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ABSTRACT At present, the energy consuming during the electrolytic copper foil preparation accounts for 

more than 75% of the total energy consumption. In real-life production, the process parameters are set by 

the operator empirically and the system may not work at the operating point with minimum energy 

consumption. Therefore, it is critical to establish an effective model for predicting electrolysis energy 

consumption to guide the parameters design. In this paper, a novel hybrid model (named PSVM-PMLP-

MLR) based on stacked ensemble learning is proposed. The model is divided into two parts: the base-

learning model and the meta-learning model. The support vector machine (SVM) model and multilayer 

perceptron (MLP) model with different input structures are established by the former first. Then the particle 

swarm algorithm is employed to determine the optimal value of SVM parameters and the optimal weight of 

MLP by minimizing the mean absolute percentage error (MAPE). The multiple linear regression (MLR) is 

finally employed as a meta-learning machine to compute the final predictions. Experimental results show 

that the regression coefficient of this model reached 0.987, and compared with the traditional SVM and 

MLP models, the accuracy of the model is improved by 10.29% and 8.28%, respectively. 

INDEX TERMS Ensemble learning, electrolytic preparation of copper foil, energy consumption, machine 

learning. 

I. INTRODUCTION 

With the continuous development of 5G, industrial 

intelligence, and new energy vehicles, etc., the demand for 

copper-clad laminate (CCL) and printed circuit board (PCB) 

is growing rapidly. As the basic electronic material, 

electrolytic copper foil is not only indispensable but also 

influences the conductivity of circuits and the 

interconnection of electronic components in producing CCL 

and PCB. However, during the whole production process, the 

electrolytic preparation consumes more than 75% of energy 

consumption. It is imperative to reduce this energy 

consumption to save cost.  

The energy consumption of electrolysis is proportional to 

the cell voltage and is inversely proportional to the current 

efficiency. And electrolytic copper foil is produced at low 

copper ion concentration and high current density. The 

former makes the cathode undergo hydrogen evolution, 

resulting in a decrease in current efficiency. And the later 

leads to high cell voltage. The combined effects of these two 

aspects lead to the high energy consumption. In real-life 

production, the process parameters are set by the operator by 

virtue of experience. Hence, the energy consumption is not 

under the specific control. Due to it is difficult to establish a 

mathematical model to describe the functional relationship 

between the energy consumption of electrolysis and the 

process parameters, most researches try to reduce energy 

consumption by restructuring the electrolytic cell [1], [2], 

developing new cathode materials [3], [4] and ion exchange 

membranes [5], etc. 

As suitable materials are hard to find and their costs are 

high, the consumption is hard to be further reduced by 

modifying hardware equipment. To address this issue, a soft 

method to reduce the consumption is proposed in this paper 

which aims at finding a set of process parameters that can 
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minimize the consumption while ensuring production quality. 

The key of the method is to get an accurate and reliable 

energy consumption prediction model. 

In the past decade, the machine learning (ML) methods 

have been adopted to predict complex nonlinear processes 

[6]-[8]. However, there are two difficult points in this study: 

(i) It is difficult to obtain a large amount of data. 

(ii) During the whole production process of electrolytic 

copper foil, the process parameters are characterized by large 

number, strong coupling and strong nonlinearity. 

Support vector machine (SVM), as one of the most classic 

ML algorithms, is famous for its ability to efficiently solve 

nonlinear problems with small samples [9], [10]. It has been 

widely used in regression, classification, nonlinear function 

approximation and some other analysis [11]-[13]. Related 

research shows that SVM can be adopted for high-precision 

energy consumption prediction [14]. Therefore, considering 

the first difficult point (i), it is expected to use SVM to obtain 

a higher performance energy consumption prediction model. 

Inspired by a mathematical model of biological neural 

networks, the artificial neural networks (ANN) represents a 

model that imitates the work way of the brain. It is 

characterized by strong robustness, memory, nonlinear 

mapping ability and self-learning ability. As one of the 

commonly utilized prediction algorithms in ANN, the 

multilayer perceptron (MLP) algorithm stands out in solving 

various prediction problems because of its strong fitting 

ability [15], [16]. Therefore, the MLP is adopted for the 

second difficult point (ii). 

However, problems often occur with these methods, such 

as the sensitivity of parameter, local optimum and over-

fitting phenomenon. As result, it is difficult to determine 

which one gives the better prediction. Hence, researchers 

have been working on improving and optimizing these 

methods, and the ensemble learning provides some new 

insight. Ensemble learning algorithm overcomes over-fitting 

and initialization sensitivity by combining homogeneous or 

heterogeneous ML models, improving the performance of the 

ML model, which has attracted great attention [17], [18]. In 

recent years, ensemble learning has been proved to be 

reliable in improving the performance of the ML model, and 

it has been applied in many practical projects [19]-[23]. 

