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 A B S T R A C T

As the largest energy-consuming and carbon-emitting facility in the iron and steel industry, blast furnace 
needs to dynamically adjust its operating parameters according to the production conditions to minimize 
energy consumption and carbon emissions. Most of the previous studies focus only on the static operation 
optimization of blast furnace, which does not allow for the timely updating of operating parameters and the 
effective reduction of carbon emissions and production costs. Therefore, in this paper, a dynamic multiobjective 
operation optimization model for blast furnace, which integrates the identification approach of production 
condition variations, is developed and a tensor-based dynamic multiobjective evolutionary algorithm (T-
DCMOEA/D) is devised to achieve cleaner production and lower cost of ironmaking process. The computational 
results based on real-world blast furnace operation optimization problems demonstrate that the proposed 
model and algorithm can effectively address the dynamic variations in the actual blast furnace production, 
which ensures that the blast furnace always operates in an optimized state. Furthermore, it is shown that 
our T-DCMOEA/D significantly outperforms some of the state-of-the-art dynamic multiobjective evolutionary 
algorithms in the literature, with regard to faster convergence, higher adaptivity, and better performance.
1. Introduction

Ironmaking process in a blast furnace plays a vital role in industrial 
production, accounting for the highest energy consumption and carbon 
emissions in the iron and steel industry [1]. The operational process 
of a blast furnace is illustrated in Fig.  1. During production, iron ore 
and coke are firstly loaded into the furnace from the top, forming 
layers of materials. Simultaneously, hot air, oxygen-enriched air, and 
pulverized coal are injected into the furnace through tuyeres located 
around the lower region. After continuous heating, reduction, melting 
and decarburization to form pig iron, the impurities in the iron ore 
are combined with the added flux to form slag. Finally, the pig iron 
is discharged and loaded into the molten iron tank, slag is discharged 
from the slag outlet, and blast furnace gas is exported from the top 
of the furnace [2]. This process is a very complex nonlinear dynamic 
process with complex physico-chemical coupling [3].

With the global emphasis on energy saving and emission reduc-
tion, blast furnace ironmaking needs to not only maintain smooth 
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operation but also needs to achieve energy conservation and emission 
reduction [4,5]. Numerous control parameters in the blast furnace 
have a significant impact on these objectives. In actual production, the 
control parameters in the blast furnace are usually set according to 
manual experience, which has great operational risks and is difficult 
to realize the energy conservation and emission reduction. Therefore, 
the operation optimization of the blast furnace ironmaking process has 
been a hot and challenging topic in industrial and academic circles [6].

Due to the complexity of the blast furnace ironmaking process, the 
existing research on blast furnace operation optimization is usually 
categorized into three categories: mechanism-based optimization, data-
driven optimization, and mechanism-data fusion-based optimization. In 
the field of mechanism-based optimization, Zhou et al. [7] constructed 
a mathematical model for blast furnace dosing and operation based on 
industrial principles, with cost and carbon emissions as objectives, and 
obtained the resulting solutions by using the NSGA-II algorithm. Zou 
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data mining, AI training, and similar technologies. 

https://www.elsevier.com/locate/aei
https://www.elsevier.com/locate/aei
https://orcid.org/0000-0001-8132-9446
mailto:zhaoym@stumail.neu.edu.cn
mailto:wangxianpeng@ise.neu.edu.cn
mailto:songxiangman@ise.neu.edu.cn
https://doi.org/10.1016/j.aei.2025.103402
https://doi.org/10.1016/j.aei.2025.103402
http://crossmark.crossref.org/dialog/?doi=10.1016/j.aei.2025.103402&domain=pdf


Y. Zhao et al. Advanced Engineering Informatics 66 (2025) 103402 
Fig. 1. Blast furnace operation process.

et al. [8] considered the various dynamics of the actual allocation 
process in the steel industry and proposed the KPLSEA algorithm to 
deal with this realistic multiobjective optimization problem. Liu et al. 
[9] developed a single-objective blast furnace dosing model and solved 
it with the DHHO-HITS metaheuristic algorithm. In terms of data-
driven operation optimization, Li et al. [10] constructed a data-driven 
model for the burden surface of the blast furnace using an adaptive 
particle swarm-based extreme learning machine and solved the model 
using the differential evolution algorithm.  Zhang et al. [11] used 
deep learning techniques to predict the hot metal temperature in blast 
furnace ironmaking. Mahanta and Chakraborti [12] implemented a 
data-driven approach to construct a blast furnace ironmaking model 
and solved it using the reference vector-guided evolutionary algorithm 
RVEA. Zhu et al. [13] utilized a modified Swin Transformer method 
to detect steel surface defects. Parihar et al. [14] used a large amount 
of data related to blast furnace variables to develop a data-driven 
machine learning model. They employed a genetic algorithm to max-
imize furnace productivity and minimize fuel consumption. In terms 
of mechanism-data fusion-based optimization, Li et al. [4] integrated 
measured data with production principles to construct a burden surface 
model for the blast furnace. A hybrid kinetic model was developed 
by Azadi et al. [15] for the prediction of molten iron silica content and 
slag alkalinity during the blast furnace process. Huang et al. [16] used 
a sequence partitioning method combined with a variable structure 
Bayesian network (VSBN) to model the blast furnace resilience control 
process. Wu et al. [17] proposed a quantitative causal analysis and 
optimization framework to solve the problem of inclusions in steel 
products.

Based on the above analysis, it can be seen that most of the previous 
studies focus only on the static operation optimization of the blast 
furnace ironmaking process. However, in practical production, fluctu-
ations in raw material quality often result in the need for adjusting 
operational parameters 5 to 10 times per hour. Obviously, the actual 
ironmaking production is a typical dynamic process with black-box 
characteristics. When adopting traditional static models, the operator 
has to keep an eye on whether the production environment changes or 
not, and once the production environment changes, the static operation 
optimization method has to be implemented, which is very difficult 
for the operator. Therefore, there are relatively few studies on the 
dynamic operation optimization of blast furnace ironmaking process. 
2 
Although existing dynamic multiobjective optimization algorithms can 
be adopted for this problem, they are too complex to adapt to the 
intricate industrial environment (the analysis of mainstream dynamic 
multiobjective algorithms is provided in Section 3.1). Therefore, this 
paper presents a solution to the dynamic multiobjective operation op-
timization for the blast furnace ironmaking to optimize the production 
cost and carbon emissions. Its superiorities are threefold.

• A dynamic operation optimization model for the blast furnace 
based on data and mechanisms is developed, which differs from 
traditional static models. The model incorporates time-related 
parameters and specific conditional variables, enabling real-time 
adaptation to changes in the production environment.

• A tensor-based dynamic multiobjective optimization algorithm 
(T-DCMOEA/D) is designed to solve this dynamic model, which 
effectively considers key parameter relationships in blast fur-
nace operation optimization, improving operational efficiency 
and stability.

• A dynamic operation optimization framework is constructed, al-
lowing for the dynamic updating of operational variables as pro-
duction condition changes, ensuring the real-time and flexible 
operation optimization of the production process.

The rest of the paper is organized as follows. Section 2 describes 
the methodology for constructing the operation optimization model for 
blast furnace ironmaking process. Section 3 introduces the proposed 
T-DCMOEA/D algorithm in detail. The computational analysis of the 
proposed model and algorithm is performed through a large number of 
experiments in Section 4. Finally, a summary is given in Section 5.

2. Dynamic multiobjective operation optimization model for blast 
furnace ironmaking

In practical production of blast furnace, there are three kinds of 
process parameters: ore conditions (ore grade and type), fuel condi-
tions (quality of coke and pulverized coal injection), and operation 
parameters. Ore conditions and fuel conditions, which can be measured 
directly, generally change dynamically over time and are therefore 
considered as conditional variables. Operation parameters can be dy-
namically adjusted and optimized according to requirements and are 
therefore set as decision variables. In the following subsections, we 
will present the description of variables and then construct the dy-
namic bi-objective operation optimization model of blast furnace to 
simultaneously minimize production cost and carbon emissions.

2.1. Conditional variables and identification of environment changes

Iron and steel enterprises usually use multiple types of ore sources 
in order to reduce raw material costs and control the composition of 
the iron. The type and grade of ore delivered each time cannot be 
fixed, which leads to high fluctuations in the raw material of blast 
furnace ores. Similarly, the quality of the fuel is always fluctuating. 
Therefore, in the blast furnace ironmaking process, condition variables 
(ore and fuel conditions) usually change over time and have important 
implications for the optimization objectives. The conditional variables 
employed in our model are detailed in Table  1.

