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ABSTRACT

To address the multi-objective collaborative optimization of quality,
energy consumption, and yield under dynamic conditions in the Portland
cement combined grinding process, this paper proposes a novel algorithm,
CGDS-LTL, based on cooperative game theory and temporal perception.
First, a hybrid temporal model combining Linformer, TCN, and LSTM
was developed to dynamically track process conditions in the Portland
cement combined grinding process. Second, an optimization objective
function was established, and a cooperative game theory framework was
introduced to address the challenge of achieving multi-objective opti-
mization, which could not be effectively solved with a single pareto-
optimal solution. Meanwhile, volatility metrics were used to quantify the
adjustment range of operational variables, allowing for the dynamic opti-
mization of decision constraints. This approach mitigated the deviation of
the pareto front from current decision settings caused by high population
randomness, ultimately identifying the optimal solution for the multi-
objective collaborative optimization problem. Finally, experiments using
real production data from a Portland cement plant demonstrated that,
compared with NSGA-II and C-TAEA, the proposed method improved
the hypervolume indicator by 95% and 33.3%, respectively, indicating a
more uniform solution distribution and better convergence. This demon-
strated the interpretability and effectiveness of the proposed framework
for dynamic multi-objective optimization in Portland cement combined
grinding.
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1 Introduction

Cement is a key material for infrastructure construction and an important pillar of the national
economy. Cement grinding is a critical stage of cement production and directly affects product quality
[1]. Currently, most Chinese cement plants maintain the 45 μm sieve residue of finished cement
at no less than 5% to ensure product quality. Under increasing market pressure, enterprises also
emphasize higher hourly production output to maintain efficiency while meeting quality requirements.
In addition, cement grinding accounts for about 65% of the total power consumption in cement
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production. Under the dual-carbon background, reducing grinding energy consumption has become
a major industry concern [2,3]. Existing studies mainly optimize production indicators by adjusting
operational parameters to ensure cement quality [4,5]. However, the cement grinding process involves
complex operating conditions and strong variable coupling. Improper parameter adjustment can cause
process fluctuations and even system instability, affecting production stability. Therefore, optimization
studies are needed to improve quality, reduce energy consumption, increase production, and maintain
stable operation in cement grinding processes.

In recent years, optimization research on industrial grinding processes has made significant
progress, providing a foundation for multi-objective collaborative optimization [6,7]. Wang et al. [8]
proposed a hybrid evolutionary algorithm that combines the population balance model and the
response surface method, establishing a multi-objective nonlinear programming model to enhance
grinding efficiency. Hu et al. [9] developed a carbon emission evaluation and optimization model
by integrating a speed-variation-based regulation function with the NSGA-II algorithm, effectively
reducing carbon emissions and processing costs. However, existing optimization methods for cement
grinding processes still face several challenges. First, cement grinding requires coordinated optimiza-
tion of quality, energy consumption, and production output, while most existing studies focus on
single-objective or partial-objective optimization. Second, the cement grinding process exhibits strong
coupling and dynamic time-varying characteristics, yet existing studies show limited capability in
handling coupling relationships among multiple variables [10].

To achieve dynamic multi-objective collaborative optimization of cement grinding, a dynamic
time-series model must be established first. Early studies primarily employed mechanism-based models
for industrial process modeling [11], but these models struggled to accurately represent the strongly
coupled and nonlinear characteristics of cement grinding. With the development of machine learning
and deep neural networks, data-driven methods have been widely applied to industrial grinding [12,13].
Compared with mechanism-based models, data-driven models can better extract information from
large-scale industrial data [14]. Reference [15] combined machine learning with response surface
methodology to optimize machining and energy efficiency for 8000 series aluminum alloys, enabling
the prediction of specific energy consumption and energy use. Öztürk et al. [16] integrated experimental
testing with machine learning to reduce energy consumption and surface roughness in slot milling of
AISI 316 stainless steel. However, despite their flexibility and adaptability, current data-driven models
still face challenges in cement grinding processes, including insufficient real-time performance and
limited generalization capability.

