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Abstract: To address the challenge of the real-time monitoring of alumina concentrations
during the production process, this paper employs a Deep Belief Network (DBN) within the
framework of deep learning to predict alumina concentration. Additionally, the improved
Grey Wolf Optimizer (IGWO) is utilized to optimize key parameters of the DBN model,
including the number of hidden layer nodes, reverse iteration count, and learning rate.
An IGWO-DBN hybrid model is then constructed and compared against DBN models
optimized by other techniques, such as the Sparrow Search Algorithm (SSA) and Particle
Swarm Optimization (PSO), to evaluate the predictive performance. The comparative anal-
ysis reveals that, in terms of predictive accuracy, the IGWO-DBN model outperforms both
the SSA-DBN and PSO-DBN models. Specifically, it achieves lower root mean square errors
(RMSE) and mean absolute errors (MAE), alongside a higher coefficient of determination
(R2). Furthermore, the IGWO-DBN model exhibits a faster convergence rate and a lower
final convergence value, indicating superior generalization ability and robustness. Further-
more, the IGWO-DBN model not only demonstrates significant advantages in prediction
accuracy for alumina concentration but also substantially reduces model training time
through its efficient parameter optimization mechanism. The successful implementation
of this model provides robust support for the intelligent and refined management of the
aluminum electrolysis industry, aiding enterprises in reducing costs, improving production
efficiency, and advancing the green and sustainable development of the industry.

Keywords: aluminum electrolysis; alumina concentration; deep belief network;
neural network; improved grey wolf optimization; the IGWO-DBN model

1. Introduction
In industrial production, certain variables are challenging to measure online due to

technological limitations or the high cost of sensors. However, these variables play a
critical role in determining both intermediate and final product quality, thereby requiring
continuous monitoring and control. In such cases, mathematical models—commonly
referred to as soft sensing models—are developed to estimate these difficult-to-measure
variables based on easily measurable ones [1].

In the aluminum electrolysis industry, manual inspections are not only costly and
inefficient but also present significant safety risks. As a result, the application of soft
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measurement techniques, particularly the use of soft sensing models for real-time alumina
concentration prediction, becomes crucial. Maintaining alumina concentration within
the optimal range is essential for ensuring the stable and efficient operation of industrial
aluminum production. Practical experience indicates that the optimal alumina concentra-
tion range is between 1.5% and 2.5%, at which point the current efficiency of aluminum
electrolysis is maximized [2]. If the alumina concentration is too high, precipitation may
occur at the bottom of the cell, leading to reduced current efficiency, increased resistance,
and cathode voltage drop, potentially compromising the stability of the aluminum liquid
layer. Conversely, if the alumina concentration is too low, anode effects are more likely
to occur, resulting in a sharp increase in cell voltage and disrupting the energy balance
of the cell. Therefore, to achieve higher current efficiency, it is imperative to maintain
the alumina concentration within a narrow range that is low enough to prevent anode
effects, yet high enough to ensure operational stability. Hence, the accurate prediction
and control of alumina concentration are critical prerequisites for an efficient, stable, and
energy-efficient aluminum electrolysis process.

Given the challenge of the real-time monitoring of alumina concentrations, a critical pa-
rameter in aluminum electrolysis processes, scholars worldwide have conducted extensive
research into its online measurement and prediction, yielding significant advancements.
Specifically, Wang et al. [3] propose a rapid prediction method for alumina concentration
that combines Particle Swarm Optimization (PSO) with Least Squares Support Vector Ma-
chines (LS-SVM). Li et al. [4] introduces a Bayesian regression model, grounded in Bayesian
theory, for predicting alumina concentration within aluminum electrolysis cells. Li et al. [5]
presents an innovative fuzzy expert control approach that integrates online intelligent
identification, multi-control modes with self-decision mechanisms, and variable universe
techniques, enabling both prediction and real-time control of alumina concentration. Wang
et al. [6] suggests a fast and effective method for alumina concentration prediction, uti-
lizing a Genetic Algorithm (GA) to optimize the structure and parameters of a BP neural
network, which is subsequently used for prediction. Zhu et al. [7] proposes a prediction
method for alumina concentration in electrolysis cells based on Long Short-Term Memory
(LSTM) neural networks optimized by Particle Swarm Optimization (PSO). Furthermore,
Li et al. [8] introduces a prediction model based on wavelet neural networks, which tracks
cell resistance parameters related to alumina concentration, dynamically adjusts the con-
troller, and regulates alumina feeding through a feeding device to maintain concentration
within the desired range. Finally, Zhang et al. [9] presents a detection method for alumina
concentration based on kernel extreme learning machines.

