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emerged as an effective method for NOx removal. However, research on
the effect of operating parameters and their optimization on the
performance and cost-efficiency of NOx removal remains limited.
Therefore, this study designs a simulation model using COMSOL software
to analyze the denitrification process in a pipe packed with active coke
particles. The effects of key operating parameters on NOx removal
efficiency are investigated. Additionally, an optimization approach is
introduced. A neural network-based predictive model is developed and
trained using a large dataset from simulation results. A genetic algorithm
is then applied to minimize operating costs and maintain effective
denitrification. Key parameters, including pipe diameter, temperature,
flow velocity, pipe length, and NO concentration in the inlet flue gas, are
optimized. The results reveal that temperature, flow velocity, pipe length,
and inlet NO concentration significantly influence the efficiency of active
coke denitrification. However, pipe diameter has minimal impact on
denitrification performance but directly determines the volume of flue gas
processed. Moreover, the optimization of temperature, flow velocity, and
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Abstract:

Currently, the removal of nitrogen oxides (NOx) is one of the most critical environmental challenges.

Notably, active coke denitrification has emerged as an effective method for NOx removal. However,

research on the effect of operating parameters and their optimization on the performance and cost-

efficiency of NOx removal remains limited. Therefore, this study designs a simulation model using

COMSOL software to analyze the denitrification process in a pipe packed with active coke particles. The

effects of key operating parameters on NOx removal efficiency are investigated. Additionally, an

optimization approach is introduced. A neural network-based predictive model is developed and trained

using a large dataset from simulation results. A genetic algorithm is then applied to minimize operating

costs and maintain effective denitrification. Key parameters, including pipe diameter, temperature, flow

velocity, pipe length, and NO concentration in the inlet flue gas, are optimized. The results reveal that

temperature, flow velocity, pipe length, and inlet NO concentration significantly influence the efficiency

of active coke denitrification. However, pipe diameter has minimal impact on denitrification performance

but directly determines the volume of flue gas processed. Moreover, the optimization of temperature,
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flow velocity, and pipe length significantly reduces operating costs and ensures compliance with

denitrification efficiency standards.

Keywords: NO removal; Active coke; Machine learning; Genetic algorithm optimization;

Economic optimization.

Highlights

1. NO removal using active coke particles was investigated via numerical simulations.

2. A neural network model was developed to predict denitrification efficiency.

3. Key operating parameters were optimized to enhance denitrification performance.

4. The optimization significantly reduced costs and maintained effective denitrification.
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1. Introduction

Nitrogen oxides (NOx) are one of the major pollutants in industrial emissions [1]-[4]. These oxides

are chemically diverse [5]-[7] and pose significant risks to both environment and human health [8].

Therefore, the control and reduction of NOx emissions remain a key challenge in environmental

engineering and are crucial for achieving clean, sustainable development. Currently, NOx control

techniques include selective catalytic reduction (SCR) [9], selective non-catalytic reduction (SNCR),

alkaline absorption, acid absorption, O3 oxidative absorption, plasma activation [10], active coke

denitrification (ACD) [11], carbothermal reduction [12], low-temperature plasma technology [13],

biological denitrification [14], and photocatalytic oxidation [15].

In industrial NOx control, SCR, SNCR, and ACD are the main techniques adopted. SCR is a well-

established flue gas denitrification method in which ammonia or urea solution is injected into the flue

gas in the presence of a catalyst. This process facilitates the reduction of NOx into nitrogen and water.

SCR achieves high denitrification efficiency (often exceeding 90%) and effectively operates at low

temperatures (typically 250°C—400°C). SCR systems exhibit long catalyst lifespans (up to 2-3 years)

and produce minimal toxic byproducts. However, SCR faces certain limitations, including high catalyst

costs, significant operating and maintenance expenses, and the need for additional equipment to supply

ammonia or urea solutions. Moreover, the presence of pollutants can impair catalyst performance in SCR,

leading to variability in denitrification efficiency. In contrast, SNCR involves the direct injection of

ammonia or urea solution into a high-temperature zone. The injected solution reacts with NOx in the flue

gas, which reduces NOx to nitrogen and water. SNCR has low equipment and operating costs, requires

no catalyst, and features simple operation. SNCR is easy to implement and maintain, making it suitable

for high-temperature flue gas environments in coal-fired power plants. However, SNCR exhibits lower
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denitrification efficiency (typically 30%—60%) than SCR. Additionally, SNCR requires stable high flue

gas temperatures (typically 850 to 1100°C) and may produce NOx during operation, potentially causing

air pollution [16]. These limitations hinder the broader application of SNCR. ACD is an integrated flue

gas purification technique that combines adsorption and catalytic properties to remove SO2 and NOx.

ACD enables low-temperature denitrification, which significantly reduces energy consumption.

Therefore, ACD is increasingly recognized as a promising technique for NO removal [17].

With the widespread application of the ACD technique in industrial flue gas purification, its economic

performance has become a key research focus. Yang et al. [18] conducted a comparative study of two

efficient NOx control methods (ACD and SCR). A cost-benefit analysis model was developed to assess

the economic viability of typical systems using these techniques. The study provides insights into the

specific effects of key factors, such as operating hours and material costs, on overall performance.

Brozincevic¢ et al. [19] focused on reducing costs in biological denitrification using conventional and

alternative carbon sources. The study systematically investigated the use of different organic carbon

sources (e.g., wood chips and corn cobs) in the denitrification process and comparatively analyzed their

cost-effectiveness. Yang [20] estimated the initial investment for flue gas denitrification techniques using

active coke and limestone-gypsum. Moreover, operating costs were calculated based on raw material and

product prices in China. The economic performance of active coke and limestone-gypsum denitrification

was compared and analyzed across different usage periods. Wu et al. [21] investigated cost reduction and

resource recovery strategies through cross-flow adsorption of active coke, optimization of waste heat

recovery, regeneration gas treatment, and high-temperature regeneration techniques. These methods

contributed to the reduction of ACD costs. Liu [22] designed equipment to further reduce ACD costs by

integrating resource recycling, automated control, and optimized adsorbent materials into a streamlined

https://mc.manuscriptcentral.com/scienceprogress

Page 4 of 61



Page 5 of 61

oNOYTULT D WN =

75

76

71

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

Science Progress

system. Chen et al. [23] simplified the desulfurization and denitrification process by combining dedusting,

cooling, ammonia injection, and adsorption regeneration functions into a single unit, thereby reducing

equipment complexity and cost.