Second, many researchers have improved optimization algorithms for industrial processes. Early
studies applied metaheuristic algorithms to industrial optimization problems [17]. Later, NSGA-
II improved search efficiency and solution quality through non-dominated sorting and crowding
distance calculation, and was widely used in multi-objective optimization [18,19]. Hybrid methods
combining neural networks with optimization algorithms further provided effective solutions for
complex industrial optimization problems [20,21]. Cook et al. [22] developed an NN-GA integrated
model for particleboard manufacturing, achieving a prediction accuracy of 92.7%. Wang et al. [23]
combined NSGA-II with BPNN for industrial turbomachinery design, introducing boundary control
and a coarse-to-fine strategy to reduce sample requirements and obtain Pareto solutions. Although
these methods improved multi-objective optimization in complex industrial processes, most only
passively provide Pareto solution sets without considering collaboration among objectives, still relying
on expert experience for decision-making. Moreover, existing studies mainly focus on static conditions
and insufficiently consider production stability requirements.
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To address the challenges of dynamic multi-objective collaborative optimization in the cement
grinding process, the present work centers on the cement combined grinding process and proposes a
data-driven collaborative optimization framework. The framework first establishes a multi-objective
time-series optimization model that considers product quality, characterized by the 45 μm sieve
residue, unit energy consumption, and hourly production output. Subsequently, the CGDS-LTL
algorithm is developed. In this algorithm, dynamic operating condition tracking and a dynamic
decision variable search strategy are employed to adaptively adjust operational variables while stably
ensuring product quality. This enables a dynamic optimal balance between energy consumption and
production output.

The main contributions of this study are summarized as follows.

• A dynamic operating condition tracking strategy based on a Linformer-TCN-LSTM hybrid
architecture is proposed for time-series modeling of the cement combined grinding process.
Linformer with multi-head attention captures global dependencies with reduced computational
complexity, while the temporal convolutional network (TCN) enhances local temporal feature
extraction, and LSTM captures long-term dependencies. Based on this, a sliding time-series
model is constructed to achieve dynamic operating condition tracking.

• For the multi-objective collaborative optimization of the cement combined grinding process
under dynamic operating conditions, a dynamic decision variable search strategy based on the
Nash bargaining solution is proposed. A cooperative game-theoretic framework is introduced
to overcome the limitation of single Pareto solutions in three-dimensional collaborative opti-
mization. Meanwhile, a fluctuation coefficient (FC) is used to quantify operational variable
adjustments and dynamically constrain decision variable ranges, reducing Pareto front devia-
tions caused by population randomness.

2 Optimize Problem Description

The purpose of cement grinding is to grind clinker, gypsum, and additives into cement products in
specified proportions. This section takes the cement combined grinding process of a cement plant as the
background. It analyzes the dynamic variations of operational variables in the process and identifies
the variables related to product quality, energy consumption, and production output. Fig. 1 shows the
process flow diagram of the cement combined grinding process. The process consists of two stages,
pre-grinding and finish grinding, with a roller press and a ball mill serving as the core equipment,
respectively. In the grinding process of the cement plant studied in this paper, no separator is installed
after the ball mill.

The cement combined grinding process is a continuous production process characterized by strong
coupling, time delay, and nonlinearity. To ensure the stability of the grinding process and reduce
operator-induced variability, it is necessary to establish a multi-objective optimization algorithm
for the cement combined grinding process, as shown in Fig. 2. To improve the adaptability of the
algorithm, cement type and grinding aid dosage are incorporated as modeling features. In addition,
the production process is assumed to operate without faults.
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Figure 1: Open circuit grinding process of cement combined grinding

Figure 2: Optimization algorithm framework

2.1 Description of Cement Combined Grinding Process Model
2.1.1 Decision Variables

In this section, multiple operating variables are selected from the MES system of a Chinese cement
plant as decision variables for the multi-objective optimization problem, as shown in Fig. 3. These
variables are collected from high-precision sensors measuring temperature, pressure, current, and flow
rate. Energy consumption data are obtained from smart meters, while particle size data are acquired
from an online particle size analyzer. Since the analyzer is installed upstream of the cement silo, a
time delay exists, and time alignment is required when constructing the time-series dataset. The delay,
estimated at approximately 20 min based on material flow conditions and operator experience, is
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identified using Cross-correlation Analysis to determine the maximum correlation lag between particle
size and control variables. The time series is then shifted for alignment, and Cubic Spline Interpolation
is applied to resample non-synchronous points, ensuring continuous and aligned timestamps and
reducing the impact of delay on prediction accuracy.

