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Abstract

Precise control of flue gas oxygen content is essential for stable and efficient operation in
municipal solidwaste incineration (MSWI) systems. However, the strong nonlinearity and
time‑varying characteristics of combustion processes often lead to poor performance of
conventional proportional–integral–derivative (PID) and open‑loop model‑based control
schemes. To overcome these limitations, this study proposes a hybrid intelligent closed‑
loop control framework that integrates the firefly algorithm (FA) and whale optimization
algorithm (WOA) for adaptive tuning of control parameters under dynamic operating con‑
ditions. The proposed system comprises four coordinated modules—preset, oxygen con‑
tent prediction, predictive compensation, and feedback compensation—forming an adap‑
tive multi‑layer control loop. Experimental validation was performed using real opera‑
tional data from 2 × 600 t/d MSWI plant. When the operating conditions changed from
stable to variable, the proposed method maintained the flue gas oxygen content at 7.78%,
with an overshoot of 1.53%, a relative error of –0.094%, and a settling time of 90 s. In com‑
parison, the MPC‑based control achieved 7.75%, with an overshoot of 2.10%, relative error
of –0.529%, and settling time of 100 s, while the existing plant control method achieved
7.85%, with an overshoot of 2.35%, relative error of 0.835%, and settling time of 180 s.
These results indicate that the proposed FA–WOA hybrid control framework effectively
improves response speed by 50%, reduces overshoot by 34.9%, and enhances control accu‑
racy by over 80% compared with the conventional method. Moreover, the system elimi‑
nates manual adjustment and achieves stable combustion performance under fluctuating
conditions, demonstrating its potential for intelligent oxygen control and automation in
large‑scale MSWI plants.

Keywords: hybrid intelligent closed‑loop control; feedforward compensator; feedback
restoration; flue gas oxygen; waste incineration process

1. Introduction
With the advancement of urbanization in China, municipal waste incineration for

power generation has become a crucial component in waste disposal and energy applica‑
tion. Finding ways to improve the combustion efficiency of waste incineration and reduce
combustion costs has become a research focus for many scholars [1]. Flue gas oxygen con‑
tent is a key technical parameter for determining the combustion efficiency of solid waste.
Excessively high or low oxygen content will affect the composition of the finally emitted
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gas, thereby influencing the safety of the entire combustion process. Waste incineration
is a complex heat transfer and phase change process involving multiple technologies and
stages, characterized by strong nonlinearity, time‑variability, and variable operating con‑
ditions. It is difficult to describe with an accurate mathematical model [2,3]. Therefore, re‑
searching effective control technologies for flue gas oxygen content in the municipal solid
waste incineration process is an urgent need for the actual operation of municipal solid
waste incineration plants.

During the waste incineration process, changes in waste characteristics (such as
calorific value and composition)may causemeasurable andunmeasurable disturbances [4],
affecting the stable control of flue gas oxygen content [5]. Thus, when the incineration pro‑
cess is affected by both measurable and unmeasurable disturbances—especially when op‑
erating conditions change—effectively controlling flue gas oxygen content has become an
important scientific challenge [6]. Conventional PID control is still widely used in many
industrial processes due to its simple structure and easy implementation [7]. However,
PID control performs poorly in handling strong nonlinearity, large time delays, and large
disturbances [8]. Especially when facing complex system disturbances, PID control can‑
not effectively distinguish between measurable and unmeasurable disturbances, nor can
it systematically handle these disturbances, making it unable to fully adapt to dynami‑
cally changing environments [9]. To address this issue, fuzzy control, as a nonlinear con‑
trol method, handles complex control problems through fuzzy rules. For example, the
genetic fuzzy control method optimized by genetic algorithms for fuzzy rules proposed
in Reference [10] significantly improved the tracking effect of furnace temperature con‑
trol; Reference [11] enhanced the stability of the control system by introducing adaptive
factors into fuzzy control rules; the fuzzy self‑organizing control method proposed in Ref‑
erence [12] achieved precise control of key process parameters (e.g., furnace temperature
and flue gas oxygen content) by optimizing fuzzy rules. Although fuzzy control performs
well in handling uncertainty and fuzziness, it still has shortcomings such as its inability to
model accurately and adjust precisely [10]. Therefore, fuzzy control often fails to achieve
the expected effect when dealing with the control of complex incineration processes with
coexisting multiple disturbances [13].

In contrast, model predictive control (MPC) exhibits outstanding performance in han‑
dling multivariable coupling, system constraints, and dynamic optimization [14]. For in‑
stance, Reference [15] verified through actual data from a municipal solid waste incinera‑
tion plant that the MPC method can effectively control the main steam flow and flue gas
oxygen content. However, MPC usually relies on linearized state‑space models, and these
assumptions differ greatly from actual industrial processes, resulting in unsatisfactory con‑
trol effects. AlthoughMPC can provide precise strategies for multivariable control, its han‑
dling of disturbances still depends on model accuracy, leading to limitations when facing
unmeasurable disturbances [16,17].

In the application of solid waste incineration control technologies, there are signifi‑
cant differences in operating conditions between developed and developing countries [8].
Developed countries usually have advanced technical equipment and control systems and
can rely on sophisticatedmathematical models and efficient control algorithms (e.g., MPC)
to stably maintain the incineration process and ensure the stability of flue gas oxygen
content [18,19]. The control systems in these countries are usually mature and efficient,
capable of coping with disturbances and optimizing operations well. However, the solid
waste incineration process in developing countries often faces greater volatility, and the
equipment and technology are relatively backward. The direct application of advanced
controlmethods fromdeveloped countries often fails to achieve ideal effects [20,21]. There‑
fore, after recognizing the limitations of existing control methods, the introduction of
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swarm intelligence algorithms has provided new ideas for the control of flue gas oxy‑
gen content [22–24]. For example, algorithms such as particle swarm optimization (PSO)
and ant colony optimization (ACO) can adaptively adjust control strategies and opti‑
mize system parameters by simulating the principles of group behavior in nature [25,26].
Reference [27] points out that swarm intelligence algorithms can not only effectively im‑
provemodel accuracy but also find the optimal control schemewithout relying on an accu‑
rate mathematical model. However, due to the complexity and cumbersomeness of the op‑
timization process, thesemethods often struggle tomeet real‑time requirements. Adaptive
control and hybrid control strategies constitute another research focus at present. Adap‑
tive control systems can automatically adjust control parameters according to changes in
system state, thereby avoiding the incompatibility of static control strategies when facing
environmental changes [23]. In contrast, hybrid control methods, by combining multiple
control strategies and considering the advantages of each method, provide more robust
control performance in complex and uncertain environments [28].

Thus, this study combines modeling and control technologies and proposes a hybrid
intelligent closed‑loop control method integrating feedforward and feedback mechanisms.
First, a manipulated variable preset model is established based on the target flue gas oxy‑
gen content to provide a benchmark for control operations. The feedforward compensation
model uses measurable disturbance information to predictively correct the primary and
secondary air volumes based on themanipulated variable benchmark, therebymaintaining
the symmetric stability of the system before disturbances are fully manifested. The feed‑
back compensation mechanism, targeting unmeasurable or uncertain disturbances, imple‑
ments real‑time dynamic adjustments based on the deviation between the actual flue gas
oxygen content and the target value. Experimental results based on actual operating data
show that thismethod can ensure that flue gas oxygen content is stablymaintained near the
target value under both measurable and unmeasurable disturbance conditions, effectively
realizing an efficient control of flue gas oxygen content during the incineration process.

The major contributions of this paper are as follows:

(1) A novel hybrid control framework combining firefly algorithm (FA) and whale opti‑
mization algorithm (WOA) for intelligent, real‑time optimization of flue gas oxygen
content in MSWI systems.

(2) A closed‑loop control structure that integrates predictive compensation and feedback
compensation, ensuring continuous adaptation to operational changes without the
need for manual intervention.

(3) Real‑world validation using operational data from a 600 t/d MSWI plant, demon‑
strating the method’s robustness, accuracy, and scalability for large‑scale waste‑to‑
energy plants.

(4) A significant improvement in control performance: a 34.9% reduction in overshoot,
50% faster response time, and over 80% enhancement in control accuracy compared
to traditional methods.