In practical production, the identification of changes in the produc-
tion environment is very important for dynamic operation optimization 
of blast furnace. If every small change of a conditional variable is 
regarded as an environmental change, it means that the operation 
optimization will be too frequent, which will increase computational 
complexity and lead to blast furnace instability. Therefore, we propose 
a method for identifying environmental changes in the blast furnace 
ironmaking process, whose main idea is to significantly reduce the 
number of environmental changes by merging adjacent similar envi-
ronments (i.e., with small fluctuations in the conditional variables) in 
the ironmaking process into a single environment.
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Fig. 2. Environmental identification approach.
Table 1
Conditional variables.
 Conditional variables Symbol Unit 
 Hematite ore grade 𝑒1 %  
 Lump ore grade 𝑒2 %  
 Sinter ore grade 𝑒3 %  
 Type A pellet ore grade 𝑒4 %  
 Acid sinter ore grade 𝑒5 %  
 Type B pellet ore grade 𝑒6 %  
 Metallurgical coke grade 𝑒7 %  
 Pulverized coal quality 𝑒8 %  
 CaO content of hematite ore 𝑒9 %  
 CaO content of lump ore 𝑒10 %  
 CaO content of sinter ore 𝑒11 %  
 CaO content of type A pellet ore 𝑒12 %  
 CaO content of acid sinter ore 𝑒13 %  
 CaO content of type B pellet ore 𝑒14 %  
 SiO2 content of hematite ore 𝑒15 %  
 SiO2 content of lump ore 𝑒16 %  
 SiO2 content of sinter ore 𝑒17 %  
 SiO2 content of type A pellet ore 𝑒18 %  
 SiO2 content of acid sinter ore 𝑒19 %  
 SiO2 content of type B pellet ore 𝑒20 %  
 Metallurgical coke ash content 𝑒21 %  
 Pulverized coal ash content 𝑒22 %  

The identification approach is shown in Fig.  2. Whenever new ore 
and fuel test data are received, the system first checks whether the ore 
type has changed. If the ore type changes, it is classified as an envi-
ronmental change. If the ore type remains the same, the system further 
analyzes the fluctuation in fuel quality. Specifically, the fluctuation dif-
ference in fuel quality parameters is calculated according to Eq.  (1) (In 
the formula, 𝑒 represents the received fuel quality, and 𝑒 represents the 
average fuel quality under the current environment). If it exceeds the 
threshold of the average fuel quality under the current environment, 
it is also classified as an environmental change. Conversely, if there is 
no significant change, the new data is merged into the current environ-
ment, and statistical parameters (such as the average fuel quality under 
the merged environment) are recalculated based on the merged dataset. 
Once an environmental change is confirmed, the system immediately 
initiates the dynamic multiobjective optimization process to generate 
the optimal control variable combination under the new production 
environment. Taking metallurgical coke quality as an example, Fig. 
3 compares the original environmental change (1525 occurrences) 
with the reconstructed environmental change (84 occurrences) when 
the fuel quality fluctuation threshold is set to 0.1. This significantly 
reduces the optimization frequency while ensuring continuity in the 
blast furnace production process. The adjusted environmental division 
strategy allows the system to respond more efficiently to dynamic pro-
duction conditions. The effectiveness of this strategy will be analyzed 
in Section 4.3.1. 

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =
|𝑒 − 𝑒|

𝑒
(1)
3 
Fig. 3. Comparison of original and reconstructed environment changes based on 
metallurgical coke quality.

Table 2
Operation variables.
 Operation variables Symbol Unit  
 Batch weight of hematite ore 𝑥1 t/h  
 Batch weight of lump ore 𝑥2 t/h  
 Batch weight of sinter ore 𝑥3 t/h  
 Batch weight of type A pellet ore 𝑥4 t/h  
 Batch weight of acid sinter ore 𝑥5 t/h  
 Batch weight of type B pellet ore 𝑥6 t/h  
 Batch weight of coke 𝑥7 t/h  
 Injection rate 𝑥8 t/h  
 Proportion of ore fines with size < 5mm 𝑥9 %  
 Proportion of coke with particle size < 10mm 𝑥10 %  
 Proportion of small coke 𝑥11 %  
 Phase I compaction and dry quenching coke ratio 𝑥12 %  
 Phase I compaction and water quenching coke ratio 𝑥13 %  
 Phase II compaction and dry quenching coke ratio 𝑥14 %  
 Phase II compaction and water quenching coke ratio 𝑥15 %  
 Oxygen enrichment content 𝑥16 m3/h 
 Hot blast temperature 𝑥17 ◦C  
 Air supply volume 𝑥18 m3/h 
 Total tuyere area 𝑥19 m2  

2.2. Operation variables

In actual production, there are many operational variables that 
affect the production cost and carbon emissions of the blast furnace. 
Some of the important variables that operators need to regulate are 
detailed in Table  2, and they are the decision variables used in our 
model to optimize the blast furnace ironmaking process.
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Table 3
Constants.
 Constants Symbol Unit 
 Hematite ore price 𝑐1 ¥/t  
 Lump ore price 𝑐2 ¥/t  
 Sinter ore price 𝑐3 ¥/t  
 Type A pellet ore price 𝑐4 ¥/t  
 Acid sinter ore price 𝑐5 ¥/t  
 Type B pellet ore price 𝑐6 ¥/t  
 Metallurgical coke price 𝑐7 ¥/t  
 Pulverized coal price 𝑐8 ¥/t  

Table 4
Intermediate observed variables.
 Intermediate observed variables Symbol Unit 
 Fe element recovery rate 𝑝1(𝑥, 𝑒) %  
 Fe element content in molten iron 𝑝2(𝑥, 𝑒) %  
 Si element content in molten iron 𝑝3(𝑥, 𝑒) %  
 CaO Recovery Rate 𝑝4(𝑥, 𝑒) %  
 SiO2 Recovery Rate 𝑝5(𝑥, 𝑒) %  
 C element content in molten iron 𝑝6(𝑥, 𝑒) %  

2.3. Constants and intermediate observed variables

The constants used in our model are mainly ore and fuel prices, 
which fluctuate very little over the course of a few days and can 
therefore be considered as constants over the time horizon of the 
dynamic run optimization. The detailed descriptions of these constants 
are given in Table  3. In this article, prices are expressed in Chinese 
Yuan (¥).

To calculate the objective functions and construct process con-
straints, we also need some important intermediate observed variables, 
whose descriptions are shown in Table  4. Since these variables cannot 
be precisely determined by the model, they are obtained from the ran-
dom forest [18] prediction models based on all the decision variables 
(𝑥1, 𝑥2, . . . , 𝑥19) and conditional variables (𝑒1, 𝑒2, . . . , 𝑒22).

2.4. Objective functions

As described in the Introduction section, there are two objectives 
in our model, i.e., production cost and carbon emissions per ton of 
molten iron in each hour. In theory, a reduction in ironmaking costs 
should make production more economical, leading to an increase in 
iron output. However, the reality is more complex. Production capacity 
and market demand can limit iron output. A decrease in iron production 
implies a lower output per unit time, which may indirectly result in 
reduced energy efficiency and higher allocation of fixed costs, among 
other issues. These factors can make production less economical, po-
tentially leading to an increase in carbon emissions per ton of iron. 
According to the statistics in Ref. Liu et al. [19] and the data we have 
collected, a reduction in ironmaking costs is more likely to result in 
higher carbon emissions per ton of iron. Consequently, these two objec-
tives are often in conflict. The two objectives are generally conflicting 
with each other, as a reduction in the cost of ironmaking leads to 
a significant reduction in iron production, which in turn leads to an 
increase in carbon emissions per ton of iron.

Since the predominant costs in blast furnace ironmaking are asso-
ciated with the purchase of fuel and ore, the first objective function, 
i.e., production cost per hour, can be calculated as the costs for ore 
and fuel consumption per hour, as shown in Eq.  (2). 

𝑓1 = 𝑖𝑟𝑜𝑛𝑐𝑜𝑠𝑡 =
8
∑

𝑖=1
𝑐𝑖𝑥𝑖 (2)

With respect to carbon emissions, there are numerous influence 
factors such as process energy consumption, fuel composition, and 
resource efficiency. Without considering the recycling of carbon within 
4 
the process, the amount of carbon dioxide emissions required to pro-
duce one ton of pig iron can be calculated using Eqs.  (3) and (4).

𝑓2 = 𝐶𝑂2𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛 =

(

∑8
𝑖=7 𝑒𝑖𝑥𝑖 − 𝑖𝑟𝑜𝑛𝑜𝑢𝑡𝑝𝑢𝑡 × 𝑝6(𝑥, 𝑒)

)

× 44
12

𝑖𝑟𝑜𝑛𝑜𝑢𝑡𝑝𝑢𝑡
(3)

𝑖𝑟𝑜𝑛𝑜𝑢𝑡𝑝𝑢𝑡 =
6
∑

𝑖=1
𝑒𝑖𝑥𝑖 ×

𝑝1(𝑥, 𝑒)
𝑝2(𝑥, 𝑒)

(4)

where 𝑖𝑟𝑜𝑛𝑜𝑢𝑡𝑝𝑢𝑡 is the molten iron output per hour.
The production cost objective 𝑓1 focuses on fuel and ore expenses 

because these constitute over 80% of the total operational costs in blast 
furnace ironmaking, as reported in industry benchmarks [19]. Mainte-
nance and labor costs are excluded due to their relatively stable nature 
over short-term optimization horizons and their minor contribution 
to dynamic decision-making. Similarly, indirect emissions (e.g., from 
energy production) are omitted because they are governed by external 
energy supply systems and are not directly controllable through blast 
furnace parameter adjustments. This simplification aligns with prior 
studies [7] that prioritize dominant and actionable factors for real-time 
optimization.