However, current studies have not sufficiently explored the complex interactions among operating

parameters such as temperature, flow velocity, pipe length, and inlet conditions. Further research is

needed to examine the effects of these parameters on denitrification performance and operating costs, as

they are critical for optimizing the ACD technique and maximizing its economic benefits.

In recent years, numerical simulations and machine learning techniques have proven highly effective

in addressing complex optimization challenges in denitrification processes. For example, a genetic

algorithm—optimized Back Propagation neural network was used to design catalyst volume in an SCR

system. The model, trained on operational data under different operating conditions, accurately predicted

the required catalyst volume for efficient SCR operation [24]. Additionally, neural network-based

predictive control methods have been applied to monitor and regulate NOx emissions in power plant tail

gas. Ammonia injection was regulated through model calibration and predictive control strategies to meet

emission standards, reduce ammonia consumption, and minimize ammonia slip. These measures

improved the economic efficiency of the NOx control system [25].

Genetic algorithms have been used to optimize operating parameters in SCR systems. For example, a

combination of neural networks and genetic algorithms was used to predict the control structure and

optimize catalyst volume for ammonia injection control. Simulation results revealed that this combined

approach can reduce denitrification costs, adapt to a wide range of boiler conditions, and ensure

compliance with emission standards [26]. Additionally, ultra-low-temperature (<150°C) SCR

denitrification technology has emerged as a key research focus. Although China has developed SCR
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systems and corresponding catalysts with good performance in the 180°C—420°C range, further

advancements are needed to ensure effective operation at lower temperatures. Ultra-low-temperature

SCR denitrification systems can be installed downstream of the dust remover and desulfurization tower

owing to their simpler flue gas composition, lower energy consumption, and reduced retrofit costs [27].

Therefore, the low-temperature operation of ACD provides a distinct advantage.

Overall, the combined use of ACD technology, numerical simulation, machine learning, and genetic

algorithms in the denitrification process provides innovative approaches for achieving clean and

sustainable denitrification. These techniques enhance denitrification efficiency, reduce operating costs,

and adapt to the evolving demands of industrial flue gas purification. Future research should further

investigate the integrated application of these methods to maximize economic benefits.

Therefore, this paper comprehensively investigates key operating parameters in the ACD process. First,

a denitrification model is developed using COMSOL software to simulate flue gas flow through a pipe

filled with active coke. The effects of key operating parameters on ACD system performance are

analyzed. The resulting large dataset is used to train a neural network predictive model. Moreover, an

economic assessment model is constructed to evaluate the operating costs of the denitrification process.

Finally, the predictive model, economic assessment model, and genetic algorithm are integrated to

optimize the configuration of operating parameters and maintain high denitrification efficiency.

The paper is structured as follows: First, the COMSOL model, neural network predictive model,

genetic algorithm, and economic assessment model are introduced. Subsequently, the effects of key

operating parameters—pipe diameter, temperature, flow velocity, pipe length, and inlet NO

concentration—on denitrification performance are analyzed. The neural network predictive model is

developed and validated. Optimal operating parameters are identified under different conditions using a
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119  cost-minimization objective, ensuring compliance with NO emission limits in the outlet flue gas. Finally,

120 the main conclusions of the study are summarized.
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2. Methodology
2.1 ACD simulation

In the ACD simulation, only NO is considered the target product. NO in the flue gas is first adsorbed
onto the surface functional groups of the active coke. In the presence of active coke as a catalyst, NO
undergoes a redox reaction with ammonia and oxygen, forming nitrogen and water. The oxygen required
for this reaction is supplied by the flue gas. Before the flue gas enters the active coke reactor, ammonia
is injected into the flue gas stream to ensure thorough mixing of the reactants [30]. In this study, the ACD
process is numerically simulated using COMSOL Multiphysics software. The chemical reaction [29] for

NO removal is as follows:

4NO +4NH3+ 02— 4N2+6H20 (1)

A pipe packed with active coke serves as the reactor. The pipe (Fig. 1) has a standard nominal diameter
D and a length L. The flue gas, containing NO and mixed with ammonia, flows into the pipe at the left
end and exits at the right end.

Flue gas

Active coke

Fig. 1. Schematic of the denitrification pipe.

The denitrification pipe (Fig. 1) is packed with spherical active coke particles, with a radius 7 of 4.5

mm [28]. These particles are randomly arranged using a distribution algorithm that assigns coordinates

(x, ) to form a packed bed of active coke (Fig. 2).
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140 Fig. 2. Schematic of the randomly distributed active coke bed.
141 During the random placement of active coke particles, ensuring spatial separation and complete
142 confinement of the particles within the reactor boundaries is crucial. The specific constraints are as follows:
143 \/(xl —xj)2 +(; —yj)2 >2rr<x<L-r;r<y<D-r, ()
144 A two-dimensional (2D) model is developed in COMSOL software using the free and porous media flow,
145 dilute species transport, and multiphysics coupling modules. In this model, free and porous media flow is
146 analyzed under steady-state conditions. The dilute species transport and multiphysics coupling are simulated
147 through transient analysis [31].
148 Simulations are conducted to investigate the effects of inlet flow velocity, inlet NO concentration,
149  temperature [32], pipe diameter [33], and pipe length on denitrification performance. The specific parameter
150  ranges are shown in Table 1.
151 Table 1. Simulation parameter ranges.
Temperature Pipe diameter Pipe length Inlet Inlet flow velocity
(°C) (mm) (mm) concentration (mol/m?) (m/s)
110~150 50 800~3000 0.02~0.04 3~5
80

152 After simulation, the outlet NO concentrations are obtained from data extracted along the centerline
153 defined in the 2D model [31] (Fig. 3).
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Fig. 3. Schematic of the centerline path.