These results highlight the practical value and scalability of the proposed hybrid in‑
telligent control system, paving the way for more efficient, autonomous, and adaptable
control solutions in MSWI systems and other complex industrial processes.

2. Problem Formulation
2.1. Description of the Waste Incineration Process

A typical solid waste incineration system is illustrated in Figure 1. Municipal waste
collected from various urban areas undergoes fermentation and dehydration before be‑
ing fed into the incinerator. It sequentially passes through the drying grate, combustion
grate‑1, combustion grate‑2, and burnout grate for drying and combustion. Combustion
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air required during the combustion stage is injected from below the grate and the middle
of the furnace by primary and secondary fans, respectively. High‑temperature flue gas in
the furnace is drawn into the boiler system, cooled, purified, and then discharged through
the chimney. An oxygen content sensor is installed at the tail of the flue gas emission path.
The completeness of the incineration process is evaluated bymeasuring the flue gas oxygen
content at the exhaust port. In actual control operations, operators adjust the combustion
state by regulating primary and secondary air volumes, maintaining the flue gas oxygen
content near the target value.

Solid waste storage and 
transportation Solid waste incineration Flue gas treatment Flue gas emission

Grab bucket

Solid 
waste 
pool

Slag pit

Primary fan

Secondary fan

Slag remover

Flue gas 
measurement 

point

Figure 1.MSWI process flowchart.

2.2. Flue Gas Oxygen Content Control Model

The municipal solid waste incineration process involves a series of complex reactions,
including physical and chemical combustion reactions. Oxygen consumption during this
process can be described through a material balance. Assuming that the organic matter in
the waste is completely burned, the basic combustion reactions are as follows:

Cx Hy + (x +
y
4
)O2 → xCO2 +

y
2

H2O (1)

Here, Cx Hy is the organic matter in the garbage, O2 is the oxygen, and CO2 and H2O
are the products. In this reaction, the oxygen consumption is related to factors such as
the carbon–hydrogen ratio of organic matter, the calorific value of waste, and temperature.
Through the material balance equation, the oxygen demand can be expressed as

.
mO2 =

.
m f uel ·

a
M f uel

(2)

Here,
.

mO2 represents the mass flow rate of oxygen consumed per unit time,
.

m f uel

represents the mass flow rate of garbage entering the furnace within a unit of time, a is the
stoichiometric number of the fuel (the molar ratio of oxygen to organic matter), and M f uel

represents the molecular weight of the fuel. The supply of oxygen in the furnace can be
adjusted through material balance and oxygen consumption to ensure the completeness
of the reaction.

It can be seen that the flue gas oxygen content is related to the oxygen content in the
reaction process. The oxygen content, in turn, is associated with the primary air flow rate,
secondary air flow rate, feeding rate, and grate speed. The specific analysis is as follows:
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Primary air flow refers to the air entering from the bottom of the furnace, which
mainly provides oxygen for combustion and plays a key role in combustion adequacy.
Appropriate increase can improve oxygen concentration and combustion efficiency, but
excessive flowwill cause peroxidating, unstable combustion, excessively high flue gas oxy‑
gen content, and exacerbate temperature fluctuations and pollutant generation. Secondary
air flow is supplied from the upper part or side of the furnace, used to optimize air distribu‑
tion, promote combustion, and regulate furnace temperature. Suitable flow helps balance
air flow and ensure sufficient combustion; excessive flow may cause air disturbance and
incomplete combustion, while insufficient flow tends to lead to local overheating and re‑
duced combustion efficiency. Feeding rate determines the amount of solid waste entering
the furnace, affecting oxygen demand. When the rate accelerates, insufficient oxygen sup‑
ply will reduce oxygen content and easily generate harmful gases; an overly slow rate
will cause oxygen surplus and energy waste. Its influence presents nonlinear character‑
istics. Grate speed affects the residence time of waste: excessively fast speed results in
incomplete combustion, oxygen waste, and increased pollutants; overly slow speed tends
to cause over‑combustion and increase pollutant emissions. Its impact on oxygen content
is also nonlinear.

In summary, flue gas oxygen content is affected by the primary air flow rate, sec‑
ondary air flow rate, feeding rate, and grate speed. Among these factors, the feeding rate
and grate speed are not suitable for frequent adjustment in practical operations. More‑
over, they tend to cause system instability under certain operating conditions. Therefore,
in this study, they are regarded as operating conditions rather than direct adjustment ob‑
jects. Specifically, the feeding rate and grate speed determine the amount of waste entering
the furnace chamber and the combustion rate. They can characterize changes in operating
conditions, such as waste calorific value, which affects combustion efficiency and stability,
and thereby influence the selection of the primary air volume and secondary air volume
that need to be adjusted. Thus, the input–output relationship between flue gas oxygen
content and its influencing factors can be described by Figure 2. The inputs include the
primary air flow rate (u1), secondary air flow rate (u2), feeding rate (Ω1), and grate speed
(Ω2), while the output is the flue gas oxygen content. Here, f() represents an unknown
nonlinear relationship. And it can also be expressed by Formula (3).

y(t) = f (u1(i), u2(i), Ω1(i), Ω2(i)) (3)

f(  )
Unknown and 

non-linear


Feeding speed

Secondary air

Grate speed

Oxygen content 
of flue gas

primary air 
1u

2u

1Ω

2Ω

( )y t

 
Figure 2. Diagram of the relationship between operating variables and the oxygen content in the
output flue gas.

In Formula (3): y(t) represents the oxygen content in the flue gas; F represents a non‑
linear relationship; i represents the sampling moment; u1, u2 represents the influencing
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factors such as primary air volume and secondary air volume; Ω2 represents working con‑
ditions such as feeding speed and grate speed. Therefore, the focus of this study is on the
dynamic adjustment method of primary and secondary air volumes. Based on the current
operating conditions and potential disturbances, a reasonable adjustment strategy is de‑
signed considering these nonlinear relationships to ensure that flue gas oxygen content is
controlled within the target range.

2.3. Formal Definition of Steady for Oxygen Content Control

In control theory, for the oxygen content control loop, this equilibrium is defined by
its target value [29]. Let y(t) denote the measured oxygen content andO∗ denotes its target
value. Given the practical requirements of the combustion process, it is neither necessary
nor feasible tomaintain y(t) = O∗ precisely at everymoment [30,31]. Instead, the control’s
objective is to confine y(t) within an allowable interval steady atO∗. The allowable interval
S is defined as

S = {y ∈ R| |y − O∗| ≤ ε} = [O∗ − ε, O∗ + ε] (4)

where ε > 0 is the maximum tolerated deviation, determined by process requirements. The
system is said to be in a steady state at time t if y(t) ∈ S. Conversely, a steady‑breaking
event occurs if y(t) /∈ S.

The disturbances, both measurable and unmeasurable, are the sources of steady
breaking [32,33]. The goal of the proposed hybrid intelligent closed‑loop control is twofold:

(1) Steady‑Preserving: Proactively counteract measurable disturbances through feedfor‑
ward compensation to prevent y(t) from leaving S.

(2) Steady‑Restoring: Reactively eliminate the deviation through feedback compensa‑
tion to drive y(t) back into S swiftly and smoothly whenever a steady‑breaking
event occurs.

To illustrate this problem, the parameters are first defined. The controlled variable
(CV) is the flue gas oxygen content y(t) with a unit of %. The target value of flue gas
oxygen content O∗, assumed to be 6%, serves as the center of steady state. The allowable
stable interval S = [5–7%], i.e., ε = 1%. The manipulated variables (MV) are the primary
air volume u1 and secondary air volume u2. The main disturbance is the waste Lower
Heating Value (LHV) d(t) with a unit of MJ/kg. An increase in LHV leads to higher oxygen
consumption, thereby reducing the flue gas oxygen content. Therefore, the gain Kd of this
disturbance channel is negative.