2.5. Constraints

In the blast furnace ironmaking process, the content of certain 
crucial elements in hot metal, as well as the composition of slag, are 
important influence factors for the quality of hot metal and the stable 
operation of blast furnace. Therefore, this paper primarily focuses on 
two process constraints: the silicon content in hot metal and the slag 
basicity.

The silicon content in the molten iron is directly proportional to 
the temperature of the molten iron, which can reflect the operating 
condition of the blast furnace. In addition, silicon element can enhance 
the melting point of pig iron, and improve the fluidity of molten iron 
and its casting capabilities. Insufficient silicon content usually results 
in brittle pig iron, which is unfavorable for subsequent processing. 
Timely adjustments of silicon content can be made to avoid production 
fluctuations in the blast furnace and guarantee the quality of molten 
iron [20]. Therefore, it is essential to maintain the silicon content 
(denoted as 𝑝3) within a specific range in molten iron, which can be 
expressed as follows. 
𝑆𝑖−𝑚𝑖𝑛 < 𝑝3 (𝑥, 𝑒) < 𝑆𝑖−𝑚𝑎𝑥 (5)

where the silicon content 𝑝3(𝑥, 𝑒) is obtained from the random forest 
prediction model based on all decision variables and conditional vari-
ables, and 𝑆𝑖−𝑚𝑖𝑛 and 𝑆𝑖−𝑚𝑎𝑥 are the lower and upper bounds for silicon 
content.

Slag basicity is also a very important indicator in the ironmaking 
process, and is expressed as the ratio of basic oxide content to acidic 
oxide content in the blast furnace slag [21]. It directly affects the flow 
properties of the slag and the desulfurization process of pig iron. In 
this study, we calculate the binary basicity 𝑅, whose value exceeding 1 
indicates the basic furnace slag, and it is crucial to maintain it within 
a specific range to ensure the stable operation of the blast furnace. The 
calculation for 𝑅 is defined as Eq.  (6): 
𝑅 =

𝜔𝐶𝑎𝑂

𝜔SiO2

(6)

where 𝜔CaO and 𝜔SiO2
 denote the content of CaO and the SiO2 content 

in the slag, respectively. CaO in the slag mainly comes from the ash in 
the ore and blown coal, while SiO2 in the slag is mainly derived from 
ash in ore, metallurgical coke and pulverized coal. Their calculation 
formulas can be defined in Eqs.  (7) and (8), respectively. 
𝜔𝐶𝑎𝑂 = 𝑝4(𝑥, 𝑒) ⋅

(

𝑒9𝑥1 + 𝑒10𝑥2 + 𝑒11𝑥3 + 𝑒12𝑥4 + 𝑒13𝑥5 + 𝑒14𝑥6
)

(7)

𝜔 = 𝑝 (𝑥, 𝑒) ⋅
(

𝑒 𝑥 + 𝑒 𝑥 + 𝑒 𝑥 + 𝑒 𝑥 + 𝑒 𝑥 + 𝑒 𝑥
)

(8)
SiO2 5 15 1 16 2 17 3 18 4 19 5 20 6
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Based on the above definitions, the constraint for the Slag basicity can 
be defined as follows. 
𝑅𝑚𝑖𝑛 < 𝑅 (𝑥, 𝑒) < 𝑅𝑚𝑎𝑥 (9)

where 𝑅𝑚𝑖𝑛 and 𝑅𝑚𝑎𝑥 represent the lower and upper bounds for the 
binary basicity 𝑅.

3. Strategies for solving optimization models for blast furnace 
operation

3.1. Related work

In recent years, owing to their exceptional performance, evolution-
ary algorithms have been extensively applied to real-world optimiza-
tion problems [5,22]. The development of a blast furnace operation 
optimization model in this paper addresses a dynamic multiobjective 
optimization problem, typically solvable using dynamic multiobjec-
tive evolutionary algorithms. While existing dynamic algorithms have 
demonstrated strong performance on benchmark problems, they en-
counter certain limitations when applied to the model presented in this 
paper. Classic dynamic multiobjective optimization evolutionary algo-
rithms, such as DNSGA-II [23], directly extend static algorithms into 
dynamic scenarios, making it difficult to effectively handle irregular 
environmental changes, particularly in industrial processes. In recent 
years, dynamic multiobjective optimization evolutionary algorithms 
based on prediction strategies have made significant progress, such 
as the DM-DMOEA algorithm proposed by Wang et al. [24], which is 
based on Diffusion Model prediction, and the DMOA-MHKT algorithm 
proposed by Song et al. [25], which relies on Multisource and Hidden 
Source-Based Knowledge Transfer. While these prediction strategies 
improve the performance of the algorithms, they also increase compu-
tational complexity, posing a challenge for complex industrial scenario 
models. Firstly, the environmental changes in the model have no clear 
regularity, which increases the complexity of solving the model. Sec-
ondly, some dynamic algorithms based on transfer learning or machine 
learning exhibit excessively long runtimes [26], posing a hindrance 
to their practical applicability in problem-solving. Thirdly, this paper 
introduces simple dynamic constraint conditions, requiring algorith-
mic adjustments to be made promptly. Fourthly, real-world problems 
typically lack the scale standardization observed in benchmark test 
problems, which necessitates timely adjustments of scales by dynamic 
algorithms to enhance their evolutionary and evaluative performance.

In response to the challenges prevalent in traditional dynamic mul-
tiobjective evolutionary algorithms, this study proposes a Tensor-based 
dynamic multiobjective evolutionary algorithm (T-DCMOEA/D) based 
on the unique characteristics of the model constructed. This algorithm 
operates with the decomposition framework of MOEA/D [27] and em-
ploys tensors to represent the dynamic variations of operation variables 
under different environmental conditions. Using tensor decomposition 
and ARIMA, it achieves predictive generation of initial operation vari-
ables in new environments, thus enhancing the quality of these initial 
operation variables and accelerating the algorithm’s convergence rate 
in new environments.

3.2. Main framework of solving for dynamic blast furnace operation opti-
mization

The strategic framework for the T-DCMOEA/D algorithm in solving 
the blast furnace operation optimization problem is illustrated in Fig. 
4. This framework encompasses three primary modules: the CMOEA/D 
static evolutionary module, the Decomposition-based spatio-temporal 
tensor prediction module, and the Modeling Blast Furnace Ironmaking 
module. The Modeling Blast Furnace Ironmaking module serves as 
the model requiring optimization. Initial environmental parameters are 
fed into this framework, where the CMOEA/D module processes and 
outputs the optimal operating variables for the current environment. 
5 
When an environmental change is detected, the prediction module 
forecasts the initial operating variables for the current environment and 
inputs them into the CMOEA/D module to repeat the previous step. If 
there is no change in the environment, the current operating variables 
are maintained, awaiting any environmental changes.

The pseudocode for the T-DCMOEA/D algorithm is presented in 
Algorithm 1. Initially, random initial operating variables 𝑃𝑂𝑃0, are 
generated based on the initialization parameters (including the number 
of sets of operating variables 𝑁 , the number of operating variables 
per set 𝑉 , the blast furnace operation optimization problem 𝐹 (𝑥, 𝑡), 
constraints 𝐶, weight vectors 𝑊 , and the environmental parameter 
𝑇 = 0). The CMOEA/D algorithm with normalization and constraints 
is used to find the set of operational variables 𝑃𝑂𝑃1 that is closest to 
the optimal operational variables in the first-generation environment 
(Algorithm 1, line 2). The specific methods for normalization and con-
straints will be elaborated on in Sections 3.3 and 3.4. When a change in 
the environment is detected, the environmental parameter 𝑇  is updated 
(Algorithm 1, line 5). A tensor-based approach is employed to generate 
initial operating parameters in the new environment (Algorithm 1, line 
6). This method incorporates a decomposition-based prediction con-
cept, as outlined in Fig.  5. Operating variables for each sub-problem are 
predicted along their respective weight vectors, and then the predicted 
for each sub-problem are merged to form the initial operating variables 
in the new environment. Based on the predicted operational variables, 
the CMOEA/D algorithm processes and outputs the near-optimal set of 
operational variables for the current environment. If the environment 
remains unchanged, the current population of operational variables is 
maintained.