Figure 3: Relationship between operating variables and optimization objectives. The color bar on the
right indicates the Pearson correlation coefficient, ranging from −1 (blue, negative correlation) to 1
(red, positive correlation)

The Pearson correlation analysis in Fig. 3 reveals that specific variables have varying influences
on quality, power consumption, and production. However, because variables are tightly coupled in the
cement grinding process, dividing them into independent subsets for different objectives would result
in the loss of important system-level information. Thus, all variables from x1 to x16 are combined as a
global decision variable set X to capture system characteristics.

Based on the analysis of the cement combined grinding process shown in Fig. 1, the factors
affecting the production indices include cement type (x1), feed amount feedback value (x2), steady
flow bin weight (x3), roller press movable roller side current (x4), roller press fixed roller side current
(x5), roller press hydraulic pressure (x6), V-type classifier inlet pressure (x7), classifier powder separator
current (x8), classifier powder separator speed feedback (x9), cake elevator current (x10), grinding aid
feedback value (x11), ball mill current (x12), internal pressure differential of the mill (x13), ball mill outlet
material temperature (x14), high-concentration dust collector fan current (x15), and high-concentration
dust collector fan speed feedback (x16). Fig. 3 presents the Pearson correlation coefficients and the
relationships between the operating variables and the optimization objectives.

2.1.2 Feasibility Constraints

First, to ensure that cement quality meets the required standard, the 45 μm residue must satisfy
the quality constraint specified as Qobj = Qt − 5 ≥ 0, where Qobj represents the target value of the
45 μm residue, and Qt denotes the measured value obtained from the online particle size analyzer.
In addition, to establish a multi-objective dynamic optimization model for the cement combined
grinding process, the decision variables are constrained within specified ranges, and the corresponding
boundary constraints are given in Table 1. The studied cement production line mainly produces three
types of cement, P.O 42.5, P.O 52.5, and low-alkali P.O 52.5. Therefore, the value range of x1 is set
to 0–2.
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Table 1: Bound constraints of decision variables

Variable Name Lower limit Upper limit Unit

x1 Cement varieties – – –
x2 Feed amount feedback value 244.2 340.1 t/h
x3 Steady flow bin weight 13.9 31.1 t
x4 Roller press movable roller side current 19.6 55.3 A
x5 Roller press fixed roller side current 30.2 47.4 A
x6 Roller press hydraulic pressure 16.6 21.1 Mpa
x7 V-type classifier inlet pressure −470.8 −71.5 pa
x8 Classifier powder separator current 127.1 272.7 A
x9 Classifier powder separator speed feedback 795.9 1188.1 rpm
x10 Cake elevator current 138.8 189.9 A
x11 Grinding aid feedback value 399.7 625.3 t/h
x12 Ball mill current 177.4 197.1 A
x13 Internal pressure differential of the mill 145.7 421.1 pa
x14 Ball mill outlet material temperature 64.5 73.1 ◦C
x15 High-concentration dust collector fan current 57.2 95.1 A
x16 High-concentration dust collector fan speed feedback 673.6 913.1 rpm

2.1.3 Objective Function

The multi-objective dynamic optimization objectives of the cement combined grinding process
are denoted as G1, G2, and G3, as defined in Eq. (1), corresponding to qualified cement quality,
minimum energy consumption, and maximum throughput, respectively. Cement quality is ensured
by constraining the 45 μm residue of the finished cement to be no less than 5%, as this proportion of
fine particles improves the hydration rate and early strength of cement and is required by the latest
relevant GB175 standard in China.⎧⎨
⎩