To achieve precise prediction of alumina concentration in aluminum electrolysis
processes, this paper employs a Deep Belief Network (DBN) for alumina concentration
prediction. DBN, which has been widely applied in various machine learning tasks and is
capable of addressing complex issues effectively, thereby enhancing learning performance.
The DBN has also found broad applications across diverse domains, such as fault diagnosis
in photovoltaic arrays [10], bearing fault diagnosis [11], and research on predicting muzzle
vibration in artillery [12].

Given the significant impact of DBN model parameters on prediction accuracy, this
paper adopts an improved Grey Wolf Optimizer (GWO) algorithm to optimize and ad-
just these parameters. Several experts and scholars have previously achieved promising
results in optimizing DBN model parameters using intelligent optimization algorithms.
For example, Liu et al. [13] presents a fault diagnosis model based on a Particle Swarm
Optimization-optimized Deep Belief Network (PSO-DBN) for multi-sensor information fu-
sion. Kong et al. [14], proposes a combined navigation fault diagnosis technique utilizing a
Genetic Algorithm-optimized Deep Belief Network (GA-DBN). In a paper published by our
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team, Li et al., we combined Empirical Mode Decomposition (EMD) with Particle Swarm
Optimization (PSO) and DBN to propose a soft-sensing model for alumina concentration,
the EMD-PSO-DBN model. This model effectively denoises and optimizes the structure of
the prediction model.

With ongoing research and development in soft measurement techniques, significant
progress has been made in the accurate prediction of alumina concentration in aluminum
electrolysis processes. However, the theoretical framework of soft sensing remains incom-
plete, and effective methodologies to guide its practical application are still lacking [15].
To further refine and improve the accuracy of alumina concentration prediction in soft
sensing models, this paper introduces a Deep Belief Network (DBN) optimized by an
Improved Grey Wolf Optimization (IGWO) algorithm. This approach addresses the issue
of local optima resulting from random initialization by optimizing key network parameters,
including the number of hidden layer nodes, the backpropagation learning rate, and the
backpropagation iterations of the DBN. The IGWO-DBN model has been successfully im-
plemented, enhancing both prediction accuracy and convergence speed. This work further
refines the theoretical framework for accurate alumina concentration prediction, providing
a robust methodological guide for the practical application of soft measurement techniques.
The effectiveness of this approach has been validated through simulations, significantly
enhancing both the prediction accuracy and the stability of the model.

2. Optimization Algorithm and Prediction Model
2.1. Improved Grey Wolf Optimizer Algorithm
2.1.1. Grey Wolf Optimizer Algorithm

The Grey Wolf Optimizer (GWO), inspired by the collective hunting behaviour of
wolves, is a novel swarm intelligence optimization algorithm [16]. It iteratively searches for
optimal solutions by simulating the hunting behaviour of wolves, demonstrating strong
applicability and search capabilities for parameter optimization problems [17]. He et al. [18]
shows that the GWO achieves significant improvements in both prediction accuracy and
computational efficiency compared to traditional prediction algorithms. However, the
initial population generation method in GWO leads to limited population diversity, as
random initialization cannot guarantee effective diversity. Moreover, the search mechanism
of the GWO algorithm often results in slow convergence during later stages. Wolves
primarily determine their distance from prey based on their proximity to the α, β, and δ

wolves, which contributes to a slower convergence rate in the later stages. Additionally,
the algorithm is prone to becoming stuck in local optima, as the α wolf may not always
represent the global optimum. As the ω wolves continuously approach the top three
wolves during iterations, the GWO algorithm risks converging to local optimal solutions.
To address the issues of premature convergence and low accuracy in the basic GWO, an
improved version incorporating a Dimensional Learning Hunting (DLH) search strategy
is proposed [19].