The centerline is positioned between the midpoints of the inlet and outlet of the denitrification pipe and is
aligned with the pipe axis (Fig. 3). This alignment is oriented in the direction of flue gas flow, enabling
detailed observation of NO concentration distribution. Therefore, variations in NO concentration during
denitrification can be further analyzed.

2.2 Neural network models

The MATLAB Neural Network Toolbox is widely used by researchers and engineers to develop advanced
models. The toolbox provides a comprehensive set of modules, including feedforward neural networks, radial
basis function networks, and deep neural networks, making it suitable for various applications [34]. Notably,
MATLAB neural network fitting models are effective for modeling nonlinear and multidimensional input—
output systems [35]. Additionally, MATLAB Deep Learning Toolbox extends its functionality to support the
efficient construction of advanced neural network architectures, such as convolutional neural networks and
recurrent neural networks. These architectures provide strong technical support for addressing complex
issues [36].

In this study, a predictive model for outlet NO concentration was developed using the MATLAB Neural
Network Fitting Toolbox. A large amount of training data was generated from simulations conducted in
COMSOL software. The model (Fig. 4) utilizes a feedforward neural network architecture trained using the
backpropagation algorithm. To improve prediction accuracy, the number of hidden layers and neurons in the

network was carefully optimized. During training, the dataset was split into three subsets: 70% for training,
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15% for validation, and 15% for testing. This data partitioning ensured the generalization ability and

predictive performance of the model.

Hidden Layer Output Layer

Activation

Output Function /

. Hidden Lazer =

Fig. 4. Schematic of the neural network model.
2.3 Genetic algorithm optimization

The MATLAB Genetic Algorithm Toolbox is widely used in optimization research. The toolbox provides
core genetic algorithm operations (such as population initialization, selection, crossover, and mutation) and
supports custom fitness function design for adaptable optimization [37]. Owing to its flexibility, the toolbox
is effective for solving complex, high-dimensional, nonlinear optimization tasks [38]. MATLAB genetic
algorithms are recognized for their global optimization capability, scalability, and computational efficiency
[39]. These algorithms have been widely used in engineering optimization [40], chemical process
optimization [41], computer simulation and modeling [42]. With continuous advancements in computational
technologies and algorithm theory, genetic algorithms exhibit strong potential for addressing complex
optimization challenges, particularly in machine learning, data mining, and big data analysis [43].

In this study, the outlet NO concentration is limited to a maximum of 50 mg/m* (equivalent to 0.00167
mol/m? denoted as Cy,;) according to the national emission standard [44]. Given pipe diameters and inlet NO
concentrations, a MATLAB-trained neural network model optimized with a genetic algorithm is used to
determine the optimal temperature, inlet flow velocity, and pipe length. Additionally, the operating
parameters are optimized to ensure a cost-effective ACD process. Fig. 5 shows the genetic algorithm

optimization process through an intuitive flowchart, which outlines the key steps to achieve this goal.
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Fig. 5. Overview of the genetic algorithm optimization process.

The operating parameters of the denitrification system were optimized using a genetic algorithm to
minimize the hourly operating cost (P) and the cost per unit mass of processed flue gas P’. The optimization
variables include the field temperature (7), inlet flow velocity (v), and pipe length (). The objective function
and constraints are presented below:

1) Hourly cost of active coke supply (P;)

Pi=A-L-: prew-rrem , 3)
where A represents the cross-sectional area of the pipe (m?), L denotes the pipe length (m), pr..y, indicates
the unit price of iron-manganese-catalyzed active coke (24000 CNY/m?), and rr.y, signifies the hourly
replenishment rate (%), which is set at 10% in this study. Iron—manganese-catalyzed active coke is selected

for its favorable cost-effectiveness.
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2) Hourly heating cost of active coke P,

h'S'(T_]I)'Pclcc CFeMn'M’eMmSMp‘(T_]I)'Pc]cc
21 = + 4)
10007, 3600-7, :

where 4 denotes the heat transfer coefficient between the pipe reactor and the environment (W/(m?-K)), which
is set to 18 W/(m*-K) for a 50 mm diameter pipe and 16.5 W/(m?*-K) for an 80 mm diameter pipe. S indicates
the surface area of the pipe (m?), P, signifies the industrial electricity price (0.725 CNY/kWh), T represents
the operating temperature (°C), and 7 indicates the ambient temperature (25°C). #, denotes the efficiency of
electromagnetic heating (95%). Cr.y, represents the specific heat capacity of the active coke (1.1 kJ/(kg-K)),
Moy sup denotes the mass of active coke replenished per hour (kg), and pr.u, signifies the density of the
active coke (800 kg/m?) The hourly replenished mass is calculated as: Mreus,sup = PresmA- LT persn-

3) Hourly heating cost of flue gas P,,

~ v A pdir-Cair-(T =T) - Pelec
B 7

P2 , (5)

where v denotes the flow velocity of the flue gas (m/s), p4;. represents the density of the flue gas (1.293
kg/m?), and C,;, represents the specific heat capacity of the flue gas (1.006 kJ/(kg-K)).
4) Hourly operating cost of the fan P;

P3:V'A'Pfan'Pelec’ (6)

m,
where Py, denotes the fan wind pressure (15 kPa), and #, indicates the fan efficiency (80%).
5) Penalty cost for exceeding emission standards P,

P4 =max(Cout — Csia,0) - (v-3600) - A- MNO - Prine, (7
where max denotes the maximum value function, ensuring the penalty remains non-negative, C,,, represents
the NO concentration in the flue gas after denitrification (mol/m?), and Cj,, denotes the NO emission standard
(mol/m?). My indicates the molecular weight of NO, and Py, signifies the penalty cost per mass of NO. In
this study, Pgye 1s set to 10,000 CNY/kg to highlight the economic impact of exceeding emission limits and
promote compliance with environmental standards.