Algorithm 1: Solving for dynamic blast furnace operation opti-
mization
1 Randomly initialize the operation variables 𝑃𝑂𝑃0 and the 

parameters.;
2 𝑃𝑂𝑆1 = CMOEA∕D

(

𝑃𝑂𝑃0, 𝐹 (𝑥, 0) , 𝑁, 𝑉 , 𝐶
) ;

3 while termination criterion is not reached do
4 if environment change then
5 𝑇 = 𝑇 + 1;
6 𝑃𝑂𝑃𝑇 =T-Prediction(𝑃𝑂𝑆𝑎𝑙𝑙);
7 𝑃𝑂𝑆𝑇 = CMOEA∕D

(

𝑃𝑂𝑃𝑇 , 𝐹 (𝑥, 𝑇 ) , 𝑁, 𝑉 , 𝐶
)

;
8 𝑃𝑂𝑆𝑎𝑙𝑙 = 𝑃𝑂𝑆𝑎𝑙𝑙 ∪ 𝑃𝑂𝑆𝑇 ;

Output: 𝑃𝑂𝑆𝑇

9 else
10 Keep the current population 𝑃𝑂𝑆𝑇 ;

3.3. The normalization of dynamic optimization algorithms

In the same context, substantial disparities in the scales of solving 
target carbon emissions and costs can lead to an imbalance in target 
weights. Target normalization proves to be a valuable technique for 
enhancing the consistency of solutions, particularly when the targets 
lack precise scaling [27]. When selecting based on weight vectors, the 
replacement method for normalizing the target variable 𝑓𝑖 is: 

𝑓𝑖 =
𝑓𝑖 − 𝑧𝑚𝑖𝑛𝑖

𝑧𝑚𝑎𝑥𝑖 − 𝑧𝑚𝑖𝑛𝑖
(10)

Where, 𝑧𝑚𝑖𝑛𝑖  functions as the reference point and signifies the minimum 
value among all current operation variables, i.e., 𝑧∗𝑖
= 𝑚𝑖𝑛

{

𝑓𝑖 (𝑥) |𝑥 ∈ 𝑃𝑆
}

. 𝑧𝑛𝑎𝑑𝑖  represents the nadir point in the objective 
space, corresponding to the maximum value among all current opera-
tion variables, i.e., 𝑧𝑛𝑎𝑑𝑖 = 𝑚𝑎𝑥

{

𝑓𝑖 (𝑥) |𝑥 ∈ 𝑃𝑆
}

. This method serves to 
normalize the range of each objective within PFs to the [0, 1] range. 
Consequently, in the algorithm, the scalar optimization problem of the 
Chebyshev method can be replaced by: 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑔𝑡𝑒
(

𝑥|𝑊 , 𝑧𝑚𝑖𝑛𝑖 , 𝑧𝑚𝑎𝑥𝑖

)

= 𝑚𝑎𝑥 {

𝑊𝑖
|

|

𝑓𝑖||
}

(11)
1 < 𝑖 < 𝑚
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Fig. 4. Flowchart of solving for dynamic blast furnace operation optimization.
Fig. 5. Decomposition-based prediction schematic.

Where 𝑊𝑖 is the weight vector in the MOEA/D algorithm. The selection 
strategy of the initial operational variables generator is the same as the 
substitution in MOEA/D.

3.4. Operational variables selection with constraints

The blast furnace operational optimization model formulated in 
this paper is a dynamic multiobjective optimization problem featuring 
dynamic constraints. The inclusion of these supplementary constraints 
not only decelerates the convergence rate for solving the model but also 
amplifies the intricacy of the solution process. To ensure compliance 
with these constraints, the selection of operational variables is guided 
by the method described by Himanshu Jain and his colleagues in 
Ref. Jain and Deb [28].

In blast furnace operation optimization problems, the feasibility of 
the operating variables is crucial. Therefore, the constraint violation 
degree of the objective needs to be calculated to judge whether the 
operating variables are feasible or not. The calculation of constraint 
violation degree for the model proposed in this paper is as follows: 

𝐶 = 𝐶 + 𝐶 (12)
𝑆𝑖 𝑅

6 
𝐶𝑆𝑖 = 𝑚𝑎𝑥
{

𝑝3(𝑥, 𝑒) − 𝑆𝑖𝑚𝑎𝑥,0
}

+ 𝑚𝑎𝑥
{

𝑆𝑖𝑚𝑖𝑛 − 𝑝3(𝑥, 𝑒), 0
}

(13)

𝐶𝑅 = 𝑚𝑎𝑥
{

𝑅(𝑥, 𝑒) − 𝑅𝑚𝑎𝑥, 0
}

+ 𝑚𝑎𝑥
{

𝑅𝑚𝑖𝑛 − 𝑅(𝑥, 𝑒), 0
}

(14)

Where, 𝐶𝑆𝑖 denotes the constraint violation degree for silicon con-
tent in molten iron, while 𝐶𝑅 signifies the constraint violation degree 
related to slag basicity. An operation variable is considered feasible 
when the total constraint violation, designated as 𝐶, equals zero. In the 
event of a comparison between a feasible and an infeasible operation 
variable, the feasible variable is favored. When two feasible operation 
variables are in competition, the one with the lower objective value 
prevails. When comparing two infeasible operation variables, the one 
that approaches feasibility more closely (i.e., exhibits a lower constraint 
violation degree) takes precedence.

3.5. Tensor-based initial operating variable generation method

Firstly, we employ a three-dimensional spatiotemporal tensor 𝜒 ∈
𝑅𝑁×𝑉 ×𝑇  to depict the distribution of operational variables across all 
environments (Algorithm 2, Line 1). Here, 𝑁 represents the number of 
sets of operational variables generated in each environment, 𝑉  denotes 
the count of variables within each set, and 𝑇  represents the number 
of changes in environmental conditions, increasing with environmental 
shifts. For this third-order spacetime tensor, two directions of slicing 
are used in this paper. As illustrated in Fig.  6, the slice obtained by 
cutting along the sets of operational variables dimension is denoted 
as 𝜒𝑛∶∶, representing the information of the 𝑛th set of operational 
variables across all environments. Cutting along the environmental 
change number dimension results in 𝜒∶∶𝑡, representing the distribution 
of all operational variables under the 𝑡th environmental condition. 
Similarly, each slice, when cut along different dimensions, can yield 
two directional fibers. For example, 𝜒𝑛∶𝑡 represents the values of the 𝑛th 
set of blast furnace operational variables under the 𝑡th environmental 
condition, while 𝜒𝑛𝑣∶ represents the time series of the vth operational 
variable within the 𝑛th set, changing with varying environmental con-
ditions. These slices can be partitioned as needed based on algorithmic 
requirements.

Secondly, perform the completion operation on the operational 
variable tensor  (Algorithm 2, line 2). Ensure that the time series 
specifications within the tensor  meet the minimum training specifica-
tion, Trainlow. Specifically, accomplish this by repetitively rearranging 
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Fig. 6. Schematic for operational variables tensor and its slices.
the existing slices ∶∶𝑡 in the order of environmental changes, such 
that the resulting newly completed operational variable tensor has 
a dimension 𝑇 , representing the number of environmental change 
occurrences, greater than or equal to Trainlow.

Thirdly, the prediction of operational variables is approached
through a decomposition-based methodology. This methodology,
grounded in the principles of decomposition, serves to eliminate dis-
parities among different sets of operational variables, facilitating a 
more insightful examination of how each set of operational variables 
responds to environmental variations. Comparative experimentation 
has empirically demonstrated the superior predictive performance of 
this decomposition-inspired methodology in contrast to holistic predic-
tions. Building on the decomposition concept from MOEA/D, in the 
third step of Algorithm 2, we break down the problem into operational 
variables several subproblems, following the approach illustrated in 
Fig.  6(a). By segmenting the tensor along the number of operational 
variable groups, we obtain several time series slices, each containing 
individual sets of operational variables denoted as 𝑛∶∶. Subsequently, 
each slice 𝑛∶∶ is subjected to sequential predictions using the BHT-
ARIMA model [29], resulting in the generation of slices representing 
the predicted operational variables for the new environmental context, 
denoted as 𝑛∶𝑇+1 (as indicated in Algorithm 2, line 4). Furthermore, 
boundary checks are conducted for the predicted operational variables 
in each new environmental context (as outlined in Algorithm 2, line 
5). Given the partial similarity of solutions in adjacent environments 
in dynamic problems, we employ a selection strategy to choose domi-
nating operational variables from the preceding environment to replace 
the predicted operational variables (as detailed in Algorithm 2, line 6).

Finally, the predicted operational variables for each subproblem are 
combined to become the initial operational variables in the new envi-
ronment. The pseudo-code of the tensor decomposition-based algorithm 
for predicting initial operating variables is shown in Algorithm 2.