The transfer function for the process is defined, where the process channel is

Gp(s) =
0.8

30s + 1
e−10s (5)

The disturbance channel is

Gd(s) =
−0.5

25s + 1
e−5s (6)

The ideal stable state of the system is defined as the state where the output stabilizes
at the target valueO∗ when all inputs remain unchanged and there is no disturbance. That
is, there exists a state xs and a control quantity Us such that

0 = Axs(t) + Bus(t)
O∗ = Cxs(t)

(7)

At this point, the system is in a static stable state.
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From the perspective of steady‑state impact, if at time t = 50 s, a step disturbance of the
increase in the calorific value of garbage by+3 MJ/kg occurs, that is d(t) = 3σ(t − 50), the
disturbance d(t) will disrupt the above equilibrium. According to the model, a stepwise
increase in calorific value +3 MJ/kg will cause a steady‑state deviation in oxygen content
|Kd · ∆LHV| = 1.5% > ε = 1%. Then the system will not be able to return to the original
stable interval, S = [5%, 7%], automatically but will operate at a new instability equilib‑
rium point O∗ + Kd · ∆LHV = 4.5%. This is a thorough and continuous disruption of the
steady state. From the perspective of dynamic impact analysis, at themomentwhen the dis‑
turbance occurs, the rate of decline in oxygen content is determined by the time constant τd.
The smaller the value of τd, the faster the decline and the greater the impact. It is assumed
that the dynamic minimum point ymin = 4% is lower than the final steady‑state value of
4.5%. This indicates steady breaking during the dynamic process, which is more severe
than the 1.5% steady‑state breaking. As a result, the system may stay outside the stable
interval S for a longer time. In summary, whether analyzed from a steady‑state or dynamic
perspective, the waste LHV disturbance exerts a non‑negligible impact on the system out‑
put. It not only changes the equilibrium point of the system but also causes more severe
dynamic deviations during the transient process. Therefore, designing a control method
that can offset the disturbance’s impact on the steady state and suppress its dynamic pro‑
cess is the key to restoring andmaintaining system stability. Against this background, this
study proposes a hybrid intelligent closed‑loop control method integrating feedforward
and feedback mechanisms. It aims to effectively suppress stable disturbances through a
cooperative control strategy, ensuring that the flue gas oxygen content remains in a stable
state at all times.

3. Design of the Hybrid Intelligent Closed‑Loop Control Method
3.1. Control Strategy

This study proposes a hybrid intelligent closed‑loop control method as shown in
Figure 3. It consists of four parts: a flue gas oxygen content prediction module [34], a
preset module, a predictive compensation module, and a feedback compensation module.
Among them, the flue gas oxygen content prediction model adopts the IWOA‑XGBoost
method to calculate the predicted value of flue gas oxygen content ŷ(t) based on manipu‑
lated variables and operating conditions (feeding rate, grate speed). The operating param‑
eter preset module uses the IFA method to provide the reference points U0 for primary
and secondary air flow rates according to the current operating conditions and target flue
gas oxygen content. The feedforward compensator employs the IFA‑PI iterative method.
It determines the predictive compensation values of primary and secondary air flow rates
U f (t) based on the predictive deviation in flue gas oxygen content e f (t), where e f (t) is the
difference between the target flue gas oxygen content O∗ and the predicted value of flue
gas oxygen content ŷ(t). The feedback compensator determines the feedback compensa‑
tion values of the primary and secondary air flow rates Ub(t) based on the deviation in the
measured oxygen content in the flue gas eb(t) by using the IFA‑PI iterative method. Where
eb(t) is the difference between O∗ and the measured oxygen content of the flue gas y(t),
and the total operating variable is U(t) = U0 + U f (t) + Ub(t).
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Figure 3.Hybrid intelligent closed‑loop control method.

3.2. Control Algorithm
3.2.1. Prediction Model of Oxygen Content in Flue Gas

As shown in Figure 4, the prediction model based on IWOA‑XGBoost proposed in
this paper consists of two modules: an XGBoost‑based flue gas oxygen content prediction
module [35] and an IWOA‑based parameter optimization module [36]. For the XGBoost‑
based flue gas oxygen content prediction module, its inputs include primary air flow rate
u1, secondary air flow rate u2, feed rate Ω1, and grate speed Ω2, while its output is the
predicted value of flue gas oxygen content ŷ(t). The IWOA‑based parameter optimiza‑
tion module adopts the IWOA to optimize and determine key parameters in the network
model, such as the maximum depth of decision trees D, learning rate λ, and regularization
coefficient φ.

(1) The structure of the flue gas oxygen content prediction model based on XGBoost

The output of the XGBoost‑based flue gas oxygen content prediction module can be
expressed as the sum of results from K trees, as shown in the following formula:

ŷ(t) =
K

∑
k=1

fk(x1) + fk(x2), fk ∈ F (8)

where fk represents the function of the k‑th tree, and F denotes the space of trees. x1 is the
primary air flow rate, x2 is the secondary air flow rate, and ŷ(t) is the output, which refers
to the predicted value of flue gas oxygen content.

To balance the accuracy of the flue gas oxygen content model and prevent overfitting,
the objective function of XGBoost consists of two components: a loss function and a regu‑
larization term that controls the model complexity, as shown in the following formula:

Obj =
4

∑
i=1

(y(t)− ŷ(t))2 +
K

∑
k=1

(φT +
1
2

λ
T

∑
j=1

w2
j ) (9)
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where T is the number of leaf nodes, wj represents the leaf weights, and φ and λ are the hy‑
perparameters. The number of leaf nodes T is indirectly controlled by limiting tree growth.
The hyperparameters involved include maximum depth of the decision tree D—a greater
depth leads to a more complex tree with potentially more leaf nodes; and regularization
coefficient φ, which is used to penalize leaf weights. A larger regularization coefficient re‑
sults in a heavier penalty, compressing leaf weight values to become smaller and making
the model smoother.

Flue gas 
measurement 

point

Data preprocessing

Based on the IWOA  parameter optimization module

+

-

Measured oxygen 
content of flue gas

u1 u2 Ω1 Ω2

u1Primary air flow u2Secondary air flow Ω1Feeding speed Ω2Grate speed y1   Flue gas oxygen content

随机列抽样
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forecast values

Gradient 
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Flue gas oxygen content prediction module based on XGBoost

1

 Sample

i

i
ω

1fraction continued
1reeDecision t

iω

321 iii ωωω ++

λ

Maximum decision tree depth

Learning rate

Regularization coefficient ϕ

maxD

2

 Sample

i

i
ω 3

 Sample

i

i
ω

2fraction continued
2reeDecision t

iω 3fraction continued
3reeDecision t

iω

 

Figure 4. Strategy diagram of the forecast model based on IWOA‑XGBoost.

(2) Model parameter determination

As can be seen from the above formulas, the maximum decision tree depth D, learn‑
ing rate λ, and regularization coefficient φ have a significant impact onmodel accuracy. In
essence, these parameters should be set to different combinations according to varying op‑
erating conditions to reflect the characteristics of flue gas oxygen content under different
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working conditions. The WOA simulates the hunting behavior of whales through ran‑
dom search, enabling global search. It boasts advantages such as fast search speed and
strong global search capability, which allows it to complete the search in a relatively short
time while avoiding falling into local optima. By balancing and transforming exploitation
and exploration capabilities, theWOAovercomes the limitation that other population opti‑
mization algorithms have in local optima, achieving global search optimization. Therefore,
this paper first improves theWOA and then uses the improvedWOA to optimize the max‑
imum decision tree depth D, learning rate λ, and regularization coefficient φ.

Based on the optimization task, the maximum decision tree depth D, learning rate λ,
and regularization coefficient φ are mapped to the whale position vector as follows:

X =
[
λ, D, φ

]
(10)

The parameter range constraints are as follows: λ ∈ [λmin, λmax], D ∈ [Dmin, Dmax],
φ ∈ [φmin, φmax].

The WOA simulates the predation behavior of humpback whales. This algorithm
mainly consists of three phases: encircling prey, spiral hunting, and searching for prey.