6) Total hourly operating cost P

P=P+Pa+P2+P3+Ps. (®)
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7) Cost per unit mass of processed flue gas P’

~ P
v-3600- A pair

!
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3. COMSOL simulation and neural network training
3.1 Validation of COMSOL simulation

To confirm the reliability of the COMSOL simulation model, a fixed-bed reactor model was developed
(Fig. 7) to replicate the experimental setup in Fig. 6 [45]. In the simulation, spherical active coke particles
with a diameter of 10 mm were packed into a cylindrical pipe. Although the reference study used columnar
active coke particles, their height was not specified. Therefore, spherical particles of equivalent diameters
(10 mm) were used to ensure consistency. The geometric configuration and boundary conditions of the model
were defined as follows: the fixed bed had a height of 50 cm and a diameter of 2 cm, and the reaction was
conducted at 130°C. A simulated flue gas mixture containing NHs, NOx, O,, and H,O entered from the top
of the reactor and exited from the bottom. The gas flow rate was maintained at 2 L/min, and the reaction

proceeded continuously for 1 h.

Simulated
flue gas

* Reactor

Insulation layer

Fig. 6. Schematic of the experimental setup [45].
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Fig. 7. Geometric model of the fixed-bed reactor.

To comprehensively validate the reliability of the COMSOL simulation model, this study examined two
key operating conditions: oxygen concentrations (0%, 1%, 2%, 3%, 4%, 6%, 8%, 10%, and 12%) and
volumetric flow rates (1, 2, and 4 L/min). Simulation results were directly compared with experimental data
to assess accuracy. Fig. 8 presents the denitrification efficiency of active coke across the different oxygen

concentrations, while Table 2 summarizes the corresponding results for varying volumetric flow rates.

100
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0 T - T T T T T
0 2 4 6 8 10 12 14 16
Oxygen concentration (%)

https://mc.manuscriptcentral.com/scienceprogress

Page 16 of 61



Page 17 of 61

oNOYTULT D WN =

Science Progress

254 Fig. 8. Denitrification efficiency of active coke at different oxygen concentrations.
255 Table 2. Denitrification efficiency of active coke at different volumetric flow rates.
Volumetric flow rates (L/min) ExperimemDenitriﬁcation cfficiency (%) Simulation

1 81.32% 76.10%

2 46.62% 47.14%

4 28.13% 26.27%
256 The simulation results are consistent with the experimental data (Fig. 8 and Table 2). This indicates that
257 the developed denitrification model can reliably predict the denitrification efficiency of active coke. This
258 consistency confirms the reliability and suitability of the model for further in-depth research.
259 3.2 Analysis of simulation results
260 Simulations were conducted using the established model. Fig. 9 shows the simulated distribution of NO
261 concentration in the pipe during denitrification. In the simulation, the pipe has a diameter of 50 mm and a
262 length of 3000 mm. The inlet flue gas has a flow velocity of 3 m/s with an initial NO concentration of 0.02
263 mol/m?. The temperature within the pipe is uniformly maintained at 120°C. As the flue gas flows through the
264  pipe, the NO concentration gradually decreases along the flow direction owing to the catalytic activity of
265 active coke treated with an iron—-manganese catalyst. Therefore, the NO concentration in the outlet flue gas
266 is significantly lower than that in the inlet flue gas, indicating effective NO removal. The outlet NO
267 concentration is 0.000766 mol/m?, which is below the emission standard of 0.00167 mol/m?. Despite the
268  effectiveness of the denitrification process, its performance is influenced by several operating parameters.
269 Therefore, the effects of pipe diameter, temperature, flow velocity, pipe length, and the inlet NO
270 concentration on the outlet NO concentration were further analyzed.
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Fig. 9. Simulated distribution of NO concentration.

3.2.1 Effect of pipe diameter on the outlet NO concentration

According to standard pipe production specifications, two pipe diameters (50 and 80 mm) were selected
for analysis. Simulations were performed at a temperature of 120°C, with an inlet NO concentration of 0.02
mol/m?, a pipe length of 1100 mm, and a flow velocity of 3 m/s. The outlet NO concentration was determined
from the endpoint value along the pipe centerline. Simulation results for both pipe diameters are shown in
Table 3. As all other conditions are held constant, increasing the pipe diameter does not significantly affect
the outlet NO concentration but results in a larger total flue gas volume. If the total flue gas volume remains
constant, a large pipe diameter reduces the flow velocity, which increases the residence time and results in
a lower outlet NO concentration (Table 3). Moreover, pipe diameter directly affects the volume of active
coke required and the associated energy consumption. Therefore, comprehensive optimization of different

nominal diameters will be conducted.
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284 Table 3. Effect of pipe diameter on the outlet NO concentration.

Pipe Pipe Inlet Flow Amout of flue Outlet
diameter length concentration velocity gas processed per concentration
(mm) (mm) (mol/m?) (m/s) hour (m3/s) (mol/m?)

Temperature

0

oNOYTULT D WN =

1" 50 3 0.0059 0.007054
12 120 80 1100 0.02 3 0.0151 0.006972
13 80 1.17 0.0059 0.000882

285 3.2.2 Effect of temperature on the outlet NO concentration

286 The effect of temperature on the outlet NO concentration was investigated through simulations. The model
19 287 parameters included a pipe diameter of 50 mm, an inlet NO concentration of 0.02 mol/m?, a pipe length of
21 288 1100 mm, and a flow velocity of 3 m/s. Simulations were conducted at 110°C, 115°C, 120°C, 125°C, 135°C,

23 289 and 150°C. The results are shown in Fig. 10.

25 0.012 -
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291 Fig. 10. Effect of temperature on the outlet NO concentration.