3.6. CMOEA/D algorithm

The T-DCMOEA/D algorithm primarily relies on the evolution
driven by CMOEA/D. CMOEA/D is a variant of MOEA/D that incor-
porates constraint handling. Its core concept revolves around a decom-
position strategy, which transforms multiobjective optimization prob-
lems into a series of single-objective sub-problems for resolution. The 
decomposition approach of the MOEA/D algorithm is particularly ad-
vantageous in addressing high-dimensional multiobjective optimization 
problems, and it yields a balanced solution set that covers the PF.
7 
Algorithm 2: T-Prediction
Input: Operating variables in all environments: 𝑃𝑂𝑆𝑎𝑙𝑙; 

minimum training size: 𝑇 𝑟𝑎𝑖𝑛𝑙𝑜𝑤;
Output: Initial operating variables for new environments: 

𝑃𝑂𝑆𝑇 ;
1  ∈ 𝑅𝑁×𝑉 ×𝑇 =Tensor(𝑃𝑂𝑆𝑎𝑙𝑙) ;
2 ∗ = Complementation

(

 ,Trainlow
) ;

3 for 𝑛∶∶ in ∗ do
4 𝑛∶𝑇+1 =BHT-ARIMA(𝑛∶∶);
5 𝑛∶𝑇+1 =BoundaryCheck(𝑛∶𝑇+1);
6 𝑛∶𝑇+1 =WeightSelection(𝑛∶𝑇+1,𝑛∶𝑇 );
7 𝑃𝑂𝑃𝑇 =

{

1∶𝑇+1,2∶𝑇+1, ...,𝑁∶𝑇+1
}

;
8 return 𝑃𝑂𝑃𝑇 ;

The pseudocode for CMOEA/D, presented as Algorithm 3, follows a 
specific sequence. In the first step, described in the line 2 of Algorithm 
3, the reproductive operation is executed on the operation variables 
within the current environment. This operation involves the random 
selection of two operation variables from the neighborhood of a single 
operation variable and the use of genetic operators to generate new 
operation variables from this pair. The second step, represented by the 
line 3 of Algorithm 3, comprises a repair process. This paper applies 
boundary constraints to the operation variables generated in the first 
step to ensure that all operation variables remain within their specified 
ranges. The third step involves the continuous updating of the ideal 
point to adapt to changes in operation variables. Finally, in the fourth 
step, as specified in the line 6 of Algorithm 3, the operation variables 
are updated based on neighborhood information. Each subproblem’s 
operation variable is assessed against its neighbors, and if a neighbor 
outperforms the subproblem’s operation variable, it replaces the current 
operation variable, following the domination relationship described in 
Section 3.4. The result is the updated operation variables within the 
current environmental context. For a more detailed explanation of these 
strategies, please refer to Ref. Zhang and Li [27].

3.7. Computational complexity

The tensor prediction model primarily consists of MDT, Tucker de-
composition, and ARIMA prediction. Their computational complexities 
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Algorithm 3: CMOEA/D
Input: Operational variables in the current environment: 

𝑃𝑂𝑃𝑇 ; blast furnace operation optimization 
model:𝐹 (𝑥, 𝑡); number of subproblems considered in the 
algorithm:𝑁 ; constraints on optimization models for 
blast furnace operations:𝐶; number of weight vectors in 
the neighborhood of each weight vector:𝑇 ; ideal point 
in the current environment:𝑧;

Output: Updated operational variables in the current 
environment: 𝑃𝑂𝑃𝑇 ;

1 while termination criterion is not reached do
2 𝑃𝑂𝑃 ∗

𝑇 =Reproduction(𝑃𝑂𝑃𝑇 , 𝑇 ) ;
3 𝑃𝑂𝑃 ′

𝑇 =Improvement(𝑃𝑂𝑃 ∗
𝑇 , 𝐹 (𝑥, 𝑇 )) ;

4 𝑧 =Update(𝑧);
5 𝑃𝑂𝑃𝑇 =Update(𝑃𝑂𝑃 ′

𝑇 , 𝑇 , 𝐶);
6 return 𝑃𝑂𝑃𝑇 ;

are O(𝑉 𝑇 3), O(𝑁𝑉 𝑛2), and 𝑂((𝑝 + 𝑞)𝑇 ), respectively. Here, 𝑉  is the 
number of operational variables, 𝑇  is the number of environmental 
changes, 𝑁 is the number of subproblems, 𝑛=2 is the core tensor size, 
and the ARIMA prediction has parameters (𝑝=1, 𝑑=2, 𝑞=3). Boundary 
checking and selection add an additional complexity of O(𝑁𝑉 ). Since 
tensor prediction is applied to all 𝑁 subproblems, the total complexity 
of T-Prediction is O(𝑁𝑉 (𝑇 3+𝑛2+𝑇 )). The complexity of the CMOEA/D 
framework is O(𝑚𝑁2𝐵), where 𝑁 is the number of subproblems, 𝐵 is 
the neighborhood size, and 𝑚 is the number of objectives.

The dominant term in the computational complexity of the T-
DCMOEA/D algorithm comes from T-Prediction, especially the MDT 
operation. In comparison to the T-Prediction module, the computa-
tional complexity of the CMOEA/D module can be considered negligi-
ble. Therefore, the overall computational complexity of T-DCMOEA/D 
is O(𝑁𝑉 𝑇 3).

4. Experimental results and discussion

In order to ascertain the superior problem-solving capabilities of 
T-DCMOEA/D in the context of blast furnace operation optimization, 
this section conducts an extensive array of numerical experiments. 
Section 4.2 focuses on evaluating the algorithm’s performance using 
benchmark test problems that closely mimic real-world issues. In Sec-
tion 4.3, these algorithms are applied to tackle practical problems. 
Finally, a comparison is made between the actual problem values and 
the results achieved through algorithmic optimization.

All experiments presented in this paper were executed on a per-
sonal computer featuring an Intel Core i7-12700 CPU. Uniform per-
formance metrics and comparative algorithms were utilized. Optimal 
values within the experimental outcomes are denoted in deep gray. The 
statistical comparison between the algorithm introduced in this paper 
and other competing algorithms was conducted through the Wilcoxon 
rank-sum test [30] at a significance level of 0.05. The test results 
are symbolized as ‘‘+’’, ‘‘=’’, and ‘‘-’’, indicating statistical superiority, 
no significant difference, and inferiority of the proposed algorithm 
compared to competing algorithms, respectively.

4.1. Performance metrics and compared algorithms

4.1.1. Performance indicators
Performance metrics chosen for this study include MIGD [31] and 

MHV [32]. MIGD is an enhancement of IGD, designed to compre-
hensively reflect the convergence and diversity of solutions in dy-
namic environments. Smaller MIGD values indicate better algorithm 
performance. The calculation of MIGD is as follows: 

𝑀𝐼𝐺𝐷 =
∑

𝑡∈𝑇 𝐼𝐺𝐷
(

𝑃𝐹 ∗
𝑡 , 𝑃𝐹𝑡

)

(15)

|𝑇 |

8 
𝐼𝐺𝐷𝑡
(

𝑃𝐹 ∗
𝑡 , 𝑃𝑂𝐹𝑡

)

=

∑

𝑝∈𝑃𝐹 ∗
𝑡
𝑑
(

𝑝, 𝑃𝐹𝑡
)

|

|

𝑃𝐹 ∗
𝑡
|

|

(16)

Where 𝑇  represents a set of discrete time points, and |𝑇 | signifies 
the number of environmental changes occurring during runtime. 𝑃𝐹 ∗

𝑡
constitutes a series of sampled points from the actual PFs at time 
window 𝑡, while 𝑃𝐹𝑡 represents the algorithm’s estimated values at the 
same time window. The term 𝑑(𝑝, 𝑃𝐹𝑡) denotes the minimum Euclidean 
distance from point 𝑝 in the actual PFs to the algorithm’s estimated 
value at 𝑃𝐹 ∗

𝑡 . |𝑃𝐹 ∗
𝑡 | serves as the cardinality of the actual PF.

MHV, improved through Hypervolume (HV), quantifies the diversity 
of solutions by calculating the hypervolume of the solution domi-
nance region. A higher MHV value indicates a broader distribution of 
solutions. The calculation of MHV is as follows: 

MHV =
∑

𝑡∈𝑇 𝐻𝑉𝑡

|𝑇 |
(17)

𝐻𝑉𝑡 = HV(𝑃𝐹𝑡, 𝑧) (18)

Where 𝑧 is a reference point dominated by all PS.

4.1.2. Comparison algorithm
In this paper, the improved dynamic algorithms

IGP-DCMOEA/D [33], ISVM-DCMOEA/D [34], KGB-DCMOEA/D [35], 
and HRS-DCMOEA/D [36] are used as comparison algorithms. These 
improved algorithms are better suited to dynamic constrained multiob-
jective optimization problems.

IGP-DCMOEA/D employs an inverse Gaussian process (IGP) to con-
struct predictors, mapping solutions from the objective space to the 
decision space. Its advantages lie in rapid convergence and shorter 
model computation time. ISVM-DCMOEA/D constructs an incremental 
support vector machine model to mine and record solution features 
for prediction. This method is more effective in enhancing solution 
diversity but requires more time to identify feature solutions. KGB-
DCMOEA/D uses knowledge-guided Bayesian classification to predict 
the initial population in new environments, effectively utilizing in-
formation from all historical environments to achieve more robust 
predictions. HRS-DCMOEA/D designs a hierarchical response system 
to predict the initial population in new environments. This system 
responds to environmental changes by integrating mainstream ideas for 
dynamic behavior handling and combining the advantages of various 
approaches.