2.1.2. Improved Grey Wolf Optimizer Algorithm

The Improved Grey Wolf Optimizer (I-GWO), proposed by Nadimi-Shahraki H M
et al. [20], is designed to address global optimization and engineering design problems. The
I-GWO incorporates a novel movement strategy, known as the Dimensionality Learning
Hunting (DLH) search strategy, which is inspired by the individual hunting behaviour of
wolves in nature. In the DLH approach, various techniques are employed to construct a
neighbourhood for each wolf, enabling the sharing of information among neighbouring
wolves. The dimensionality learning aspect of the DLH strategy enhances the balance
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between local and global search capabilities while preserving population diversity. The
IGWO based on the DLH search strategy primarily involves the following stages:

(1) Initialization Phase

In this phase, N grey wolf individuals are randomly distributed within the search
space according to Equation (1), within the given range [ lj, uj

]
.

Xij = lj + randj[0, 1]×
(
uj − lj

)
,

i ∈ [1, N], j ∈ [1, D]
(1)

The position of the i-th grey wolf at the t-th iteration is represented by the
vector Xi(t) = {Xi1, Xi2, . . ., XiD}, where D denotes the dimensionality of the problem. The
entire pack of wolves is stored in a matrix Pop, which has N rows and D columns. The
fitness value of Xi(t) is calculated by the fitness function f(Xi(t)).

(2) The Motion Phase

Apart from pack hunting, individual hunting is another social behaviour of grey
wolves, which serves as the motivation for improving the GWO. The IGWO incorporates
an additional movement strategy known as the Dimension Learning-based Hunting (DLH)
search. In DLH, each wolf’s neighbours are recognized as potential candidates for its new
position Xi(t). The following steps describe how the canonical GWO and the DLH search
strategy generate two distinct candidates.

Canonical GWO Search Strategy: In GWO, the top three best wolves from the popu-
lation Pop are identified as α, β, and δ. Subsequently, the linearly decreasing coefficient
a and coefficients A and C are calculated using respective formulas. Then, taking into
account the positions of Xα, Xβ, and Xδ, the encircling of prey is determined through
the corresponding formula. Finally, the first candidate for the new position of the grey
wolf Xi(t), denoted as Xi−GWO(t + 1), is computed using the relevant formula. Dimension
Learning-based Hunting (DLH) Search Strategy: In the original GWO, a new position is
generated for each wolf with the assistance of the three leading wolves from Pop. This
approach results in slow convergence of GWO, premature loss of diversity within the
population, and wolves becoming trapped in local optima. To address these deficiencies,
the proposed DLH search strategy considers the individual hunting of wolves to be learned
from their neighbours. In the DLH search strategy, each dimension of the new position of
Xi(t) is calculated by Equation (4), where the individual learns from its various neighbours
and randomly selected individuals from Pop. Furthermore, besides Xi−GWO(t + 1), the
DLH search strategy computes a radius Ri(t) based on the Euclidean distance between the
current position of Xi(t) and the candidate position Xi−GWO(t + 1).

Ri(t) =||Xi(t)− Xi−GWO(t + 1) || (2)

Then, the neighbourhood of Xi(t), denoted by Ni(t), is constructed using Equation (3)
with respect to the radius Ri(t), where Di represents the Euclidean distance between Xi(t)
and Xj(t).

Ni(t) =
{

Xj(t)
∣∣Di

(
Xi(t), Xj(t) ≤ Ri(t), Xj(t)ϵPop

)}
(3)

Once the neighborhood of Xi(t) is constructed, more than neighborhood learning is
performed by Equation (3), where the d-th dimension of Xi−DLH,d(t + 1) is computed based
on a randomly selected Xi,d(t) from Pop.

Xi−DLH,d(t + 1) = Xi,d(t) + rand × (Xn,d(t)− Xr,d(t)) (4)
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(3) Selection and Update Phase

At this stage, firstly, the more outstanding candidate position is selected by compar-
ing the fitness values of the two candidate positions Xi−GWO(t + 1) and Xi−DLH,d(t + 1)
through Formula (5).