43 292 The data in Fig. 10 indicate a significant decrease in the outlet NO concentration with increasing
45 293 temperature. In the ACD process, this trend is mainly attributed to the enhanced surface activity of active
47 294 coke at higher temperatures. Higher temperatures promote the development of pore structure and increase
49 295 the activity of surface active sites, thereby accelerating NO adsorption and reduction. Additionally, increased
51 296 temperatures enhance the denitrification reaction kinetics, leading to more efficient NO conversion.
53 297 Moreover, higher temperatures facilitate more effective contact between the reductant and NO molecules,

55 298 which improves gas diffusion and further promotes the reaction. Consequently, the denitrification
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performance of active coke is significantly enhanced with increasing temperature, reflected by the continuous
decrease in outlet NO concentrations.
3.2.3 Effect of flow velocity on the outlet NO concentration

The effect of flow velocity on the outlet NO concentration was analyzed using a pipe diameter of 50 mm,
an inlet NO concentration of 0.02 mol/m?, a temperature of 120°C, and a pipe length of 1100 mm. Fig. 11
presents the simulation results at flow velocities of 3, 3.4, 3.8, 4.2, 4.6, and 5 m/s.

0.012

—s=— NO outlet concentration

/(5,0.010932)
(4.6,0.01034)
0.010- /

(4.2,0.009672)

(3.8,0.008908)

NO outlet concentration (mol/m®)

0.008 / (3.4,0.008046)
(3,0.007054)
3 4 5 6
Velocity (m/s)

Fig. 11. Effect of flow velocity on the outlet NO concentration.

The results (Fig. 11) indicate the significant effect of flow velocity on the outlet NO concentration.
Specifically, as the flow velocity increases, the outlet NO concentration increases. This trend can be attributed
to several key factors. First, higher flow velocity shortens the residence time of the flue gas in the pipe, which
reduces the likelihood of NO molecules interacting with the active coke surface for reduction reactions.
Second, increased flow velocity reduces the diffusion efficiency of gas molecules, which limits the
penetration of both the reductant and NO into the microporous structure of the active coke. This limitation
hinders the effective utilization of reactive sites. Consequently, higher flow velocities lead to reduced overall
denitrification efficiency, reflected by the increasing outlet NO concentration.

3.2.4 Effect of pipe length on the outlet NO concentration

The effect of pipe length on the outlet NO concentration was analyzed using a pipe diameter of 50 mm, an
inlet NO concentration of 0.02 mol/m?, a temperature of 120°C, and a flow velocity of 3 m/s. Simulations
were performed for pipe lengths of 800, 1100, 1400, 1700, 2000, and 2300 mm. The results are presented in

Fig. 12.
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Fig. 12. Effect of pipe length on the outlet NO concentration.

The trend in Fig. 12 indicates a decrease in the outlet NO concentration with increasing pipe length. This
behavior can be attributed to several key factors. First, a longer pipe length increases the residence time of
the flue gas. This provides more time for reactions between NO molecules and active coke, which enhances
conversion efficiency. Second, a greater pipe length expands the contact area between the flue gas and the
active coke and increases the number of available reactive sites, which promotes both physical adsorption
and chemical reduction of NO. Additionally, a longer pipe facilitates homogeneous mixing of the reductant
and NO molecules, further enhancing reaction kinetics. Consequently, the increased pipe length significantly
improves denitrification efficiency, as indicated by the lower outlet NO concentrations.

3.2.5 Effect of inlet NO concentration on the outlet NO concentration

The effect of inlet NO concentration on the outlet NO concentration was investigated using a pipe diameter,
temperature, flow velocity, and pipe length set at 50 mm, 120°C, 3 m/s, and 1100 mm, respectively. The
simulation results are shown in Table 4. As the inlet NO concentration increases, the outlet NO concentration

increases, reflecting the larger amount of NO requiring treatment.
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335 Table 4. Effect of inlet NO concentration on the outlet NO concentration.
Tempoerature diamfe):}cgre 1:;2;1 conceni?;fiton . Flow concerg;l;:ie;n
0 (mm) (mm) (mol/m?) velocity (m/s) (mol/m?)
0.02 0.007054
120 50 1100 0.03 3 0.011205
0.04 0.015524
336 These findings indicate that all five parameters significantly influence denitrification performance and are
337 interdependent. Moreover, these factors directly affect operating costs. Because pipe diameter is limited by
338  production standards and the NO concentration in the flue gas is a fixed input in practical applications, a
339 simultaneous optimization of temperature, flow velocity, and pipe length was conducted.
340 3.3 MATLAB neural network model training and performance evaluation
341 Numerous simulations were conducted using COMSOL software based on the parameter ranges provided
342 in Table 1. The resulting data, including operating parameters and NO concentrations after denitrification,
343 were used to train a neural network predictive model in MATLAB. The model was developed to predict the
344  NO concentration after denitrification using key operating parameters (temperature, pipe diameter, pipe
345 length, inlet concentration, and flow velocity) as input variables. To comprehensively assess model predictive
346 accuracy, its outputs were compared with the COMSOL simulation data. Fig. 13 shows the evaluation
347 process of the predictive performance of the neural network model.
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Fig. 13. Evaluation process of the predictive performance of the neural network model.
Operating parameters were generated within the ranges specified in Table 1. Simulations were conducted
using COMSOL software to create a diverse and reliable dataset for model training. The data were then
imported into MATLAB for training and validation of the neural network model. To ensure both accuracy

and generalization, the dataset was split into training, validation, and test subsets. The input parameters for
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354  the neural network model included temperature, pipe diameter, pipe length, inlet concentration, and inlet

355 flow velocity. The NO concentration after denitrification served as the output parameter. Model weights were

356 optimized using a backpropagation algorithm to minimize the error between predicted and simulated values.

357 After training, the predictive performance of the model was evaluated using a test dataset excluded from the

358 training set. The test set included various operating conditions, and the NO concentrations predicted by the

359  neural network were compared with COMSOL simulation results to confirm prediction accuracy (Table 5).