• Surround the prey

In each iteration of theWOA, the algorithm presets the position of the individual with
the optimal fitness in the current population (i.e., the best hyperparameter combination
found so far) as the prey’s position [37]. Other individuals in the population update their
own positions in real time based on this optimal position and the internal variables of the
algorithm (A and C). Through this process, these individuals conduct exploration and ex‑
ploitation around the current optimal solution within the solution space. Its mathematical
description is as follows:

X(t + 1) = X∗(t)− A|CX∗(t)− X(t)| (11)

In the formula: t represents the current number of iterations, X(t) represents the po‑
sition vector of the current search candidate solution, X∗(t) is the position vector of the
current optimal search candidate solution, and A and C are coefficient matrices. The cal‑
culation formulas for A and C are

A = 2ar1 − a
C = 2r2

}
(12)

In the formula: r1r2 is a random vector of [0, 1] and a decreases linearly in [0, 2].

• Bubble nets attack their prey

Humpback whales employ two mechanisms when performing bubble‑net attacks:
contracting encirclement and spiral position updating. These two types of behaviors oc‑
cur simultaneously, with humpback whales randomly choosing between shrinking the
encirclement or moving along a spiral trajectory. Each method has an equal probability of
occurrence (50% each). The position of humpback whales is dynamically adjusted based
on the above behaviors, and the corresponding formulas are as follows:

X∗(t)− AD p < 0.5
X∗(t) + D′ebl cos(2πl) p ≥ 0.5

}
(13)

In the formula: D′ = |X∗(t)− X(t)| is the distance between the current search candi‑
date solution and the position of the best search candidate solution; b is the constant that
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determines the shape of the spiral path; l is a randomnumber uniformly distributedwithin
[−1, 1]; p is a random number within [0, 1].

• Randomly search for prey

Unlike the exploitation phase, in each iteration of this phase, all search candidates
except the best one dynamically adjust their positions based on a randomly selected search
candidate rather than the current optimal search candidate. The iterative update process
is as follows:

D = |CXrand(t)− X(t)|
X(t + 1) = Xrand(t)− AD

}
(14)

In the formula, Xrand(t) is the position vector for randomly searching for
candidate solutions.

(3) Improvement in the whale optimization algorithm

In the classic WOA, there exist problems of insufficient convergence accuracy and
convergence speed. Meanwhile, although whale individuals can exchange information
with each other, they still tend to fall into local optimal solutions. To address the above
issues, this paper adopts two improved strategies to optimize the WOA.

• Elite reverse learning strategy

To improve the quality of the initial population, ensure the efficient progress of subse‑
quent iterations of the WOA and avoid problems of slow convergence rate and premature
convergence caused by poor initial population quality. The elite opposition‑based strategy
is introduced into the population initialization stage of the WOA in this study to enhance
the overall quality of the initial population. Its core solution steps are as follows:

Suppose wi = (wi,1, wi,2, · · · , wi,n)(i = 1, 2, · · · , n) represents an elite individ‑
ual in a d‑dimensional space, then the definition of the corresponding reverse solution
w̃i = (wi,1, wi,2, · · · , wi,d) is as follows:

w̃i,j = rand × (lbj + ubj)− wi,j (15)

where w̃i,j denotes the j‑dimensional vector of the reconstructed solution w̃i, rand is a
random number of [0, 1], and lbj = min(wi,j) and ubj = min(wi,j) are, respectively, the
boundaries of the population space. To prevent the elite reverse solution from crossing
the boundaries, an out‑of‑bounds judgment and update are required.

w̃i,j =


rand × (ubj − lbj) + lbj) if w̃i,j > ubj

or w̃i,j < ubj

w̃i,j else
(16)

By integrating the elite strategy and the opposition‑based strategy, this strategy ex‑
pands the feasible solution space while retaining high‑quality solutions. It effectively im‑
proves the spatial diversity and quality of the initial population, providing a high‑quality
population foundation for the subsequent iterations of the algorithm.

• Nonlinear convergence factor

Analysis of the WOA shows that when |A|≥ 1, the population search range tends to
expand, and the algorithm is in the exploration stage of the solution space; when |A| < 1,
the population enters the local exploitation stage, and the search range in this stage is
mainly determined by the value of the convergence factor a.

To enhance the global exploration performance of the algorithm in the early and mid‑
dle stages of iteration, it is necessary to ensure that the convergence factor maintains a rel‑
atively high value and shows a slow downward trend in these stages. To achieve this goal,
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the inverse cumulative distribution function of the chi‑square distribution is introduced
in this study to optimize the dynamic characteristics of the convergence factor, thereby
improving the parameter a in Equation (19). The corresponding formula is as follows:

a = F−1(0.9 − 0.9t
max_iteration |30 )×
2

F−1(0.9|30 )
(17)

x = F−1(p|v) = {x : F(x|v) = p} (18)

p = F(x|v) =
∫ x

0

t(v−2)/2e
−

t
2

2
v
2 Γ(

v
2
)

dt (19)

In the equations above, p is the probability value, taking values within the range of
[0, 1]; v is the degree of freedom; Γ(•) is the gamma function; t represents the current
number of iterations; max_iteration represents the maximum number of iterations.

(4) Implementation steps of the flue gas oxygen content prediction model

The specific implementation steps of the IWOA‑XGBoost prediction model are
as follows:

¬ Initialize the whale population
A certain number of whale individuals are generated randomly. The position of each

whale represents a set of XGBoost model parameters, including maximum decision tree
depth, learning rate, and regularization coefficient. During initialization, the value range
of parameters is reasonably set according to the actual problem to ensure the algorithm
searches within a meaningful search space.

­ Calculate the fitness value of each whale
Each set of parameters is substituted into the XGBoost model to predict the training

data. The mean square error (MSE) between the predicted values and actual values is
calculated as the fitness value. The formula of the fitness function is as follows:

MSE =
1
N ∑N

n=1 (y(t)− ŷ(t))
2

(20)

Here, N represents the sample quantity, y(t) represents the actual output, and ŷ(t)
represents the model output.

® Identify the current optimal whale
Among all whale individuals, the whale with the smallest fitness value is selected

as the current optimal whale (xbest). The position of this whale represents the optimal
XGBoost model parameters found so far.

¯ Enter the iterative process
Step 1: Calculate parameters A and C based on the adaptively adjusted parameter A.
Step 2: Select different search strategies according to the value of A.
Step 3: Substitute the updatedwhale position into the XGBoost model and recalculate

the fitness value. If the newfitness value is better than the previous one, update thewhale’s
position and fitness value.

Step 4: After all whale individuals are updated, select the whale with the smallest
fitness value again as the new optimal whale (xbest).

Step 5: Judge the termination condition. If the termination condition is notmet, repeat
Step 3 until the condition is satisfied when reaching the maximum number of iterations or
the fitness value converges to a certain precision. At this point, the position of the optimal
whale is the optimized XGBoost model parameters. The flowchart is shown in Figure 5.
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Figure 5. Flowchart of improved whale optimization algorithm.

3.2.2. Presettings for Manipulating Variables

The FA provides a new approach for solving complex problems in dynamic
environments [38,39]. In this paper, the FA is used to preset the operation amount of flue
gas oxygen content. By simulating the attraction and movement mechanisms of fireflies,
the FA can conduct extensive exploration in the search space. The oxygen content optimiza‑
tion problem in the waste incineration process may have multiple local optimal solutions,
and the global search capability of the FA can help find a better set value of oxygen content.

Suppose the goal is to find the optimal combination of operating parameters (u1 pri‑
mary air flow, u2 secondary air flow) under specific operating conditions (Ω1 feeding rate,
Ω2 grate speed) so that the flue gas oxygen content y(t) is as close as possible to the target
value O∗. The objective function is defined by the following formula:

min{ f (x)} = min
{
(y1 − O∗)2

}
(21)

FAi = [u1(i), u2(i), Ω1(i), Ω2(i)] (22)

µ
(i)
k ∈ [µk,min, µk,max], k = 1, 2 (23)

Ii =
1

1 + f (ui)
(24)

where FAi represents the position of each firefly i, indicating a set of parameters. µ
(i)
k

represents the range of parameters that need to be constrained. Brightness Ii reflects the
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quality of the solution. The formula for the attenuation of the attraction βij of firefly i to
firefly j with distance is

βij(rij) = β0 × e−γ·r2
ij (25)

In the formula, β represents the maximum attractive force, β0 indicates the attractive
force of the firefly (r = 0) at the light source, and usually β0 = 1. γ represents the light in‑
tensity absorption coefficient, and its value affects the convergence speed and optimization
effect of the FA. γij is the Euclidean distance between fireflies, and the formula is

rij =
∥∥xi − xj

∥∥ =

√√√√ 4

∑
k=1

(
xi,k − xj,k

)2
(26)

For each firefly i, if there exists a brighter firefly j (i.e., Ij > Ii), then i moves towards
j, and the formula is

xnew
i = xi + βij · (xj − xi) + θ · εi (27)

where θ is a random step size factor (usually decreasing with iteration), εi is a random per‑
turbation vector, and its components are taken from the uniform distribution [−0.5, 0.5].