Xi(t + 1) =

{
Xi−GWO(t + 1)
Xi−DLH,d(t + 1)

(5)

Then, in order to update the new position of Xi(t + 1), if the fitness value of the
selected candidate is smaller than that of Xi(t), Xi(t) is updated with the selected candidate;
otherwise, Xi(t) remains unchanged in Pop.

Lastly, after this process is performed for all individuals, the iteration counter (iter)
is incremented by 1, and the search can iterate until the predefined number of iterations
(Maxiter) is reached. The process flow is shown in Figure 1.
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2.2. Deep Belief Network (DBN)

DBN, proposed by Hinton et al. [21], is a probabilistic deep learning model that
combines unsupervised and supervised learning. It integrates deep learning with feature
learning, enabling efficient analysis of large-scale time-series data within a short time frame.
With its superior data fitting capabilities, DBN addresses the limitations of backpropa-
gation (BP) networks, which have stringent input data requirements and relatively long
prediction cycles [22].

The DBN is structured as a multi-layer neural network, comprising an input layer, an
output layer, and several hidden layers. Unlike a standard deep neural network (DNN),
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DBN uses Restricted Boltzmann Machines (RBMs) as its fundamental building blocks.
As shown in Figure 2, the network consists of a stack of multiple RBMs at the bottom,
followed by a layer of Backpropagation (BP) network at the top. In an RBM, the weights
and bias parameters of the visible and hidden layers are trained independently and in an
unsupervised manner. Training concludes after the specified number of iterations, and
the network is subsequently connected to the initial DBN model. However, this approach
typically leads to a locally optimal solution, as each layer of the RBM reaches its optimal
state individually [23]. The training process is divided into two stages: pre-training and fine-
tuning. The pre-training stage involves training each RBM layer in the DBN progressively
while preserving as much feature information as possible for subsequent layers [24]. The
fine-tuning stage adjusts the parameters using the traditional BP algorithm to ensure that
all model parameters converge to their optimal values.
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2.3. Model Parameter Selection

The successful application of Deep Belief Networks (DBNs) depends critically on
the appropriate configuration of their architecture, particularly the optimal size, which is
determined by the number of hidden neurons [25]. The IGWO-DBN model proposed in
this paper is constructed with an input layer, two RBM layers, and an output layer. The
pre-training process involves 150 epochs, with five sets of data trained per epoch. The
pre-training learning rate is set to 0.005. The number of hidden layer nodes in the two RBM
layers is optimized using the IGWO algorithm. Additionally, the number of iterations and
the learning rate for backpropagation fine-tuning are optimized by IGWO, with five sets of
data trained per iteration during the fine-tuning phase. The scale factor for the learning
rate during fine-tuning is set to 1.

The prediction accuracy of the model is strongly influenced by the configuration of
network parameter [26]. The performance of the DBN model is highly sensitive to the choice
of hyperparameters. By optimizing these parameters through algorithms, the optimal
settings can be obtained, thus enhancing the model’s performance [27]. Determining the
number of hidden layer nodes in the DBN does not follow a regular pattern, yet this
choice is crucial for the proper functioning of the network. Similarly, the learning rate and
number of iterations in the fine-tuning stage significantly impact network performance.
The learning rate controls the speed of weight updates: a higher learning rate can accelerate
convergence but may also cause overfitting. While increasing the number of training epochs
can improve model accuracy, excessive training may also lead to overfitting. This paper
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optimizes and automatically searches for the three critical parameters of the DBN model
using the IGWO algorithm..

3. Experimental Study and Model Validation
3.1. Aluminum Electrolysis Data

The experimental data in this study consist of voltage and current measurements
collected from 24 anode rods on side A of electrolytic cell No. 2875 during the aluminum
electrolysis production process at the Zunyi Aluminum Factory. The anode rod measure-
ment device used in this experiment is shown in Figure 3 [28].
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The anode rod measurement device transmits data to the host computer via the RS485
communication protocol, while simultaneously displaying real-time data locally. The
real-time data collected is shown in Figure 4 [28].
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Figure 4. Data acquisition display diagram of anode current measuring device.