360 The relative errors between predicted and simulated values were required to remain below 10%. If the relative

361 error exceeded this threshold, the model was refined through the modification of the network structure,

362 expansion of the training dataset, or optimization of training parameters. Additionally, the model was re-

363 trained and validated. After repeated iterations of adjustments and validation, once the relative error met the

364  predetermined criteria, the neural network model was considered to have a high predictive accuracy.

365 Consequently, the model can reliably predict the NO concentration after denitrification under different input

366 conditions. This approach provides a basis for further investigation.

367 Table 5. Comparison of predicted values with simulated results under different conditions.

Pipe Pipe Inlet Flow Outlet concentration (mol/m?)
Temperature . . .
C) diameter length concentration velocity
(mm) (mm) (mol/m?) (m/s) Predicted Simulated

117 50 957 0.02 3.62 0.01030 0.01031
143 50 1563 0.02 4.46 0.00240 0.00230
126 50 2456 0.02 3.45 0.00120 0.00124
133 50 2856 0.02 4.56 0.00083 0.00088
113 50 945 0.04 3.34 0.02250 0.02262
136 50 1459 0.04 4.66 0.01010 0.01012
128 50 2374 0.04 3.58 0.00330 0.00334
142 50 2785 0.04 4.74 0.00100 0.00110
113 80 867 0.02 3.23 0.01090 0.01109
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(Table 5. Continued)

Pipe Pipe Inlet Flow Outlet concentration (mol/m?3)
Temperature

diameter length concentration velocity
(mm) (mm) (mol/m?) (m/s) Predicted Simulated

oNOYTULT D WN =

)

1 132 80 1326 0.02 426 0.00530 0.00530
129 80 2572 0.02 3.45 0.00070 0.00073
16 137 80 2772 0.02 428 0.00047 0.00046
18 118 80 1075 0.04 4.52 0.02270 0.02266
20 140 80 1567 0.04 3.72 0.00440 0.00436
% 131 80 2549 0.04 4.69 0.00410 0.00448

25 133 80 2866 0.04 4.25 0.00190 0.00189
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368 4. Optimization results
369 Comprehensive optimizations of temperature, flow velocity, and pipe length were conducted at a constant
370  pipe diameter and inlet NO concentration. In these optimizations, the NO emission standard was set at
371 0.00167 mol/m?, and a genetic algorithm was utilized to minimize the overall operating cost. Owing to the
372 strict penalty imposed for exceeding the emission standard, the NO concentration after denitrification was
373 maintained below this limit.
374 4.1 Optimization results
375 A narrow pipe length range of 2100-3000 mm was selected. The specific ranges for temperature and flow
376 velocity are shown in Table 1. Additionally, optimizations were performed independently for pipe diameters
377  of 50 and 80 mm (Table 6 and Table 7), respectively.
378 Table 6. Optimized parameters and corresponding costs for a pipe diameter of 50 mm.
Optimization results
. Pipe Inlgt Optimization )
Diameter  concentration objective Length Temperature Velocity P P’
(mm) (mol/m?) (mm) (°C) (m/s) (CNY/h) (CNY/kg)
Mlglm‘zmg 2100 128.9962 3.0115 11.0661 -
0.02 Minimizi
llf.,‘,‘m‘zmg 2100 139.1558 4.8757 - 0.2611
50 .
M;Tm‘zmg 2100 139.7202 3.2407 11.2358 -
0.04 Minimizi
II‘)‘,‘m‘Z‘ng 2100 148.4687 4.5680 - 0.2799
379 Table 7. Optimized parameters and corresponding costs for a pipe diameter of 80 mm.
Optimization results
. Pipe Inlgt Optimization )
Diameter concentration objective Length Temperature Velocity P P’
(mm) (mol/m?) (mm) (°C) (m/s) (CNY/h) (CNY/kg)
MIITm‘Z‘ng 2100 127.8182 3.1341 27.8594 -
0.02 Minimizi
llf_,‘,‘m‘zmg 2100 142.0124 4.9529 - 0.2534
80 .
MIITm‘Z‘ng 2100 136.2247 3.0049 27.9679 -
0.04 Minimizin
pr Zing 2100 145.8478 4.9301 - 0.2555
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Table 6 shows the optimized parameters and corresponding costs for a pipe diameter of 50 mm. The data
in the two left columns are fixed during the optimizations, while the third column shows the optimization
objectives. The minimization analysis of total hourly cost (P) reveals that as the inlet NO concentration
increases, the pipe length remains at the lower limit of the specified range. Moreover, the temperature
increases from 128.9962°C to 139.7202°C, the flow velocity increases from 3.0115 to 3.2407 m/s, and the
optimal P increases from 11.0661 to 11.2358 CNY/h. The minimization analysis of cost per unit mass (P’)
reveals that as the inlet NO concentration increases, the pipe length remains constant, while the temperature
increases from 139.1558°C to 148.4687°C. Additionally, the flow velocity decreases from 4.8757 to 4.5680
m/s, and the optimal P’ increases from 0.2611 to 0.2799 CNY/kg.

The optimization results for a pipe diameter of 80 mm are presented in Table 7. The minimization analysis
of total hourly cost P indicates that as the inlet NO concentration increases, the pipe length remains at the
lower limit of the specified range, while the temperature increases from 127.8182°C to 136.2247°C.
Moreover, the flow velocity decreases from 3.1341 to 3.0049 m/s, and the optimal P increases from 27.8594
to 27.9679 CNY/h. The minimization analysis of P’ indicates that with increasing inlet NO concentration,
the pipe length remains constant, and the temperature increases from 142.0124°C to 145.8478°C. The flow
velocity slightly changes, while optimal P’ increases from 0.2534 to 0.2555 CNY/kg.

Notably, all optimized pipe lengths reach the lower limit of the specified range, indicating that this limit
should be reduced.

4.2 Optimization results with adjusted ranges
In this section, the pipe length range was expanded from 800 to 3000 mm. With other conditions unchanged,

optimizations were conducted, and the results are summarized in Table 8 and Table 9.
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401 Table 8. Optimized parameters and corresponding costs for a pipe diameter of 50 mm

402 (Pipe length range: 800 to 3000 mm).