In the traditional FA, there are problems such as being prone to falling into local op‑
tima, along with slight deficiencies in convergence accuracy and convergence speed. To
address these issues, this paper adopts three strategies to improve the FA.

• Population initialization based on chaotic optimization strategy

Chaotic motion exhibits characteristics such as randomness, ergodicity, and initial
value sensitivity, which can be effectively utilized. In a specific implementation, the vari‑
ables to be optimized are first mapped to the value range of chaotic variables according
to chaotic mapping rules, and then the generated chaotic sequences are converted to the
search space of the objective function through linear transformation.

Among various chaotic sequence models, the ergodic performance of sequences gen‑
erated by the logical self‑mapping function is better than that of the traditional Logistic
mapping. Therefore, the logical self‑mapping function is selected in this study to generate
the required chaotic sequences, as shown in Equation (28):

y(n+1),d = 1 − 2 ∗ y2
n,d, yn,d ∈ (−1, 1), n = 0, 1, · · · (28)

Here, to prevent the chaotic sequence from being all 1 or 0.5, the initial values cannot
be 0 or 0.5, and d represents the d‑th dimension of the D‑dimensional search space.

• Evolutionary computation model based on inertia weight

To enhance the local and global search performance of the algorithm, an inertiaweight
parameter is introduced. Meanwhile, the guiding role of the optimal individual in the
population for other individuals is strengthened. The improved position update is given
in Equation (29):

xj(t + 1) = ω(t)× xj(t) + βij(rij)(xi(t))+
a(rand − 1/2) + ω(t)× rand × (xbest(t)− xj(t))

(29)

In the formula, ω(t)× xj(t) represents the influence of a firefly individual’s position
in the previous iteration on its current position. ω(t)× rand× (xbest(t)− xj(t)) denotes the
traction effect provided by the optimal individual of the population in the current iteration
on other individuals in the population; it is used to control the degree of influence of the
current optimal population individual on other individuals aswell as the inheritance of the
current individual from previous‑generation individuals. Tomake full use of the objective
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function information, enhance the guidance of the search direction, and further improve
the individual movement speed, a new adaptive inertia weight is proposed. Its calculation
formula is shown in Equation (30):

ω(t) = e
−| 1

( f (xbest(t))−M( f ))2+( fi(t−1)− fi(t−2))2
|

(30)

In the formula, f (xbest(t)) is the global optimal value at the t‑th iteration. fi(t− 1) and
fi(t − 2) represent the values of firefly i at the t − 1‑th and t − 2‑th iterations, respectively.
M( f ) = 1

n ∑n
i=1 f (xi(t)) is the average value of the population objective function at the t‑th

iteration.

• Population mutation operation based on the Gaussian distribution

A typical manifestation of the population falling into local optima in the FA is the stag‑
nation of the evolutionary process, which is specifically reflected in the fact that the optimal
value of the population does not change during multiple consecutive generations of itera‑
tion. Based on the experimental results, a judgment criterion is initially set: if the global
optimal value of the population still does not change after six consecutive iterations, the
algorithm can be determined to have entered an evolutionary stagnation state, i.e., trapped
in the region of local optimal solutions.

To help the firefly population break free from the constraints of local optimal values,
a Gaussian distribution is introduced in this study to perform mutation processing on the
population. Gaussian probability distribution is widely used in the engineering field and
plays a positive role in improving the efficiency of engineering optimization designs. The
probability density function of the Gaussian distribution is shown in Equation (31).

f (x) =
1√
2πσ

e−
(x−µ)2

2σ2 ,−∞ < x < +∞ (31)

Here, σ is the variance of the Gaussian distribution, and µ is the expectation.
All firefly individuals in the population are sorted by the value of the objective func‑

tion. The top 10% × n optimal fireflies are used to replace and update the state of the last
10% × n fireflies in the ranking. Meanwhile, Gaussian mutation is applied to the state of
the updated firefly group, and the mutation formula is shown in Equation (32).

xi = xi × (1 + N(0, 1)) (32)

Here, N(0, 1) is a random vector, and it follows a Gaussian distribution with a mean
of 0 and a variance of 1.

In summary, as shown in Figure 6, based on the standard FA, this study introduces the
chaotic optimization strategy, inertia weight, Gaussian mutation, and other components
into the FA, and proposes an improved evolutionary model and a chaos‑optimized FA
for the presetting of flue gas oxygen content. The execution process of this algorithm is
described as follows:

Step 1: Parameter initialization according to Equation (28). Initialize parameters, in‑
cluding the number of fireflies, problem dimension, light absorption coefficient, initial
value of step factor, maximum attractiveness factor, maximum number of iterations, and
search accuracy.

Step 2: Population initialization. Generate initial solutions using chaotic sequences,
map them to the solution space of the FA, and determine the positions of the
initial population.
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Step 3: Fitness evaluation and ranking. Calculate the objective function value
(i.e., fluorescence brightness) of each firefly using Equation (24), sort the fireflies by fitness,
and record the current optimal solution and its position.

Step 4: Determination of firefly movement direction. Calculate the distance between
individuals and relative fluorescence brightness using Equation (25), and compare the
brightness of neighboring fireflies to determine the movement direction.

Step 5: Position update. Calculate the individual attractiveness using Equation (26),
and update the spatial coordinates of fireflies combined with the dynamic inertia weight
adjustment strategy.

Step 6: Population optimization and mutation. Update the step size using
Equations (29) and (30), re‑evaluate the fitness, and record the optimal solution. If no im‑
provement is achieved after six consecutive iterations, replace the worst individual with
the optimal individual and perform Gaussian mutation on the new population.

Step 7: Termination condition judgment. If the accuracy requirement is met or the
maximum number of iterations is reached, terminate the algorithm; otherwise, return to
Step 3 to continue optimization.

Step 8: Result output. Output the optimal solution and complete the calculation.

Start

Parameter initialization

Chaotic sequences generate 
populations

Calculate the brightness and 
sort

Update position and step 
size

Whether update 
stagnation

Replace the worst individual and 
perform Gaussian variation

Record the optimal objective function 
value of the population

And the optimal individual position
bestf

( )bestx t

Meet the search accuracy or reach 
the maximum number of iterations

Yes

No

Output result

End

Yes
No

Figure 6. Flowchart of improved firefly optimization algorithm.
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3.2.3. Feedforward Compensator and Feedback Compensator

The prediction compensator derives the prediction compensation value of the control
variable U f based on the prediction deviation between the predicted value e f of the flue
gas oxygen content and the target value, so as to control the prediction deviation in the
flue gas oxygen content within an allowable range. The specific algorithms are as follows:

U f (n) = Kfpe f (n) + Kfi

n

∑
k=1

e f (k) (33)

e f (i) = O∗ − Ô(i) (34)

In the formula, U f (n) represents the predictive compensation quantity after PI adjust‑
ment. The relevant control quantities are adjusted according to the predictive compensa‑
tion quantity U f of the control variable. K f p and K f i denote the proportional and integral
parameters under the current operating conditions, respectively, which are optimized by
the IFA.

Through PI control adjustment, the deviation is kept within a certain range∣∣∣e f (n)
∣∣∣ < σf . Based on the current operating conditions (feeding rate and grate speed),

the predictive compensation quantities of primary air volume and secondary air volume
are obtained.

The feedback compensator adopts the variable PI iterative learning method based on
the IFA, as shown in Formula (28). According to the feedback deviation eb between the
measured oxygen content in the flue gas during the solid waste incineration process and
the target value, the feedback compensation value Ub of the control variable is obtained.