4.2. Performance analysis on benchmark test

4.2.1. Experiment setting
The benchmarking dataset for this paper comes from the latest 

dynamic-constrained multiobjective optimization test set [37]. The test 
set was developed with 10 benchmark test functions covering a wide 
range of features. They are classified into three categories based on the 
dynamically changing features:

I. No change in objectives, change in constraints;
II. Objectives change, constraints remain the same;
III. Both objectives and constraints change

Due to the fact that the optimization problem for blast furnace iron-
making operations constructed in this paper represents a continuous 
dynamic constrained multiobjective optimization problem with both 
changing objectives and constraints, we chose to conduct tests using 
the continuous benchmark problems (DCF3 and DCF8) from category 
3.

The benchmark problems selected for the examination are dual-
objective problems, with a fixed population size of 100 individuals 
and 10 decision variables. The environmental variable is expressed 
as 𝑡 = 1

𝑛𝑡

⌊

𝜏
𝜏𝑡

⌋

, where 𝜏 signifies the generation number. We have 
configured four diverse combinations of 𝜏  (alteration frequency) and 
𝑡
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Table 5
Mean and variance of MIGD for benchmarking problems.
 Prob. (𝜏𝑡 , 𝑛𝑡) IGP-DCMOEA/D ISVM-DCMOEA/D KGB-DCMOEA/D HRS-DCMOEA/D T-DCMOEA/D  
 
DCF3

(10,5) 3.55e−02(4.32e−03)+ 1.14e−01(3.56e−02)+ 3.59e−02(5.88e−03)+ 3.86e−02(3.37e−03)+ 1.86e−02(5.56e−03) 
 (5,10) 5.68e−02(6.09e093)+ 2.81e−01(5.54e−02)+ 1.06e−01(8.51e−03)+ 1.24e−01(2.27e−02)+ 3.34e−02(7.48e−03) 
 (10,10) 2.22e−02(1.58e−03)+ 1.18e−01(3.96e−02)+ 2.81e−02(5.02e−03)+ 3.18e−02(3.89e−03)+ 1.47e−02(1.78e−03) 
 (20,10) 1.02e−02(9.71e−03)+ 3.64e−02(8.52e−03)+ 1.07e−02(1.28e−03)+ 1.06e−02(1.37e−03)+ 8.24e−03(6.22e−04) 
 
DCF8

(10,5) 3.14e−02(4.30e−03)+ 3.39e−02(4.98e−03)+ 1.27e−01(4.28e−02)+ 3.04e−02(4.36e−03)+ 1.93e−02(2.24e−03) 
 (5,10) 4.95e−02(4.16e−02)+ 9.56e−02(2.38e−02)+ 1.43e−01(7.93e−02)+ 8.47e−02(1.70e−02)+ 3.22e−02(4.51e−03) 
 (10,10) 2.56e−02(2.63e−03)+ 3.51e−02(5.57e−03)+ 5.75e−02(6.01e−02)+ 2.28e−02(3.00e−03)+ 1.49e−02(2.55e−03) 
 (20,10) 1.51e−02(1.57e−03)+ 1.44e−02(2.46e−03)+ 2.06e−02(1.95e−02)+ 1.48e−02(1.72e−03)+ 1.13e−02(1.69e−03) 
Table 6
Mean and variance of MHV for benchmarking problems.
 Prob. (𝜏𝑡 , 𝑛𝑡) IGP-DCMOEA/D ISVM-DCMOEA/D KGB-DCMOEA/D HRS-DCMOEA/D T-DCMOEA/D  
 
DCF3

(10,5) 3.71e−01(4.30e−03)+ 3.76e−01(6.86e−03)+ 3.71e−01(4.63e−03)+ 3.73e−01(2.75e−03)+ 3.88e−01(8.20e−04) 
 (5,10) 3.35e−01(6.66e−03)+ 3.49e−01(1.42e−02)= 2.85e−01(7.14e−03)+ 2.65e−01(1.05e−02)+ 3.53e−01(5.10e−03) 
 (10,10) 3.90e−01(9.87e−04)= 3.75e−01(7.66e−03)+ 3.81e−01(4.28e−03)+ 3.80e−01(4.08e−03)+ 3.99e−01(1.23e−03) 
 (20,10) 4.09e−01(4.76e−04)+ 4.06e−01(6.62e−03)+ 4.10e−01(3.20e−04)= 4.09e−01(3.99e−04)= 4.12e−01(6.48e−04) 
 
DCF8

(10,5) 4.57e−01(1.46e−03)+ 4.58e−01(5.95e−03)+ 4.15e−01(9.70e−03)+ 4.62e−01(1.68e−03)= 4.69e−01(4.64e−03) 
 (5,10) 4.14e−01(4.18e−03)+ 3.32e−01(8.91e−03)+ 3.59e−01(1.96e−02)= 4.00e−01(9.83e−03)+ 4.49e−01(2.54e−03) 
 (10,10) 4.59e−01(6.52e−04)+ 4.48e−01(4.45e−03)+ 4.46e−01(1.95e−02)+ 4.64e−01(1.92e−03)= 4.71e−01(6.72e−04) 
 (20,10) 4.75e−01(5.89e−04)+ 4.78e−01(3.96e−04)+ 4.76e−01(6.53e−03)+ 4.79e−01(2.25e−04)= 4.83e−01(3.33e−04) 
𝑛𝑡 (alteration amplitude). Termination of the algorithm occurs after 30 
environmental changes, and 100 generations transpire prior to the inau-
gural environmental shift. Each algorithm was executed independently 
20 times for every problem, with calculations of mean and variance 
conducted on their evaluation metrics. In order to accentuate the clarity 
of experimental comparisons, the frequency of individual replacement 
in the selection strategy has been deliberately reduced, thus retarding 
the convergence pace. This replacement frequency was stipulated at 5.

In the section related to tensor-based population initialization, the 
critical threshold for the tensor training model denoted as 𝑇 𝑟𝑎𝑖𝑛𝑙𝑜𝑤, 
is set to 8. Within the context of BHT-ARIMA, the parameter for 
multi-way delay embedding transform(MDT) [38] decomposition is 
configured as 2, while in the Tucker decomposition method, the size of 
the core tensor is specified as 3 × 2. The parameters for ARIMA, namely 
𝑞, 𝑑, and 𝑝, are individually established as 3, 2, and 1, respectively.

The reference point 𝑧 in MHV is set at (1.1, 1.1). A set of 300 
uniformly sampled points is drawn from the true PFs in each scenario 
to calculate the values of MIGD and MHV.

4.2.2. Experimental results and analysis
Table  5 and Table  6 display the computed performance indicators 

for the five algorithms. Fig.  6 portrays the evolutionary progress of 
MIGD, whereas Fig.  7 visualizes the spatial distribution of solutions for 
DCF3 and DCF8. The outcomes demonstrate the consistent superiority 
of the T-DCMOEA/D algorithm in all four environmental configurations 
for two test problems. In most instances, its performance stands out 
significantly. A closer examination suggests that this superiority can be 
attributed to the tensor-based method for initializing the population, 
which enhances its convergence, as well as the uniform distribution of 
the population based on the decomposition concept.

Both DCF3 and DCF8 present continuous problems with dynamic 
changes in both objective functions and constraints. DCF3 exhibits 
a relatively straightforward dynamic behavior, whereas DCF8’s PF 
consistently aligns with the boundary of the feasible domain and os-
cillates over time. The constraints in both benchmark problems exert 
considerable pressure on algorithm convergence. Experimental findings 
reveal that increasing the neighborhood size leads to a faster con-
vergence rate. However, to maintain a wide distribution of solutions 
and ensure clear comparisons, this paper intentionally reduces the 
neighborhood size, deliberately slowing down the convergence. Under 
this parameter configuration, the superiority of T-DCMOEA/D becomes 
more conspicuously apparent.
9 
4.3. Performance analysis on practical industrial data test

4.3.1. Data preprocessing
The experimental data in this section were obtained from the actual 

production process of a blast furnace in a large steel enterprise in China. 
Data collection began in 2020 and continued through 2022, with data 
being collected hourly. The data collection system relies on a multi-
sensor network, infrared and thermal imaging systems, with data being 
aggregated into the central control system via PLC and Ethernet. The 
samples are arranged hourly, and those with missing values or collected 
during periods of unstable furnace operation are discarded. A total 
of 1525 valid samples were collected. Each sample contains 48 data 
items, including 2 target variables, 19 operating variables, 21 condition 
variables, and 6 intermediate variables.

The range of permissible values for operational variables and con-
ditional variables is specified as (𝜇 − 3𝜎, 𝜇 + 3𝜎). In this context, 𝜇
denotes the mean value of the project’s parameters, while 𝜎 represents 
the standard deviation of these parameters. In cases where 𝜇 − 3𝜎 is 
less than 0, it is reset to 0. The range necessary for constraint violation 
calculations also extends to the silicon content in the molten iron and 
the alkalinity of the slag, within the same confines of (𝜇 − 3𝜎, 𝜇 + 3𝜎).