Due to the lack of suitable sensors for measuring alumina concentration in current
technologies, alumina concentration data are primarily obtained through on-site sampling.
This process involves multiple steps, including drilling sampling holes, collecting samples,
cooling, packaging, and sending the samples to the laboratory for assay and chemical
analysis. An overview of this process is illustrated in Figure 5 [28].
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Remark 1. The use of real-time voltage and current measurements from anode rods provides a
continuous and accurate representation of the electrolysis process, which can be critical for optimizing
operational parameters. However, the reliance on manual sampling for alumina concentration data
remains a limitation in current practises, suggesting a need for the development of more advanced
soft sensing models to improve the efficiency and accuracy of alumina concentration data collection
in aluminum electrolysis operations.

The data for the dominant variable of alumina concentration, along with the corre-
sponding auxiliary variables of bipolar voltage and anode conductor current, were collected.
Among these, 600 complete datasets were selected for verification, with 500 sets used as
the training sample set and 100 sets reserved for testing. To eliminate the differences in
the order of magnitude among the data and avoid large prediction errors due to signifi-
cant disparities between input and output magnitudes, the data were normalized prior to
DBN prediction. The data normalization was performed using the maximum-minimum
standardization method, and the calculation formula is as follows:

Xstd =
x − xmin

xmax − xmin
(6)

In the formula: Xstd represents the processed number, X represents the initial num-
ber, Xmax represents the maximum number of selected samples, and Xmin represents the
minimum number of selected samples.

3.2. Model Evaluation Metrics

The performance of the DBN model is determined by its goodness-of-fit and accuracy,
which can be described through metrics such as the coefficient of determination (R2), root
mean square error (RMSE), and mean absolute error (MAE). The formula for calculating R2

is as follows:

R2 = 1 − ∑n
i=1

(
yi − ŷi)

2

∑n
i=1(yi − y)2 = 1 − RMSE

Var
∈ [0, 1] (7)

where Var represents the variance, and RMSE stands for the root mean square error.
The larger the R2 value (approaching 1), the smaller the error between the predicted

and actual values in the sample, indicating a better explanation of the dependent variable
by the independent variable in the regression analysis, i.e., the more accurate the model’s
prediction results.

RMSE, standing for root mean square error, is a typical metric for regression models,
representing the error generated by the model during prediction.

RMSE =

√
1
n∑n

i=1(yi − ŷi)
2,∈ [0,+∞) (8)
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where y represents the actual value and ŷ denotes the predicted value. Generally, the
smaller the RMSE value, the more accurate the model’s prediction results are.

MAE, standing for mean absolute error, is used to measure the average absolute
difference between the predicted and actual values.

MAE =
1
n∑n

i=1|yi − ŷi|,∈ [0, ∞) (9)

where y is the actual value and ŷ is the predicted value. Typically, the smaller the MAE
value, the more accurate the model’s prediction results are.

3.3. Design of the Soft Sensor Model

Based on the theoretical analysis presented above and leveraging the advantages of the
Improved Grey Wolf Optimization (IGWO) algorithm, this study proposes a hybrid fore-
casting model, termed IGWO-DBN, which integrates the strengths of both methodologies.
The model encompasses several critical stages, including data input and preprocessing,
parameter optimization via IGWO, DBN training, prediction, and final output. The detailed
framework is outlined as follows:

(1) Data Input and Preprocessing

The system begins by importing the relevant datasets. Subsequently, the input data
undergoes preprocessing, with normalization applied in this study to ensure data qual-
ity and enhance the model’s learning efficiency. Normalization standardizes the data
range, thereby mitigating potential biases and improving the convergence rate during the
training process.

(2) IGWO-Based Parameter Optimization

The optimization process begins with the initialization of the grey wolf population,
where multiple candidate solutions are randomly generated as the starting points for the
search. The fitness values of the current grey wolf positions are then computed, and the
primary candidate position is identified. A local search is conducted within a defined
radius around this candidate position to explore potential improvements. To further refine
the search, a multi-neighbourhood learning strategy (DLH) is employed, yielding higher-
quality candidate positions. The positions are updated by integrating the primary candidate
position, the results from the DLH search, and the individual with the lowest fitness value,
thereby enhancing search precision. The fitness values of all candidate individuals are
compared, and the top three grey wolves are selected as the new leaders for the subsequent
search. The algorithm iterates this process until the maximum iteration count is reached, at
which point the optimal parameters are output.