Ub(i) = KbPeb(i) + Kbi

i

∑
h=1

eb(h) (35)

eb(i) = O∗ − Om(i) (36)

In the formula, the feedback deviation eb is the deviation between themeasured value
Om(i) of the flue gas oxygen content and the target valueO∗ of the flue gas oxygen content.
The variable Ub(n + 1) represents the feedback compensation value of the manipulated
variable after n times of PI iterative learning. Here, Kbp and Kbi denote the proportional
gain and integral time constant, respectively, which are optimized and determined by the
IFA according to the current operating conditions (feeder speed, grate speed).

Under the IFA, the optimization task of PI parameters can be analogous to food source
searching behavior. In this analogy, the optimal potential values of PI parameters corre‑
spond to the positions of food sources, while the firefly population symbolizes the po‑
tential solution set of the problem. The exploration and foraging behaviors of fireflies
within the search space essentially represent the algorithm’s pursuit process for the op‑
timal PI parameters. To achieve a high degree of agreement between the predicted value
and target value of the flue gas oxygen content, the feedforward fitness function is set as
Equation (37), and the feedback fitness function is set as Equation (38).

E f =

√
(O∗ − Ô(i))2 (37)

In the formula, Ô(i) is the predicted value of the flue gas oxygen content corre‑
sponding to the updated manipulated variables. O∗ is the target value of the flue gas
oxygen content.

Eb =

√
(O∗ − Om(i))

2 (38)
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In the formula, O∗ represents the target value of oxygen content in the flue gas;
Om(i) is the measured value of the oxygen content in the flue gas when updating the
operation variable.

Table 1 is the IFA optimization algorithm corresponds to the PI parameter optimiza‑
tion problem. The IFA is adopted to optimize and determine the PI parameters, and this
process is based on the PI parameter determination module constructed by the IFA. The
module compares the predicted value Ô(i) of the flue gas oxygen content with the target
valueO∗ to obtain the prediction deviation e f . To obtain the PI parameter combination that
meets the requirements of current operating conditions, steps such as parameter initial‑
ization, initial population evaluation, iterative optimization, and optimal solution output
need to be performed.

Table 1.The IFA optimization algorithm corresponds to the PI parameter optimization problem.

Firefly Optimization Behavior PI parameter Optimization Problem

Firefly swarm The feasible parameter set of PI
The location of fireflies PI parameters: proportional coefficient, integral coefficient

The attraction process of fireflies Search for the optimal solution

3.2.4. Implementation Process of Stable Hybrid Intelligent Closed‑Loop Control Method

The flowchart of the hybrid intelligent control method for flue gas oxygen content
is shown in Figure 7. In summary, the flue gas oxygen content control combines flue gas
oxygen content prediction, flue gas oxygen content presetting, flue gas oxygen content pre‑
diction compensator, feedback compensator, IFA, and PI control algorithm. The proposed
flue gas oxygen content control can be summarized by the following formula:

UFYF = U0 + UbFYF + U f FYF (39)

UFEF = U0 + UbFEF + U f FEF (40)

In the formula: UFYF UFEF , respectively, represent the air volume of primary air and
secondary air. U0 is the reference set value output by the preset module. UbFYF UbFEF rep‑
resents its corresponding forecast compensation value. U f FYF U f FEF is its corresponding
feedback compensation value. The specific algorithm steps are summarized as follows:

Step 1: Input the target value of flue gas oxygen content and current operating con‑
ditions into the preset model. Based on the content in Section 3.2.2, calculate the preset
values of the operating variables that can meet the target value of flue gas oxygen content
under current operating conditions using the IFA.

Step 2: Input the initial operating variable set values and current operating conditions
into the prediction model. Using the content in Section 3.2.1, obtain the initial predicted
value of the flue gas oxygen content under current operating conditions through the IWOA‑
XGBoost‑based prediction module.

Step 3: Send the initial operating variable set values to the automatic control system.
The automatic control system controls operating variables such as primary air flow and sec‑
ondary air flow of the municipal solid waste incineration system according to the current
operating variable set values, and obtains the measured value of flue gas oxygen content.

Step 4: Compare the initial predicted value of the flue gas oxygen content with the
target value. Send the prediction deviation obtained according to Formula (23) to the pre‑
diction compensator, and obtain the prediction compensation operation amount through
the prediction compensator based on the content in Section 3.2.3.
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Step 5: Compare the measured value of the flue gas oxygen content with the target
value. Send the feedback deviation obtained according to the feedback compensator, and
obtain the feedback compensation operation amount through the feedback compensator.

Step 6: Send the total operating variable value, which is the sum of the initial oper‑
ating variable set values, feedback compensation operation amount, and prediction com‑
pensation operation amount to the prediction model and automatic control system. The
predicted value and measured value obtained using the content in Section 3.2.1 are cor‑
rected again through the prediction compensator and feedback compensator, and finally
a stable total operating variable is obtained.

Step 7: Meanwhile, the predicted value obtained by the prediction model each time
is compared with the measured value. The deviation part enables the prediction model to
perform self‑learning through the gradient descent algorithm, so that the predictionmodel
can find the predicted value more consistent with the measured value within a shorter
number of iterations.

Start

The current target value is sent into 
the preset model to obtain the 

operation values of primary air flow 
and secondary air flow

The current control quantity is input 
into the flue gas oxygen content 
prediction model to obtain the 

prediction value
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Figure 7. Implementation flowchart of hybrid intelligent closed‑loop control.
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4. Case Analysis and Experimental Research
4.1. Description of Experimental Data

The operating environment of the experimental platform in this paper isWindows 11,
with anAMD (R) RYZEN (TM)‑7945HXprocessor and 16GB ofmemory. MATLABR2021a
software is used for programming to realize model training and prediction.

The experimental investigation was conducted at an MSWI plant, located in Beijing,
China. This facility is one of the city’s key waste‑to‑energy demonstration projects. The
plant has a designed capacity of 2 × 600 t/day of MSW and is equipped with 2 × 12 MW
steam turbine generator units. It operates under strict national emission and monitoring
standards, providing a stable and representative platform for real‑world combustion con‑
trol research. As shown in Figure 8, the original industrial data used in this experiment
were obtained with a 1 s sample period which is equipped with a safety isolation acqui‑
sition device. DCSs with closed characteristics are strictly limited in their ability to con‑
nect with external devices for data collection and algorithm testing. As a result, we have
designed a data acquisition system with a security isolation mechanism, which achieves
absolute physical separation between the internal DCS and the external data acquisition
system through a unidirectional optical fiber. Data collectionwas conducted using an edge
verification platform at an MSWI power plant.

(1) Data Source and Measurement System

 

Figure 8. Structure of edge verification platform of MSWI power plant in Beijing.

All operational data used in this study were obtained directly from the plant’s Dis‑
tributed Control System (DCS) during normal incineration operation. The system contin‑
uously records key process parameters, including flue gas oxygen content, furnace tem‑
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perature, and the primary and secondary air flow rates. To ensure measurement precision
and repeatability, the following industrial‑grade instruments were used and maintained
under regular calibration protocols:

¬ Flue gas oxygen content: zirconia‑type oxygen analyzer (accuracy ± 0.1%), as
shown in Figure 9.

Figure 9.Zirconia‑type oxygen analyzer.

­ Air flow: vortex flowmeter (accuracy ± 0.5%), as shown in Figure 10.

Figure 10.Vortex flowmeter.

® Furnace temperature: K‑type thermocouple (accuracy ± 1 ◦C), as shown in
Figure 11.

All sensors and transmitters conform to national metrological standards and are in‑
spected periodically by certifiedmaintenance engineers. The DCS automatically logs oper‑
ating data at a sampling period of 1 s, providing high‑frequency temporal resolution that
enables accurate analysis of transient combustion dynamics and control responses.