G1 = min Qobj = min(Qt-5)

G2 = min E
G3 = max Pout

(1)

In summary, the multi-objective dynamic optimization model for the cement combined grinding
process is formulated in Eq. (2). Where G denotes the objective function, which aims to minimize
the deviation between the 45 μm residue and 5%, minimize unit energy consumption, and maximize
hourly throughput. In the constraint space of Eq. (2), f 1, f 2, and f 3 describe approximate nonlinear
relationships modeled by a data-driven temporal model. X is the global decision variable set, X = x1,
x2, . . . , x16. To avoid feature leakage and capture variable interactions, the full set X is used as input.
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G = {
min Qobj, min E, max Pout

}
s.t. Qobj = f1(X)

E = f2(X) (2)

Pout = f3(X)

ximin ≤ xi ≤ ximax

Due to significant differences in physical units and numerical ranges among the optimization
objectives, Z-score normalization is applied to preprocess the objective function values. This step
eliminates unit effects and improves the reliability of the Nash equilibrium-based decision framework.
This method transforms the data to a distribution with zero mean and unit standard deviation. It
unifies the scales of multiple objectives and improves robustness to outliers in industrial data through
the use of standard deviation. It also ensures balanced contributions of all participants in the game-
based decision process.

3 Proposed Method
3.1 Dynamic Operating-Condition Tracking Strategy

By constructing a data-driven sliding temporal model, dynamic tracking of continuous production
in the cement combined grinding process can be achieved. To tackle the multi-objective prediction
requirements, a Linformer-TCN-LSTM (LTL) model is introduced. The overall model architecture
is shown in Fig. 4. The input tensor of the model is denoted as R

B×C×T , where B = 1 is the batch
size, C = 16 is the number of feature variables, and T = 20 is the time window length. The output
dimension is denoted as RB×O, where O = 3 represents the predicted indicators of 45 μm sieve residue,
energy consumption, and production.

Figure 4: Linformer-TCN-LSTM model

To track operating conditions, a sliding-window scheme based on the LTL model is integrated,
where �t denotes the time interval. In a single optimization cycle, several consecutive historical data
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points are selected and denoted as 0∼t1. The dynamic decision-variable search strategy is then used
to obtain the optimized decision variables at time t2. These variables are fed into the LTL model to
generate the operating-condition tracking result at time t3, that is, the multi-objective prediction result.
Here, the time intervals between t1 and t2 and between t2 and t3 are both �t, whereas the interval from
0 to t1 is not �t. After each optimization is completed, the data window is shifted forward by one time
interval �t, and the optimization is performed again. The specific procedure is described in Eq. (3).⎧⎪⎨
⎪⎩

y(t3) = f (x(0), ..., x(t1), x(t2))

y(t4) = f (x(0 + �t), ..., x(t1 + �t), x(t2 + �t)), ...

y(tn) = f (x(0 + (n − 3) · �t), ..., x(t1 + (n − 3) · �t), x(t2 + (n − 3) · �t))

(3)

3.2 Dynamic Decision-Variable Search Strategy
This study proposes a dynamic decision-variable search strategy to address operating-condition

instability in the cement combined grinding process that arises from excessive adjustments of operating
variables. The strategy consists of FC calculation, cooperative game-based decision-making, and
decision-variable space adjustment. The overall procedure is illustrated in Fig. 5.

Figure 5: Dynamic decision-variable search strategy

3.2.1 Calculation of FC

The rationality of the decision-variable settings at the current time is evaluated by calculating the
FC between the current settings and the subsequent settings, as shown in Eq. (4). The calculated FC
is then compared with a predefined fluctuation thresholds (FT). If a solution satisfies the threshold
requirement, the optimal cooperative solution is obtained through cooperative game-based decision-
making. If none of the solutions meet the threshold requirement, the pareto front is recalculated by
adjusting the decision-variable space, followed by repeated evaluation.