(3) DBN Training and Prediction

The optimal parameters obtained from the IGWO process are utilized to train the
Deep Belief Network (DBN). Once the DBN model is configured with these parameters,
it undergoes training using the prepared dataset to learn the underlying patterns. Upon
completion of the training phase, the model is applied to the test dataset to perform the
prediction task, generating forecasts for the target variable, such as alumina concentration.
The overall workflow of the proposed IGWO-DBN model is illustrated in Figure 6.
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4. Results Analysis
4.1. Parameter Optimization Results

The optimal number of hidden layer nodes, the number of backpropagation iterations,
and the backpropagation learning rate obtained after optimizing the DBN through the
IGWO, SSA, and PSO algorithms are shown in Table 1.

Table 1. Optimized network parameters for the DBN model.

Composition Model Hidden Layer Structure Reverse Learning Rate Reverse Iteration Times

PSO-DBN 25–25 0.9675 200
SSA-DBN 28–64 0.9265 400

IGWO-DBN 64–60 0.6083 481

4.2. Comparison of Simulation Results

To verify the improvement effect of IGWO on the DBN, the traditional DBN model is
compared with the DBN model improved by IGWO, and the simulation results are shown
in Figure 7. This paper also selects the models optimized by the Sparrow Search Algorithm
(SSA) and Particle Swarm Optimization (PSO) for comparison with the IGWO-optimized
model. After tuning the networks, the simulation results are shown in Figure 8.

As illustrated in Figure 7, the model optimized using IGWO exhibits noticeable
improvements in prediction accuracy. Figure 8 further demonstrates that models optimized
by different algorithms achieve varying degrees of accuracy enhancement. Among these,
the DBN model optimized by the Improved Grey Wolf Optimization (IGWO) algorithm
outperforms the other two models in overall performance, showing smaller deviations
between predicted and actual alumina concentration values, higher prediction accuracy,
and greater system stability. Additionally, in terms of convergence, the IGWO-DBN model
demonstrates a significant advantage, achieving a faster convergence rate and a lower final
convergence value compared to the other two models, as shown in Figure 9.
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Table 2 presents the data of evaluation indicators corresponding to the four models.
Among PSO-DBN, SSA-DBN, and IGWO-DBN, IGWO-DBN has the best fitting effect.
Moreover, the MAE and RMSE values of the IGWO-DBN model are slightly lower than
those of the other models, confirming the effectiveness and accuracy of this model.
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Table 2. Comparison of prediction results optimized by different algorithms.

Prediction Model MAE RMSE R2

DBN 0.048723 0.054227 0.97494
PSO-DBN 0.030706 0.037375 0.95899
SSA-DBN 0.021147 0.032541 0.96041

IGWO-DBN 0.020947 0.028466 0.96846

5. Conclusions
This study successfully introduces an alumina concentration prediction model based

on an Improved Grey Wolf Optimization (IGWO)-optimized Deep Belief Network (DBN).
By employing the IGWO algorithm to optimize the number of hidden layer nodes dur-
ing the pre-training phase, as well as the learning rate and iteration count during fine-
tuning, the model effectively minimizes the impact of manual parameter selection on
prediction accuracy.

Experimental results demonstrate that the IGWO-DBN model surpasses traditional
PSO-DBN and SSA-DBN models in both prediction accuracy and reliability. It achieves
lower root mean square error (RMSE) and mean absolute error (MAE), a higher coefficient
of determination (R2), faster convergence speed, and a lower final convergence value.
These improvements highlight the model’s superior generalization capability and robust-
ness, underscoring its practical significance in aluminum electrolysis production. The
proposed approach enhances production efficiency and ensures more stable monitoring of
alumina concentration, thereby providing stronger support for intelligent decision-making
in process control.

Despite these promising results, certain limitations remain. The theoretical framework
for accurately predicting alumina concentration in aluminum electrolysis is still evolv-
ing. Future research should focus on further minimizing prediction errors in soft-sensing
models and improving their accuracy to enhance both robustness and practical applica-
bility. Continued exploration in this direction will be crucial for advancing the field and
addressing existing challenges.
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