Optimization results

Pipe Inlet Lo
. . Optimization .
Diameter ~ concentration objective Length Temperature Velocity P P’
(mm) (mol/m?) (mm) (°C) (m/s) (CNY/h)  (CNY/kg)
M‘J’;lmlzmg 975.56 149.9949 3 5.6758 -
0.02 Minimizi
e 1386.17 149.9592 43625 - 0.2029
50 S
Mllfilmlzmg 1303.59 149.9793 3 7.3114 -
0.04 Minimizi
1}1)1'1mlzlng 1485.15 150 3.5120 - 0.2603
403 Table 9. Optimized parameters and corresponding costs for a pipe diameter of 80 mm
404 (Pipe length range: 800 to 3000 mm).
Optimization results
. Pipe Inlgt Optimization )
Diameter concentration objective Length Temperature Velocity P P’
(mm) (mol/m?) (mm) (°C) (m/s) (CNY/h) (CNY/kg)
Ml;‘mlzmg 944.51 150 3.0862 13.9148 -
0.02 Minimizi
11r)1,1mlzlng 952.89 150 3.1600 - 0.1903
80 .
Ml;‘mlzmg 1358.25 149.9932 3.0625 19.0581 -
0.04 Minimizi
llgl}mlzmg 1726.92 148.6192 4.8412 - 0.2193
405 For a pipe diameter of 50 mm, an increase in the inlet NO concentration from 0.02 to 0.04 mol/m? results

406 in several observable trends in the minimization analysis of P (Table 8). The pipe length increases from
407 975.56 to 1303.59 mm, the temperature slightly changes, the flow velocity remains at its lower limit, and the
408  optimal P increases from 5.6758 to 7.3114 CNY/h. In the minimization analysis of P’, the increase in the
409 inlet NO concentration causes the pipe length to increase from 1386.17 to 1485.15 mm. The temperature
410  undergoes slight variations, the flow velocity decreases from 4.3625 to 3.5120 m/s, and the optimal P’
411 increases from 0.2029 to 0.2603 CNY /kg.

412 For a pipe diameter of 80 mm, an increase in the inlet NO concentration from 0.02 to 0.04 mol/m? leads to

413 several notable trends in the minimization analysis of P (Table 9). The pipe length increases from 944.51 to
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1358.25 mm, the temperature and flow velocity remain nearly constant, and the optimal P increases from
13.9148 to 19.0581 CNY/h. In the minimization analysis of P’, the increased inlet NO concentration leads to
an increase in the pipe length from 952.89 to 1726.92 mm. Additionally, the temperature decreases from
150°C to 148.6192°C, the flow velocity increases from 3.1600 to 4.8412 m/s, and the optimal P’ increases
from 0.1903 to 0.2193 CNY/kg.

The optimization results with adjusted parameter ranges indicate improved operational efficiency,
highlighting the vital role of selecting appropriate parameter ranges to optimize active coke-based NO
removal.

4.3 Analysis of optimized costs

Under the third-row conditions in Table 9 (80 mm pipe diameter and 0.02 mol/m? inlet concentration), the
optimized cost per unit mass of processed flue gas was 0.1903 CNY/kg. A detailed analysis of the cost
components is shown in Fig. 14.

0.0029 0

N/

0.0267

B P, (CNY)
-P21 (CNY)
B 7, (CNY)
B P, (CNY)
B P, (CNY)

0.0052

0.1555

Fig. 14. Cost components under the third-row conditions in Table 9 (P'=0.1903 CNY/kg).
The cost of processing one unit mass of flue gas comprises several components (Fig. 14). The cost of
supplying active coke (P;) is 0.1555 CNY, the heating cost of active coke (P,;) is 0.0052 CNY, the heating
cost of flue gas (P,,) is 0.0267 CNY, and the operating cost of the fan (P3) is 0.0029 CNY. Notably, the

emission penalty (P,) is 0 CNY, indicating full compliance with national emission standards.
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5. Conclusion

This study numerically investigated active coke-based NO removal through COMSOL simulations. The
effects of pipe diameter, temperature, pipe length, flow velocity, and inlet NO concentration on denitrification
performance were analyzed. A neural network model was developed in MATLAB to predict the
denitrification performance of active coke based on a large dataset generated from simulations. Moreover,
key parameters, including temperature, flow velocity, and pipe length, were optimized using a genetic
algorithm to enhance the denitrification efficiency and cost-effectiveness of the active coke-based NO
removal system. The main conclusions are summarized as follows:

(1) As other parameters are held constant, the NO concentration in the outlet flue gas decreases with
increasing temperature and pipe length but increases with higher inlet flow velocity and inlet NO
concentration.

(2) The developed neural network model accurately predicts the NO removal performance of active coke
and can be applied to further optimization tasks.

(3) he proposed approach—combining neural network prediction with genetic algorithm optimization—
effectively identifies cost-efficient schemes for active coke-based NO removal. The optimized parameters
significantly improve the operational cost-effectiveness and performance of the ACD system.

(4) As the NO concentration in the inlet flue gas increases, the optimized pipe length, temperature, and
flow velocity vary. Consequently, both the total hourly cost and the cost per unit mass significantly increase.
Notably, the cost of active coke accounts for the largest proportion of the total flue gas processing cost.

(5) The effectiveness of the proposed optimization method strongly depends on the defined parameter

ranges. Setting appropriate parameter ranges significantly improves the efficiency of the optimization process.
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Highlights

1. NO removal using active coke particles was investigated via numerical simulations.

oNOYTULT D WN =

9 2. A neural network model was developed to predict denitrification efficiency.
12 3. Key operating parameters were optimized to enhance denitrification performance.

4. The optimization significantly reduced costs and maintained effective denitrification.
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Table 1. Simulation parameter ranges.

oNOYTULT D WN =

Temperature Pipe diameter Pipe length Inlet concentration .
Inlet flow velocity (m/s)
9 (°C) (mm) (mm) (mol/m?)