FC =
N∑

n=1

ci

∣∣∣∣ xi − x∗
i

xmax
i − xmin

i

∣∣∣∣ (4)

where N denotes the total number of decision variables. xmax
i and xmin

i denote the upper and lower
bounds of the i-th decision variable, respectively. xi represents the corresponding pareto-front value of
the i-th decision variable. x∗

i denotes the current setting of the decision variable. ci represents the weight
of the i-th decision variable. ci is a process weighting factor that reflects the physical characteristics of
each variable. This factor does not assign equal importance to all variables. It is initially determined
based on the absolute values of the Pearson correlation coefficients and then fine-tuned with reference
to operator experience. By introducing ci, the fluctuation coefficient can more objectively represent
the operational stability of the production process in physical terms. The value of FC ranges from 0 to
1. A smaller FC indicates a smaller adjustment magnitude of the decision variables and a more stable
cement combined grinding process.
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3.2.2 Cooperative Game-Based Decision-Making

In conventional multi-objective optimization, inherent conflicts exist among the objectives of
qualified product quality, low energy consumption, and high production throughput. As a result, a
single pareto-optimal solution is insufficient to satisfy the requirements of coordinated optimization
in three or more dimensions. To address this decision-making dilemma, this article proposes a
cooperative game-theoretic framework. In this framework, the three optimization objectives are
modeled as rational collaborators, allowing multiple interests to be considered in a balanced manner.

The proposed cooperative game-theoretic framework first defines qualified cement quality (i.e.,
residue on the 45 μm sieve greater than 5%), minimization of energy consumption, and maximization
of production throughput as game participants, denoted as PQ, PE, and PP, respectively. The payoff
function of each participant is constructed according to its corresponding physical objective. Together,
these functions form a three-dimensional payoff space, as defined in Eq. (5). Where Q, P, and E denote
the objective values of the pareto-optimal solutions. Qmax, Pmax, and Emax represent the maximum values
of each objective on the pareto front, while Qmin, Pmin, and Emin denote the corresponding minimum
values.

UQ =

⎧⎪⎨
⎪⎩

1 − Q − 5
Qmax − 5

, Q > 5

0, Q ≤ 5

UE = 1 − E − Emin

Emax − Emin

(5)

UP = P − Pmin

Pmax − Pmin

The Nash product of each solution is calculated over the feasible solution set obtained after
screening using the fluctuation coefficient. The threat point d = [dQ, dE, dP] is determined according
to Eq. (6) by selecting the worst value of each objective within the feasible solution set. For each
feasible solution, the product of the payoff gains of the three participants is computed according to
Eq. (7). The solution that maximizes the Nash product is selected as the cooperative optimal solution.
In addition, weighting factors can be introduced into each term of the Nash product according to
practical production requirements. This allows a transition from absolute fairness to controllable
fairness.

di = min{Ui(x) |x ∈ pareto front}, i ∈ {Q, P, E} (6)

max
∏

(Ui(x) − di), i ∈ {Q, P, E}
s.t. (7)

x ∈ pareto front

UQ(x) ≥ dQ, UP(x) ≥ dP, UE(x) ≥ dE

3.2.3 Decision-Variable Space Adjustment

The population generated by the optimization algorithm exhibits substantial randomness. This
may cause the pareto front to deviate from the current settings of the decision variables. As a result,
direct application to production could induce severe operating-condition fluctuations. Therefore, it
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is necessary to dynamically adjust the bounds of each decision variable. When none of the pareto
fronts satisfy the FT, the decision-variable space is adjusted, as formulated in Eq. (8). By modifying
the constraint ranges of the decision variables, the pareto front is guided toward the current setpoints.
This reduces the magnitude of decision-variable adjustments and mitigates fluctuations in the cement
combined grinding process.{

x′
i min = x∗

i − ∣∣xi min − x∗
i

∣∣ ∗ r

x′
i max = x∗

i + ∣∣xi max − x∗
i

∣∣ ∗ r
(8)

where xi min and xi max denote the minimum and maximum values of the i-th decision variable, respec-
tively. x′

i min and x′
i max represent the adjusted range of the variable. The parameter r ∈ [0, 1] is the

adjustment ratio and decreases with each optimization iteration. The adjustment of the variable space
is performed with reference to the current setpoints of the decision variables. The constraint ranges
are scaled by the ratio r.

