommendation

With the development of Chinese society, there will be a lot of power enterprises facing the
problem of temporary shortage and storage of power supply, which is not good for the
environment. It is necessary to further integrate power grid management, from regional
networking to the interconnection of some provinces to the construction of the data platform
of the national power system, to realize the digital coverage of the whole network step by
step, optimize the management and allocation of resources.

To recommend power enterprises should address the impact of more complex electricity
demand from industrial enterprises and civil use on the NOx emission environment. They
should optimize the coupled power supply strategy and enhance the intelligent management
strategy of power plant de-nitration systems. This will ensure the smooth operation of the
system under the influence of standardization, safety, technical operation, and operational
management factors, ultimately achieving the emission reduction target.
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