50
12 110~150 800~3000 0.02~0.04 3~5
13 80
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Table 1. Denitrification efficiency of active coke at different volumetric flow rates.

Denitrification efficiency (%)

Volumetric flow rates (L/min)

Experiment Simulation
1 81.32% 76.10%
46.62% 47.14%
28.13% 26.27%
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Table 1. Effect of pipe diameter on the outlet NO concentration.

Pipe Pipe Inlet Flow Amout of flue Outlet

oNOYTULT D WN =

Temperature

“0) diameter length concentration  velocity gas processed per concentration
9

(mm) (mm) (mol/m?) (m/s) hour (m?/s) (mol/m?)

50 3 0.0059 0.007054
13 120 80 1100 0.02 3 0.0151 0.006972
14 80 1.17 0.0059 0.000882
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Table 1. Effect of inlet NO concentration on the outlet NO concentration.

Pipe Pipe Inlet Flow Outlet
Temperature . . . .
(°C) diameter length concentration velocity concentration
(mm) (mm) (mol/m?) (m/s) (mol/m?)
0.02 0.007054
120 50 1100 0.03 3 0.011205
0.04 0.015524
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Table 1. Comparison of predicted values with simulated results under different conditions.

Pipe Pipe Inlet Flow Outlet concentration
Temperature . . .
diameter length concentration velocity (mol/m?)

oNOYTULT D WN =

°C
9 0 (mm) (mm) (mol/m?) (m/s) Predicted Simulated

10 117 50 957 0.02 3.62 0.01030 0.01031
143 50 1563 0.02 4.46 0.00240 0.00230
13 126 50 2456 0.02 3.45 0.00120 0.00124
14 133 50 2856 0.02 4.56 0.00083 0.00088
15 113 50 945 0.04 3.34 0.02250 0.02262
136 50 1459 0.04 4.66 0.01010 0.01012
18 128 50 2374 0.04 3.58 0.00330 0.00334
19 142 50 2785 0.04 4.74 0.00100 0.00110

113 80 867 0.02 3.23 0.01090 0.01109
22 132 80 1326 0.02 4.26 0.00530 0.00530
23 129 80 2572 0.02 3.45 0.00070 0.00073
137 80 2772 0.02 4.28 0.00047 0.00046
26 118 80 1075 0.04 4.52 0.02270 0.02266
27 140 80 1567 0.04 3.72 0.00440 0.00436
28 131 80 2549 0.04 4.69 0.00410 0.00448
133 80 2866 0.04 4.25 0.00190 0.00189
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Table 1. Optimized parameters and corresponding costs for a pipe diameter of 50 mm.

Pi Optimization results
Inlet
pe . S
. concentrati Optimizati Veloc P’
Diamet L. Leng Temperat . P
on on objective ity (CNY/kg
er th (mm) ure (°C) (CNY/h)
(mol/m3) (m/s) )
(mm)
Minimizin 3.011 11.06
2100 128.9962 -
gP 5 61
0.02 o
Minimizin 4.875 0.26
2100 139.1558 -
gP 7 11
50 . . . .
Minimizin 3.240 11.23
2100 139.7202 -
gP 7 58
0.04 A\
Minimizin 4.568 0.27
2100 148.4687 -
gP 0 99
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Table 1. Optimized parameters and corresponding costs for a pipe diameter of 80 mm.

oNOYTULT D WN =

Pi Optimization results

Inlet

e

2 .p concentrati Optimizati Veloc P’

10 Diamet L Leng Temperat . P

11 on on objective ity (CNY/kg
er th (mm) ure (°C) (CNY/h)

12 (mol/m?3) (m/s) )

13 (mm)

14 Minimizin 3.134 27.85
15 2100 127.8182 -

gP 1 94
16 0.02

17 Minimizin 4.952 0.25
2100 142.0124 -
18 gP' 9 34

80
19 Minimizin 3.004 27.96
20 p 2100 136.2247 ; . ]
g
21 0.04 N
22 Minimizin 4.930 0.25
% 2100 145.8478 ]
o P’ ! 55
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Table 1. Optimized parameters and corresponding costs for a pipe diameter of 50 mm

(Pipe length range: 800 to 3000 mm).

Pi Optimization results
Inlet
pe . S
. concentrati Optimizati Veloc P’
Diamet L Lengt Temperat ) P
on on objective ity (CNY/kg
er h (mm) ure (°C) (CNY/h)
(mol/m3) (m/s) )
(mm)
Minimizin 975.5 5.67
149.9949 3 -
gP 6 58
0.02 L
Minimizin 1386. 4.362 0.20
149.9592 -
g P’ 17 5 29
50
Minimizin 1303. 7.31
149.9793 3 -
gP 59 14
0.04 L
Minimizin 1485. 150 3.512 0.26
g P’ 15 0 03
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Table 1. Optimized parameters and corresponding costs for a pipe diameter of 80 mm

(Pipe length range: 800 to 3000 mm).

Pi Optimization results
Inlet
pe . S
. concentrati Optimizati Veloc P’
Diamet L Lengt Temperat . P
on on objective ity (CNY/kg
er h (mm) ure (°C) (CNY/h)
(mol/m3) (m/s) )
(mm)
Minimizin 944.5 150 3.086 13.91
gp 1 2 48
0.02 o
Minimizin 952.8 150 3.160 0.19
%0 g P’ 9 0 03
Minimizin 1358. 3.062 19.05
149.9932 -
gP 25 5 81
0.04 N 6
Minimizin 1726. 4.841 0.21
148.6192 -
g P 92 2 93
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Fig. 1. Schematic of the centerline path.
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Fig. 1. Overview of the genetic algorithm optimization process.
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Fig. 1. Geometric model of the fixed-bed reactor.
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Fig. 1. Denitrification efficiency of active coke at different oxygen concentrations.
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Fig. 1. Effect of temperature on the outlet NO concentration.
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Fig. 1. Evaluation process of the predictive performance of the neural network model.
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