In summary, the flowchart of the proposed algorithm is shown in Fig. 6.

Figure 6: CGDS-LTL algorithm flowchart

4 Experiment

This section validated the effectiveness of the proposed algorithm through a series of experiments.
All experimental data were obtained from the actual production process of a cement plant in China.
The dataset was collected from the DCS and MES systems and included 16 decision variables and three
objective variables. The experiments were conducted in a Python 3.9.19 environment using platforms
including PyTorch 2.0.0. The models were trained on an RTX 5000 GPU with CUDA 11.7 support.

4.1 Performance Verification of LTL Temporal Model
To evaluate the multi-objective tracking accuracy and generalization ability of the proposed LTL

temporal model, the method was compared with classical algorithms, including Random Forest (RF)
and LightGBM, as well as widely used models such as Transformer-LSTM (TL) and TCN [24]. A
sliding window approach was adopted. Considering the detection delay of the particle size analyzer
and other factors, and in consultation with on-site operators, a time window of 20 min was used. This
window was used to construct a dataset containing 60,260 time-series samples. The dataset was divided
into training and test sets at a ratio of 9:1. For model training, the learning rate was set to 0.002. The
mean squared error was used as the loss function, and the Adam optimizer was applied. The number of
training epochs was set to 300. To prevent overfitting and improve model generalization, early stopping
is used. 10% of the training data is held out as an independent validation set.

The training set was evenly divided into ten subsets. 10-fold cross-validation was then conducted
for comparative experiments. The average results of the ten-fold cross-validation are shown in Table 2.
The LTL model demonstrated good generalization ability. The TL model improved the R2 values
for power consumption and production by 2.11% and 1.04%, respectively. However, the increased
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computational complexity of the Transformer led to a 2.38-fold increase in training time compared
with the LTL model. This result indicated that Linformer reduces model complexity through low-
rank attention and projection matrices. The TCN model had the shortest prediction time. However,
its performance in multi-objective prediction was limited. The classical algorithms RF and LightGBM
showed relatively poor performance in predicting the 45 μm sieve residue. RF had the longest training
time, which was 5.16-fold that of the LTL model. Its prediction time was also not competitive. The
performance of each model on the test set is shown in Fig. 7. The LTL model achieved the best
regression performance for the 45 μm sieve residue. Its performance for power consumption and
production was comparable to that of the TL model.

Table 2: Statistics of 10-fold CV results

Evaluation
model

45 μm sieve
residue (%)

Energy
consumption

(kWh/t)

Cement output
(t/h)

Training
time (s)

Prediction
time (s)

RMSE R2 RMSE R2 RMSE R2

LTL 0.35 0.91 0.49 0.95 4.56 0.96 13.98 0.07
RF 0.37 0.86 0.53 0.93 4.98 0.92 86.17 0.65
LightGBM 0.39 0.87 0.51 0.94 4.72 0.93 27.82 0.34
TL 0.38 0.88 0.39 0.97 3.17 0.97 47.25 0.48
TCN 0.51 0.78 0.83 0.86 8.57 0.85 39.62 0.05

(a) 45  m sieve residue (b) Energy consumption (c) Cement output

Figure 7: Model prediction results

4.2 Comparison of Multi-Objective Optimization Algorithms
To verify the performance advantages of the CGDS-LTL algorithm in the multi-objective opti-