We applied the environmental recognition method introduced in 
Section 2.1 to reduce the original 1525 samples to 84. To evaluate 
this process, we selected three assessment metrics: Variance Reten-
tion Rate (VRR) [39], Critical Point Coverage (CPC) [40], and the 
Kolmogorov–Smirnov test (KS) [41], to analyze four fuel quality indi-
cators. Specifically, if the VRR is greater than 90%, it indicates that 
the reduced data sufficiently retains the original fluctuations; if the 
CPC exceeds 90%, it shows that the critical points are adequately 
covered; and if the 𝑝-value from the KS test is greater than 0.05, it 
suggests that the data distributions are consistent. The results, as shown 
in Table  7, demonstrate that all VRR values are close to or exceed 
90%, indicating that the data reduction process effectively preserves 
the fluctuation characteristics of the original environment. All CPC 
values exceed 90%, indicating that the reduced data covers the extreme 
conditions of the original environment. Moreover, all p-values from the 
KS tests are greater than 0.05, further confirming the consistency of 
the data distributions between the original and reduced environments. 
These results suggest that the environmental recognition method we 
proposed exhibits excellent performance.

For the purpose of constructing three distinct practical scenarios, 
the dataset is partitioned based on temporal divisions into Instance1, 
Instance2, and Instance3, corresponding to the operational states of 
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Fig. 7. Evolution of MIGD values for benchmark test problems with 𝜏𝑡 = 10 and 𝑛𝑡10.
Fig. 8. Distribution of solutions to the benchmark test problems for 𝜏𝑡 = 10 and 𝑛𝑡10.
Table 7
Environmental data evaluation.
 Conditional variables Symbol VRR CPC p-value 
 Metallurgical coke grade 𝑒7 88.0% 90.7% 0.214  
 Pulverized coal quality 𝑒8 92.5% 91.7% 0.301  
 Metallurgical coke ash content 𝑒21 89.3% 90.3% 0.118  
 Pulverized coal ash content 𝑒22 90.4% 90.2% 0.185  

the blast furnace in the years 2020, 2021, and 2022. Due to practical 
considerations, 2020 witnessed frequent fluctuations in fuel quality. In 
2021, both fuel and ore displayed variations. In 2022, the types of 
ore underwent frequent changes. These ore fluctuations are visually 
presented in Fig.  8, where concavities represent the absence of specific 
ore types, and convexities signify their presence. When certain ore 
types are absent, the corresponding operational variables are fixed 
at 0, leading to a shift in the number of operational variables and 
an added layer of complexity in problem-solving. The primary fuel 
variations predominantly revolve around fluctuations in the quality of 
metallurgical coke, as outlined in the fluctuation pattern in Fig.  9 of 
Section 2.1.

In this study, the true PFs within our model remains unknown, ne-
cessitating the determination of an approximate PFs to assess algorithm 
performance. When dealing with static problems, it is common practice 
to combine non-dominated solutions from multiple algorithms to ap-
proximate the true PFs [42]. However, dynamic problems often prove 
more intricate than their static counterparts, rendering the solutions 
obtained through this approach less accurate. Consequently, this paper 
introduces a method designed specifically for finding approximate PFs 
in dynamic scenarios. Each dynamic problem is viewed as an amal-
gamation of several static problems, which are tackled individually. 
The condition parameters of each environmental setting are treated as 
constants. We employ the multiobjective evolutionary algorithm based 
on decomposition (MOEA/D) to independently evolve the problems in 
each environmental setting for 10 calculations, each extending to 1000 
10 
generations. In the selection strategy, the neighborhood replacement 
threshold is set at 2 to enhance the distribution of solutions. The set 
of non-dominated solutions from these 10 calculations constitutes the 
approximate PFs for the current environmental context.

Due to the differing scales of objectives in various environments, 
enabling a comprehensive evaluation and comparison of multiple al-
gorithms across multiple scenarios is essential. In our assessment, we 
normalize the approximate PFs and PFs obtained by all algorithms 
within each environment simultaneously, scaling them to the range 
of 0 to 1. The normalization formulas for the approximate PFs and 
objectives are as follows: 

𝑃𝐹𝑖 =
𝑃𝐹𝑖 − 𝑃𝐹𝑚𝑖𝑛

𝑖

𝑃𝐹𝑚𝑎𝑥
𝑖 − 𝑃𝐹𝑚𝑖𝑛

𝑖
(19)

𝐹𝑖 =
𝐹𝑖 − 𝑃𝐹𝑚𝑖𝑛

𝑖

𝑃𝐹𝑚𝑎𝑥
𝑖 − 𝑃𝐹𝑚𝑖𝑛

𝑖
(20)

Where, 𝑃𝐹𝑖 signifies the approximate PFs value for the 𝑖th environment, 
where 𝑃𝐹𝑚𝑎𝑥

𝑖  represents the maximum value within this approximate 
PF, and 𝑃𝐹𝑚𝑖𝑛

𝑖  denotes its minimum value. 𝐹𝑖, on the other hand, 
represents the achieved objective values for the 𝑖th environment.

4.3.2. Experimental settings
All models are dual-objective problems, with a population size of 

300 and 19 operational variables for T-DCMOEA/D. The evolution was 
halted when the environmental changes for Instance1, Instance2, and 
Instance3 reached 34, 26, and 25 times respectively. Three different 
change frequencies, denoted by 𝜏𝑡, were employed for testing. The first 
environmental change occurred after 200 generations of evolution. All 
algorithms were independently run 20 times for each problem, and the 
mean and variance of their evaluation metrics were calculated. The 
replacement frequency of individuals in the selection strategy was set 
to 2.

Within the section pertaining to the creation of the initial population 
using tensors, the low sensitivity of the parameters can be seen based 
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Fig. 9. Change in ore type.
Table 8
Mean and variance of MIGD for blast furnace operation optimization problems.
 Prob. 𝜏𝑡 IGP-DCMOEA/D ISVM-DCMOEA/D KGB-DCMOEA/D HRS-DCMOEA/D T-DCMOEA/D  
 
Instance1

5 4.68e−02(3.46e−03)+ 7.78e−02(3.54e−03)+ 1.50e−01(6.13e−03)+ 2.76e−02(1.88e−03)+ 2.08e−02(8.90e−02) 
 10 3.81e−02(2.55e−03)+ 3.98e−02(1.62e−03)+ 8.49e−02(5.89e−03)+ 2.22e−02(1.59e−03)+ 1.61e−02(9.26e−04) 
 20 3.03e−02(8.01e−04)+ 2.51e−02(9.65e−04)+ 4.13e−02(4.27e−03)+ 1.35e−02(1.25e−03)+ 1.25e−02(8.70e−04) 
 
Instance2

5 4.28e−02(1.15e−03)+ 6.09e−02(4.55e−03)+ 1.49e−01(3.58e−02)+ 3.64e−02(9.65e−04)+ 1.27e−02(3.12e−03) 
 10 3.77e−02(1.33e−03)+ 4.10e−02(4.21e−03)+ 9.93e−02(2.89e−02)+ 3.17e−02(1.46e−02)+ 1.10e−02(3.44e−03) 
 20 2.96e−02(9.05e−04)+ 3.12e−02(3.85e−03)+ 4.86e−02(2.89e−02)+ 3.04e−02(1.29e−03)+ 8.28e−03(1.28e−03) 
 
Instance3

5 6.26e−02(2.62e−03)+ 6.38e−02(2.54e−03)+ 7.56e−02(6.85e−03)+ 3.12e−02(9.31e−04)+ 2.80e−02(5.21e−04) 
 10 4.77e−02(1.02e−03)+ 4.67e−02(1.89e−03)+ 7.21e−02(5.32e−03)+ 2.91e−02(9.12e−04)+ 2.18e−02(9.70e−04) 
 20 3.41e−02(1.23e−03)+ 3.24e−02(1.06e−03)+ 7.02e−02(4.63e−03)+ 2.87e−02(9.31e−04)+ 1.65e−02(9.85e−04) 
on the experimental analysis in Literature [29]. Therefore, the crucial 
threshold 𝑇 𝑟𝑎𝑖𝑛𝑙𝑜𝑤 for the tensor training model is set to 8. In the BHT-
ARIMA approach, the parameter for MDT decomposition is configured 
as 2, and in Tucker decomposition, the size of the core tensor is fixed 
at 10 × 2. As for ARIMA, the parameters 𝑞, 𝑑, and 𝑝 are set at 3, 2, and 
1, respectively.

Graphs are generated and computing MIGD and MHV are per-
formed using normalized values. The reference point 𝑧 for MHV is 
set at (1.0, 1.0). The comparative algorithms employed in the exper-
iments remain  IGP-DCMOEA/D, ISVM-DCMOEA/D, KGB-DCMOEA/D 
and HRS-DCMOEA/D. The fundamental parameters of these compara-
tive algorithms are configured identically to T-DCMOEA/D.