(2) Data Collection Period and Rationale

The dataset covers 18,000 pieces of historical data from different time periods in
September 2022 to Match 2023, as shown in Table 2, which represents a stable operating
period with consistent waste feed quality, no scheduled maintenance shutdowns, and no
external disturbances. At present, the plant primarily operates under manual interven‑
tion mode, leading to highly uniform daily operating conditions. Therefore, selecting this
one‑month dataset ensures internal consistency and reliability, minimizing the influence of
random operational variability. This periodwas chosen deliberately to provide a clear and
controlled environment for evaluating the dynamic performance of the proposed hybrid
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intelligent control algorithm. Future research will extend the dataset to multiple months
and include different operational modes (e.g., automatic control) to further verify long‑
term adaptability and robustness.

 

Figure 11.K‑type thermocouple.

Table 2.Operation data collected from a solid waste incineration plant in Beijing.

Sample Feeder Speed Grate Speed Primary Air
Volume

Second Air
Volume

Oxygen Content
in G1 Flue Gas

1 8.63 8.72 0.019,34 0.085,40 6.504,78
2 8.42 8.56 0.019,28 0.112,96 6.587,01
3 8.57 8.34 0.019,16 0.173,60 6.360,22
︙ ︙ ︙ ︙ ︙ ︙

17,999 9.03 8.77 0.018,55 9.571,27 7.535,53
18,000 9.08 8.57 0.018,49 9.598,88 7.645,50

4.2. Parameter Configuration

Before using the IWOA‑XGBoost flue gas oxygen content predictionmodel for predic‑
tion, the parameters of themodel need to be set as shown in Table 3. The parameter settings
in IWOA include the number of whales: n = 20, the search range of whales: −5 to 5, and
the maximum number of iterations: MCN = 1000. The iterative model of XGBoost is set
as Gbtree, and the parameters of XGBoost are obtained through optimization using the
IWOA. Table 3 also shows the parameters of the flue gas oxygen content prediction model
optimized by the IWOA.
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Table 3. Parameter configuration of the MSWI flue gas oxygen content prediction model based on
IWOA‑XGBoost.

Parameter Settings of IWOA Parameter Settings of XGBoost

The number of whales n = 20 Iterative model Gbtree
Search scope −5~5 The range of gamma values 0~20

Maximum number of iterations MCN = 1000 The range of values for max_depth 3~10

Determination of parameters for the control variable preset model, prediction com‑
pensation model, and feedback compensation model of flue gas oxygen content: These
parameters refer to those in the performance indicators of the feedback and prediction
compensation models. By combining on‑site operating conditions with expert experience,
the parameters of the IFA are obtained, as listed in Table 4: the search range of fireflies is
0.1–10; the maximum number of iterations is T = 1000; the maximum attraction is β = 0.3;
the light intensity absorption coefficient is γ = 0.1; and the step size factor is θ = 0.1.
The parameters of the preset model, feedback, and forecast compensator are optimized by
using the IFA.

Table 4. Improve the parameter settings of the firefly optimization algorithm.

Population
of Fireflies

The Search Range
of Fireflies

Maximum Number
of Iterations

Maximum
Attraction

Light Intensity
Absorption Coefficient

Step Size
Factor

20 0.1~10 1000 0.3 0.01 0.5

4.3. Results and Analysis

Figure 12 shows the comparison of the prediction deviation in the proposed flue gas
oxygen content predictionmodel with those of theWOA‑XGBoost and PSO‑XGBoostmod‑
els. To further illustrate the superiority of the IWOA‑XGBoost model, we can analyze spe‑
cific data points: When time is around 150 s, the predicted value of PSO‑XGBoost drops to
about 7.20%, while the measured value is around 7.38%, with a deviation of about 0.18%.
TheWOA‑XGBoostmodel has a value of about 7.25% at this time, with a deviation of about
0.13%. In contrast, the IWOA‑XGBoost model maintains a value close to 7.35%, and the
deviation from the measured value (about 7.38%) is only about 0.03%.
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Figure 12.Comparison of forecast results among different models.
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Another example is at 300 s. The PSO‑XGBoost predicted value is about 7.28%, the
WOA‑XGBoost is about 7.32%, and the IWOA‑XGBoost is around 7.36. The measured
value at this moment is about 7.37, so the deviation in IWOA‑XGBoost is about 0.01%,
which is much smaller than the deviations of PSO‑XGBoost (about 0.09%) and WOA‑
XGBoost (about 0.05%).

By calculating the root‑mean‑square error (RMSE) of eachmodel throughout the time
period, the RMSE of PSO‑XGBoost is found to be around 0.08, that of WOA‑XGBoost is
about 0.05, and that of IWOA‑XGBoost is only about 0.02. These specific data fully demon‑
strate that the IWOA‑XGBoost model has higher prediction accuracy and is closer to the
measured values comparedwith theWOA‑XGBoost and PSO‑XGBoost models, thus prov‑
ing the feasibility and accuracy of the IWOA‑XGBoost model in predicting flue gas oxy‑
gen content.

To verify the degree to which the established prediction model approximates the real
process, the autocorrelation function testmethod is adopted to test the proposedprediction
model. Figure 13 shows the autocorrelation function of the normalized deviation between
the flue gas oxygen content calculated by the prediction model proposed in this paper and
the measured flue gas oxygen content.

Figure 13.Autocorrelation distribution map of oxygen content deviation in flue gas.

It can be seen from the figure that the autocorrelation coefficients of the deviation
sequence between the predicted flue gas oxygen content and the measured flue gas oxy‑
gen content basically fall within the confidence interval. Therefore, the residual sequence
can be considered a white noise sequence, which further proves that the flue gas oxygen
content prediction model is close to the actual process in terms of flue gas oxygen con‑
tent calculation.

Figures 14 and 15 depict the iterative optimization processes of the proportional (P)
and integral (I) parameters for the feedback compensation model and the predictive com‑
pensation model of flue gas oxygen content control variables, respectively, using the im‑
proved firefly algorithm (IFA).



Processes 2025, 13, 3528 25 of 32

Figure 14.The PI parameter optimization diagram of the feedback compensator.

Figure 15.The PI parameter optimization diagram of the forecast compensator.

In Figure 14, for the feedback compensation model: Kbp parameter shows a continu‑
ous upward trend in the early stage of iteration, gradually stabilizing as the number of iter‑
ations increases, finally approaching an optimal value of around 0.515. The Kbi parameter
initially remains relatively stable but then rises and stabilizes at approximately 0.255 after
about 20 iterations. This indicates that IFA effectively searches for the optimal P and I
parameter combination for the feedback compensation model, with the curves’ variations
becoming gradual and stable after 30 iterations, suggesting that the algorithm converges
to a global optimal solution for the feedback compensation model’s PI parameters.

In Figure 15, for the forecast compensation model, the K f p parameter first rises, then
experiences a slight drop before stabilizing at around 0.531. The K f i parameter shows a
decreasing trend initially and then stabilizes at about 0.216. Similarly, after 30 iterations,
the curve changes stabilize, demonstrating that IFA successfully finds the optimal PI pa‑
rameter combination for the predictive compensation model as well.

Overall, these two figures illustrate that the IFA can efficiently explore and converge
to the optimal P and I parameter combinations for both the feedback and forecast com‑
pensation models. After 30 iterations, the parameter curves stabilize, indicating that the
algorithm has found the global optimal solutions. The final PI parameter combination for
the forecast compensator is K f p = 0.531, K f i = 0.216 and Kbp = 0.515, Kbi = 0.255 for the
feedback compensator.

To clarify the effect of the hybrid closed‑loop control, this experiment conducted a
comparative test on the control of oxygen content in flue gas, as follows:
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In this experiment, the flue gas oxygen content predictionmodel based on IWOAwas
tested and verified to have a prediction deviation range of ±0.2%.

As can be seen from Figure 16, when only the set control model is adopted and the tar‑
get value is changed at 700 s, the overshoot of the oxygen content deviating from the target
value is greater than 3%, and the adjustment time is greater than 200 s. This indicates that
the single‑setting controlmodel has limited timeliness and accuracy in deviation correction
when dealing with dynamic disturbances, and it is necessary to combine a compensation
mechanism to improve the performance of dynamic control.
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Figure 16.Control effect diagram based on the set control model.

After introducing the forecast compensation based on the forecast model, the experi‑
mental results are shown in Figure 17. Except for the deviation at 700 s due to the sudden
change in the target value, the range of oxygen content deviation from the target value in
other periods was stable within ±0.2%, which was in line with the deviation range of the
forecast model.