mization of the cement combined grinding process, particularly its capability in handling dynamic
time-varying processes, this section compared it with the C-TAEA and NSGA-II algorithms. Hyper-
volume (HV), Spacing (SP), and Spread were used as evaluation metrics. HV is used to measure the
volume of the objective space dominated by the pareto solution set, reflecting both convergence and
diversity. A larger HV value indicates better overall performance of the solution set. SP is used to eval-
uate the distribution uniformity of the pareto solution set. A smaller SP value indicates a more uniform
distribution and better diversity. Spread is used to assess the extent and distribution uniformity of the
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solution set. A smaller value indicates wider coverage and a more uniform distribution. The calculation
procedures are given in Eqs. (9)–(11). Where S denotes the pareto set, fj(xi) represents the i-th solution
of the j-th objective value, and zref denotes the reference point. Before calculating the HV, the objective
function values are linearly mapped to the interval [0, 1]. This mapping eliminates potential negative
values after Z-score normalization and unifies the evaluation scale, where 1.0 represents the worst
observed value. Based on this mapping, the reference point is set to 1.1 times the worst value, i.e.,
zref = [1.1, 1.1, 1.1]. This setting ensures that the HV metric is evaluated under a consistent and fixed
reference framework. In addition, d is the average of di, and d(ek, S) denotes the minimum distance
between the extreme solution of each objective and the solution set S. All optimization algorithms
employed the LTL temporal model to evaluate the optimization process. The model parameter settings
followed those in Section 4.1. The population size of each optimization algorithm was set to 30, and
the number of generations was 100. For C-TAEA, the number of partitions was set to 10. Each
algorithm was executed 25 times. The mean and variance statistics of the key performance indicators
are summarized in Table 3.

HV = volume

( |S|⋃
i=1

[f1(xi), zref
1 ] × [f2(xi), zref

2 ] × [f3(xi), zref
3 ]

)
(9)

SP =
√√√√ 1

|S| − 1

|S|∑
i=1

(di − d)
2
, di = minj 	=i

∑3

k=1

∣∣fk(xi) − fk(xj)
∣∣ (10)

Spread =
∑3

k=1 d(ek, S) + ∑|S|
i=1

∣∣∣di − d
∣∣∣∑3

k=1 d(ek, S) + |S| d
(11)

Table 3: Statistics of different model metrics

Algorithm HV SP Spread

Avg. SD Avg. SD Avg. SD

CGDS-LTL 2.32 2.99 0.08 0.03 0.37 0.07
C-TAEA 1.19 1.60 0.11 0.05 0.80 0.10
NSGA-II 1.74 3.19 0.10 0.03 0.46 0.12

As shown in Table 3, the CGDS-LTL algorithm significantly outperforms the NSGA-II and C-
TAEA methods across multiple performance metrics. The HV of CGDS-LTL increases by 95% and
33.3%, respectively. This indicates that the algorithm dynamically contracts the search boundaries
through the variable-space adjustment mechanism, enhances local fine-grained search capability, and
yields solution sets with improved convergence and overall quality. The SP values decrease by 27.3%
and 20%, respectively. This demonstrates that the cooperative game-theoretic framework transforms
multi-objective conflicts into a Nash bargaining problem, automatically identifies equilibrium solu-
tions, and produces a more uniform distribution of the solution set. The Spread values decrease by
53.8% and 19.6%, respectively. This indicates that the algorithm constrains the adjustment magnitude
of decision variables using the fluctuation coefficient. As a result, severe fluctuations in the production
process are avoided, and the coverage of the solution set is improved. As illustrated by the optimization
objective statistics of different algorithms in Fig. 8, CGDS-LTL maintains the residue on the 45 μm
sieve at approximately 5%. At the same time, it achieves a significant reduction in energy consumption
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and a steady increase in production throughput. This confirms its engineering value in dynamically
optimizing energy consumption and production under the constraint of qualified product quality.

(a) 45   m sieve residue (b) Energy consumption (c) Cement output

Figure 8: Comparison of optimization objective values for different models

4.3 Comparison of Multi-Objective Optimization Algorithms
In this section, different fluctuation thresholds, FT = 0.2, 0.25, 0.4, 0.6, and 0.9, were examined

to identify the optimal configuration balancing convergence, diversity, and process stability. The
algorithm settings were the same as those in Section 4.2. For each threshold, 25 optimization runs
were performed. To reduce randomness, the algorithm was executed ten times for each FT value, and
the results were averaged.