4.4. Experimental results and analysis

The results of solving the optimization model for blast furnace 
operation, as formulated in this manuscript, are presented below. Ta-
bles  8 and 9 depict the mean and variance values of MIGD and 
MHV, respectively. It is noteworthy that T-DCMOEA/D demonstrates 
a clear advantage in solving the practical problem model under all 
conditions. The effectiveness of the tensor-based initial population 
generation method endures.

When 𝜏𝑡 = 10, the evolution process of MIGD is depicted in Fig.  10. 
T-DCMOEA/D demonstrates a quicker adaptability to environmental 
11 
changes in most scenarios. In contrast to benchmark test problems, the 
irregular variations in real-world environments impose additional con-
vergence pressure on the solutions. These pressures further underscore 
the advantages of the initial population generation strategy within 
T-DCMOEA/D.

Fig.  11 illustrates the dynamic PFs obtained by the three algorithms 
for each problem under all environments when 𝜏𝑡 = 10. A more in-
tuitive observation reveals that IGP-DCMOEA/D and HRS-DCMOEA/D 
demonstrate superior convergence, while ISVM-DCMOEA/D and KGB-
DCMOEA/D exhibit a broader distribution. Due to the decomposition-
based prediction approach in T-DCMOEA/D, it effectively compensates 
for the shortcomings of the four comparative algorithms. The distri-
bution plots of solutions indicate that rapidly changing environments 
exert pressure on the distribution of all five algorithms.

4.4.1. Actual data comparison experiments
In demonstrating the algorithm’s efficacy in blast furnace operations 

optimization, this section contrasts the target values of a subset of 
operational variables obtained from the algorithm with the actual 
values in the sample. The two-objective optimization scenario presents 
a situation where the enhancement of one objective occurs concurrently 
with the deterioration of another. Therefore, in order to facilitate the 
comparison of the superiority of the algorithms, under the condition 
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Table 9
Mean and variance of MHV for blast furnace operation optimization problems.
 Prob. 𝜏𝑡 IGP-DCMOEA/D ISVM-DCMOEA/D KGB-DCMOEA/D HRS-DCMOEA/D T-DCMOEA/D  
 
Instance1

5 6.15e−01(6.16e−03)+ 5.82e−01(5.63e−03)+ 2.67e−01(3.98e−03)+ 6.56e−01(2.62e−03)= 6.65e−01(1.62e−03) 
 10 6.32e−01(3.89e−03)+ 6.33e−01(1.13e−03)+ 2.88e−01(4.39e−03)+ 6.66e−01(2.67e−03)+ 6.72e−01(1.71e−03) 
 20 6.47e−01(1.51e−03)+ 6.57e−01(1.85e−03)+ 2.90e−01(4.82e−03)+ 6.78e−01(2.57e−03)+ 6.89e−01(1.16e−03) 
 
Instance2

5 6.37e−01(2.75e−03)+ 6.01e−01(5.19e−03)+ 2.84e−01(3.54e−03)+ 6.63e−01(3.38e−02)+ 6.89e−01(7.06e−03) 
 10 6.46e−01(3.17e−03)+ 6.41e−01(4.62e−03)+ 2.92e−01(3.92e−03)+ 6.72e−01(1.83e−02)+ 6.92e−01(5.70e−03) 
 20 6.62e−01(1.43e−03)+ 6.65e−01(4.84e−03)+ 3.03e−01(3.94e−03)+ 6.78e−01(2.31e−02)+ 6.98e−01(2.33e−03) 
 
Instance3

5 5.93e−01(2.08e−03)+ 6.01e−01(1.85e−03)+ 2.82e−01(3.21e−03)+ 6.77e−01(1.41e−03)- 6.58e−01(1.03e−03) 
 10 6.24e−01(2.21e−03)+ 6.23e−01(2.26e−03)+ 2.96e−01(3.45e−03)+ 6.78e−01(9.01e−04)- 6.67e−01(1.05e−03) 
 20 6.46e−01(2.89e−03)+ 6.58e−01(2.56e−03)+ 2.99e−01(3.76e−03)+ 6.79e−01(1.04e−03)= 6.76e−01(1.06e−03) 
Fig. 10. Evolution of MIGD values for blast furnace operation optimization problems with 𝜏𝑡 = 10 and 𝑛𝑡10.
Fig. 11. Distribution of solutions to blast furnace operation optimization problems for 𝜏𝑡 = 10.
that one of the objectives in the operational variables is consistent, we 
select another objective value for comparison. We identify, based on 
actual values, a set of operational variables with target values identical 
to or closest to the given values for the purpose of comparison.

Fig.  12 shows the comparison of the average carbon emissions at 
the same cost and the percentage reduction in carbon emissions for 
each algorithm compared to the actual situation. The graph clearly 
indicates that the carbon emissions calculated by the five algorithms are 
significantly lower than the actual values. Despite the minor differences 
among the algorithms, the algorithm proposed in this paper shows 
a slight advantage. Fig.  13 presents the comparison of the average 
cost at the same level of carbon emissions and the percentage of cost 
savings for each algorithm compared to the actual situation. It is easily 
observed that the costs calculated by the five algorithms are much 
lower than the actual values, highlighting a distinct advantage of the 
algorithm proposed in this paper. In summary, the proposed algorithm 
proves to be highly effective and applicable to the practical model.
12 
4.4.2. Comparative study of different strategies
This section analyzes the influence of the tensor prediction model 

on the algorithm and concurrently assesses the effectiveness of a tensor 
model based on decomposition. The DCMOEA/D algorithm is an ap-
proach that does not employ a tensor prediction model to predict initial 
population changes in the environment. T-DCMOEA/D-NonDec is an 
algorithm that tackles subproblems without utilizing the decomposition 
concept. T-DCMOEA/D-NonDec considers the three-dimensional tensor 
formed by operational variables as a single problem for prediction. 
In this context, the core tensor size in the Tucker decomposition is 
set to 200 × 10× 2. The remaining parameters and strategies of DC-
MOEA/D and T-DCMOEA/D-NonDec are consistent with those of the 
T-DCMOEA/D algorithm.

When 𝜏𝑡 is set to 10, Table  10 displays the MIGD values for the three 
algorithms. The table distinctly indicates that the incorporation of the 
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Fig. 12. Comparison of carbon emissions for the same iron production.

Fig. 13. Comparison of iron production for the same carbon emissions.
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Table 10
Comparison of algorithmics strategy MIGD values.
 Prob. DCMOEA/D T-DCMOEA/D-NonDec T-DCMOEA/D  
 Instance1 5.92e−02(2.42e−02)+ 1.81e−02(2.50e−03)+ 1.61e−02(9.26e−04) 
 Instance2 7.06e−02(4.60e−02)+ 1.44e−02(2.97e−03)+ 1.10e−02(3.44e−03) 
 Instance3 7.27e−02(2.35e−02)+ 2.22e−02(7.43e−04)+ 2.18e−02(9.70e−04) 
Fig. 14. Algorithm runtime comparison.
tensor prediction strategy significantly enhances the algorithm’s perfor-
mance. The T-DCMOEA/D algorithm, grounded on the decomposition 
approach, exhibits notably exceptional performance.

The runtime performance of the three algorithms for each prob-
lem is illustrated in Fig.  14. Upon comparison, it becomes apparent 
that the incorporation of the prediction strategy and an increased 
number of subproblems both leads to an extension of the algorithm’s 
runtime. While the MIGD value of the T-DCMOEA/D-NonDec algo-
rithm is slightly larger than that of T-DCMOEA/D, the algorithm’s 
runtime is significantly reduced. In scenarios where algorithmic per-
formance requirements are not strict but a shorter runtime is desired, 
the T-DCMOEA/D-NonDec algorithm can be given priority.

5. Conclusions

In this paper, we have developed a dynamic operation optimization 
framework for a blast furnace, based on actual data from a steel 
plant, to optimize production costs and carbon emissions. A dynamic 
multiobjective operation optimization model is built based on data and 
mechanisms, which involves time-related parameters and specific con-
ditional variables. A T-DCMOEA/D algorithm is designed with a more 
essential relationship among the model parameters of blast furnace 
operation optimization. The setting of operational variables is updated 
as long as the production condition changes.

The experimental tests across practical instances demonstrate that 
our proposed algorithm significantly reduces the production cost by 
approximately 50% and carbon emissions by 40% compared to tra-
ditional manual parameter-setting methods. Comparative experiments 
with existing algorithms (IGP-DCMOEA/D, ISVM-DCMOEA/D, KGB-
DCMOEA/D, and HRS-DCMOEA/D) further validate the superiority of 
our approach, which achieves the best performance in most experi-
mental scenarios. In the future research, efforts will be made to apply 
the proposed method to the blast furnace production environments 
with frequent fluctuations in ore or fuel quality, to further improve 
the cost-effectiveness and environmental protection of the blast furnace 
production, and to provide technical support for the decarbonization 
transformation of the iron and steel industry.
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