0 500 1000
6.0

6.5

7.0

7.5

8.0

8.5

9.0

Fl
ue

 g
as

 o
xy

ge
n 

co
nt

en
t（

%
）

time（s）

 Target value
 Based on set control model and forecast  compensation

Figure 17.Control effect diagram based on set control model and forecast compensation.
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The control effects of three flue gas oxygen content control methods are shown in
Figure 18. It can be seen from the figure that under the control of the setting controlmethod
proposed in this paper, the flue gas oxygen content stabilizes at 7.78%. The MPC‑based
flue gas oxygen content control method maintains the flue gas oxygen content at 7.75%.
The setting control method used in the solid waste incineration plant controls the flue gas
oxygen content at 7.85%.
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Figure 18. Effect diagram of oxygen content control in flue gas.

The analysis of the above experimental results is presented in Table 5, which analyzes
the control performance indicators of the three control methods. For the PID‑based control
method, the overshoot is 2.73%, the relative error is 1.127%, and the adjustment time is 100 s.
The overshoot of the control method proposed in this paper is 1.53%, its relative error is
−0.094%, and its system adjustment time is 90 s. For the MPC‑based control method, the
overshoot is 2.1%, the relative error is −0.529%, and the adjustment time is 150 s. Under
the control of the domestic solid waste plant, the overshoot is 2.35%, the relative error is
0.835%, and the adjustment time is 180 s.

Table 5.Analysis of the control performance indicators of three control methods.

Method Adjust the Time Amount of Overshoot Relative Error

The control method of this article 90 1.53% −0.094%
Based on the MPC method 100 2.1% −0.529%

Control methods for a certain
solid waste incineration plant 140 2.35% 0.835%

Based on the PID control method 150 2.73% 1.127%

It can be seen that although all three control methods can meet the control target, the
setting control method proposed in this paper has the smallest overshoot and the short‑
est adjustment time by comparison. In contrast, the control method of the domestic solid
waste plant has the largest overshoot and the longest adjustment time. These results in‑
dicate that the hybrid intelligent setting control method for flue gas oxygen content pro‑
posed in this paper can quickly control the flue gas oxygen content to reach the control
target when operating conditions change. Compared with the other two control methods,
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the proposed method can adapt to variable operating conditions with stronger control ca‑
pability and better anti‑interference ability.

Despite its significant control effects, the method has certain limitations. The per‑
formance of the control system depends on accurate state measurement and prediction
models. However, in some incineration plants in developing countries, sensor accuracy
and data collection frequency may not fully meet the requirements. Additionally, factors
such as changes in waste composition and fluctuations in moisture content may affect sys‑
tem stability and control effectiveness. In the future, advanced algorithms such as deep
learning and reinforcement learning can be introduced to further enhance the system’s
adaptability and prediction accuracy. Meanwhile, strengthening the integration of multi‑
source data and intelligent transformation will provide stronger technical support for the
optimization and sustainable development of the solid waste incineration process.

5. Conclusions
This study proposed a hybrid intelligent closed‑loop control method integrating feed‑

forward and feedback mechanisms for precise regulation of flue gas oxygen content in
municipal solid waste incineration (MSWI) systems. By combining modeling and control
technologies, the proposed approach effectively distinguishes betweenmeasurable andun‑
measurable disturbances. The preset manipulated variable model provides a benchmark
for control operations, while the feedforward compensation model proactively corrects
the primary and secondary air volumes according to measurable disturbances. Simultane‑
ously, the feedback compensation mechanism dynamically adjusts for unmeasurable dis‑
turbances based on real‑time oxygen deviation, maintaining combustion stability under
complex and varying conditions.

Experimental validation using real operational data from a 600 t/d MSWI plant con‑
firmed that the proposed hybrid controlmethod substantially enhances combustion perfor‑
mance. Compared with conventional PID and standalone fuzzy control methods, the pro‑
posed system achieved a 34.9% reduction in overshoot, 50% faster response time, and an
over 80% improvement in steady‑state control accuracy of flue gas oxygen content. These
quantitative results demonstrate that integrating the firefly algorithm (FA) and whale opti‑
mization algorithm (WOA) enables adaptive parameter optimization in real time, leading
to superior robustness, precision, and stability in large‑scale waste‑to‑energy applications.

While the results are promising, the study acknowledges that the effectiveness of the
proposed method relies on accurate state measurement and reliable prediction models. In
practical scenarios—especially in developing regions where sensor precision and data ac‑
quisition frequency may be limited—system performance could be affected. Future work
will, therefore, focus on developing calibration and redundancy mechanisms to mitigate
sensor‑related limitations, and on incorporating multi‑source data fusion to enhance the
resilience and sustainability of the control system.

Furthermore, future researchwill focus on exploring deep learning and reinforcement
learning techniques to further improve prediction accuracy and system adaptability. By
integrating these cutting‑edge approacheswith intelligent transformation frameworks, the
hybrid control strategy can evolve toward a more autonomous, adaptive, and sustainable
intelligent control system suitable for real‑world industrial environments.
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Abbreviations
The following abbreviations are used in this manuscript:

MSW Municipal Solid Waste
MSWI MSW Incineration
ACC Automation Combustion Control
PID Proportional–Integral–Derivative
MPC Model Predictive Control
WOA Whale Optimization Algorithm
IWOA Improved Whale Optimization Algorithm
XGBoost eXtreme Gradient Boosting
FA Firefly Algorithm
IFA Improved Firefly Algorithm
PI Proportional–Integral
.

mO2 Consume oxygen mass flow per unit time
.

m f uel Mass flow rate of refuse entering furnace per unit time
a Fuel stoichiometry (molar ratio of oxygen to organic matter)
M f uel Molecular weight of fuel consumed through mass balance and oxygen
u1 Input the air flow rate once
u2 Input the secondary air flow rate
Ω1 Input the working conditions and feeding speed
Ω2 Input the working condition and grate speed
y(t) Oxygen content in flue gas
O∗ Ideal oxygen content target value
ŷ(t) Forecast value of oxygen content in flue gas
U0 Benchmark operation volume
e f (t) Forecast compensation deviation
U f (t) Forecast compensation value
Ub(t) Feedback compensation value
eb(t) Feedback compensation deviation
S Stable Interval
ε The maximum tolerated deviation
τd Time constant
D Maximum decision tree depth
λ Learning rate
φ Regularization coefficient
T Leaf nodes
wj Leaf weights
t Current number of iterations
X(t) Position vector of the current search candidate solution
X∗(t) Position vector of the current optimal search candidate solution
A Coefficient matrix
C Coefficient matrix
r1 Random vector
r2 Random vector
b Constants that determine the shape of the spiral path
Xrand(t) Randomly search for the position vectors of candidate solutions
w̃i,j Reconstruct the j‑dimensional vector of solution wi
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lbj =

min(wi,j)
The boundary of the population space

ubj =

min(wi,j)
The boundary of the population space

p Probability value
v Degree of freedom
Γ(•) gamma function
max_iteration Maximum number of iterations
N Sample size
xbest The current best whale
FAi Position of each firefly i

µ
(i)
k Range of parameters that need to be constrained

Ii Brightness
β The greatest attraction
β0 The attraction of fireflies at the light source (γ = 0)
γ Light intensity absorption coefficient
γij Euclidean distance between fireflies
θ Random step size factor
εi Random perturbation vector

ω(t)× xj(t)
The influence of the previous iteration position of a firefly individual on its
current position

ω(t)× rand ×
(xbest(t)−
xj(t))

The traction effect provided by the optimal individual of the current iteration
population on the individuals within the population

f (xbest(t)) The global optimal value of the TTH iteration
fi(t − 1) The value of the t − 1‑th iteration of Firefly i
fi(t − 2) The value of the t − 2‑th iteration of Firefly i
M( f ) =
1
n ∑n

i=1 f (xi(t))
The average value of the population objective function in the t‑th iteration

σ The variance of the Gaussian distribution
µ Expectation
Kbp Proportional gain
Kbi Integral time constant
K f p Proportional gain
K f i Integral time constant
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