Taking x16 as an example, the box plots under different FT values are shown in Fig. 9. As
FT decreased, the normal distribution curves and quartiles became more concentrated. When FT
decreased from 0.9 to 0.25, data concentration increased by 30.8%, indicating that a smaller FT helps
reduce operating-condition fluctuations. However, whether further reducing FT improves production
performance still requires analysis with statistical performance indicators. When FT reached 0.25,
the mean and quartile distributions changed little, while data concentration increased by only
5.9%. Therefore, further reduction of FT should be determined by overall production performance
indicators.

Figure 9: Statistical distribution of different FT decision variables
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The statistical results of the 45 μm sieve residue, energy consumption, and production throughput
under different FT conditions are shown in Fig. 10. When FT was 0.9 or 0.6, the variable-space adjust-
ment strategy was rarely used, and the optimal solution was mainly selected from the Pareto front
through the cooperative game-theoretic decision mechanism, resulting in relatively poor production
performance. When FT decreased to 0.4, the algorithm computed FC values and occasionally applied
the variable-space adjustment strategy, improving production performance. When FT was further
reduced to 0.25, the algorithm achieved lower energy consumption and higher production throughput
while maintaining qualified product quality.

(a) 45   m sieve residue (b) Energy consumption (c) Cement output

Figure 10: Comparison of optimization objective values for different FT

The statistical results of HV, SP, and Spread under different FT conditions are as follows. When
FT = 0.9, the HV, SP, and Spread values are 0.88, 0.19, and 0.74, respectively. The relatively high
FT value provides a larger solution space for the algorithm but leads to slower convergence. When
FT was reduced to 0.4, HV increased by 90.9%, while SP and Spread decreased by 10.5% and 9.5%,
respectively. This indicates that a moderate reduction in FT improves the search efficiency of the
algorithm and reduces optimization bias. However, when FT was further reduced from 0.25 to 0.2,
HV increased by only 0.8%, SP decreased by 0.1%, and the Spread value remained unchanged. This
suggests that the effect of further reducing FT becomes saturated and that the balance between
exploration and exploitation approaches its limit.

4.4 Industrial Data Analysis
In this section, one hour of real historical data from a cement combined grinding process was

selected. The CGDS-LTL algorithm was applied to optimize the decision variables for the latter half
of the time-series data. Its effectiveness was verified by comparing the resulting production indicators
with those obtained using the original decision variables. To highlight the advantages of the proposed
algorithm, the NSGA-II algorithm was also introduced for comparison. The parameter settings were
consistent with those in Section 4.2. In this section, the FT value of the CGDS-LTL algorithm was set
to 0.25. The comparative statistics of the production indicators are shown in Fig. 11.

Based on real historical operating data, the solution obtained using the CGDS-LTL algorithm
yielded a 45 μm residue that was closer to the target value. The average power consumption was 29.87
kWh, representing a reduction of 2.18% compared with the historical power consumption. Meanwhile,
the average hourly throughput reached 297.17 t/h, corresponding to an increase of 5.25%. In addition,
compared with NSGA-II, the reduction in power consumption increased by 0.9%, the improvement
in throughput increased by 2.87%, and the average FC value was reduced by 49.07. In summary, the
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application of the CGDS-LTL algorithm reduced power consumption and increased hourly cement
throughput while ensuring qualified product quality in the cement combined grinding process.

(a) 45   m sieve residuev (b) Energy consumption

(c) Cement output (d) Comparison of FC values

Figure 11: Comparison of optimization objective value statistics

5 Conclusion

This study addressed the conflicts among multiple production indicators, the time-varying char-
acteristics, and production stability issues caused by improper adjustment of operating variables in the
cement combined grinding process. It proposed a dynamic multi-objective cooperative optimization
algorithm (CGDS-LTL). The algorithm introduced a FC value to constrain the adjustment range
of decision variables. It employed the Nash bargaining solution from cooperative game theory to
achieve a multi-objective balance and incorporated a variable space adjustment strategy to enhance
adaptability to time-varying operating conditions.

However, although the CGDS-LTL algorithm performed well, its adaptive capability in response
to sudden process disturbances still requires validation. The current fluctuation threshold was set
based on empirical tuning and lacks theoretical guidance. Future research will focus on developing
an adaptive mechanism for the fluctuation constraint.
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