Generally, better prediction results of base-learning machines 

lead to better counterparts of the ensemble learning model. 

Therefore, in order to further improve the prediction 

performance of the base-learning machine, the traditional 

SVM and MLP needs to be optimized. For SVM, the hyper-

parameter selection will affect its performance to a certain 

extent. The selection of the kernel function, penalty 

coefficient C and ε-insensitive loss parameter is the key to 

get a SVM prediction model with superior prediction 

performance [24], [25]. In the MLP algorithm, hyper-

parameter setting is also crucial. Among the hyper-

parameters, the number of nodes in the hidden layer and the 

initial weight are the most important, leading to different 

prediction results. An optimization algorithm should be 

adopted to optimize the hyper-parameters of these two types 

of traditional models to further improve their prediction 

performance. 

The grid algorithm [26], genetic algorithm [27], ant colony 

algorithm [28] and particle swarm optimization (PSO) are the 

most popular optimization algorithms. However, each has 

some limitations. The grid algorithm is time-consuming, 

computationally expensive and has low learning accuracy. 

And the genetic algorithm method is complex as different 

crossover or mutation is needed in different issues [29]. 

While the search time of ant colony algorithm method is long, 

and it is easy to lead to local best solution. The PSO has been 

proved with extensive capability of global optimization for 

its fast convergence and easy implementation, and it is 

widely used in various engineering applications [30]-[32]. Its 

successful application in function minimization [33], [34] 

and ANN design [35]-[39] proves the promising future of 

PSO algorithm. It offsets the adverse effects of the MLP 

algorithm of the feed-forward neural network [40] (such as 

the slow convergence speed in training and tendency to a 

local minimum) due to it does not need gradient information 

and differentiable information. 

To the author’s knowledge, no one has adopted ML 

method to predict the energy consumption of electrolytic 

copper foil preparation before. From the perspective of ML, a 

novel hybrid model is proposed which based on a stacked 

generalization ensemble to predict the energy consumption 

during the preparation process of electrolytic copper foil. The 

hybrid model takes SVM and MLP optimized by PSO as a 

base-learning machine and multiple linear regression (MLR) 

model as a meta-learning machine. This hybrid prediction 

model is called PSVM-PMLP-MLR.  

 
II.  METHODS AND THEORIES 

Six ML models have been introduced in this part, including 

SVM, MLP, MLR, SVM and MLP based on PSO 

optimization and PSVM-PMLP-MLR hybrid model. 75% of 

the production data of electrolytic copper foil were utilized as 

the training data while the remaining 25% as the test data.  

A.  SVM algorithm 

SVM is one of the most classic ML algorithms, and one of 

the most robust and accurate methods in many data mining 

algorithms [41]. In order to solve the linear regression 

problems in feature space, SVM maps the input data X into 

high-dimensional feature space Q through nonlinear mapping. 

In such way, regression approximation solves the problem of 

estimation function based on a given dataset X = {( , )}n

i i ix y , 

where xi is the input vector, yi is the desired value, and n is 

the total amount of dataset. In SVM, the regression function 

is expressed as: 

 ( ) ( )f x x b   (1) 

where ω and b are the model parameters, and ϕ(x) is the 

feature vector after mapping in the input space x.  
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The regularization function involving the sum of empirical 

risk and complexity term ||ω||
2
/2 is minimized to avoid over-

fitting. The coefficients ω and b can be estimated by 

minimizing the regularization risk function. 
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The constraint equation can be expressed as: 
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(3) 

where the constant C represents the penalty coefficient of the 

sample, whose error exceeds ε. ξ and ξ
*
 are two positive slack 

variables, referring to the distance from the actual value to 

the corresponding boundary value of the ε-tube. 

Optimization methods can be adopted to maximize the 

function. In this way, the dual problem is derived: 
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(4) 

where αi and αi
*
 are Lagrange multipliers. 

Via the above-mentioned maximization function, the SVM 

for function fitting obtained is thereby expressed as: 

 
*

1

( ) ( ) , )
n

i i i

i

f x K x x b 


   （  (5) 

In (5), those sampling points with non-zero coefficients are 

called support vectors. The kernel function K(xi,xj)ϕ(xj) = 

ϕ(xi)ϕ(xj) satisfies Mercer's condition and performs nonlinear 

mapping. 

B.  MLP algorithm 

Many types of algorithms are included in the neural 

network architecture which are suitable for various 

application scenarios with unique properties [42], [43]. 

Among the various ANN, MLP is a popular feed-forward 

ANN.  

At present, there are several algorithms to train MLP 

networks: quick back propagation (QPROP), back 

propagation (BP), quasi-newton back propagation (BFGS) 

and resilient back propagation (RPROP). The architecture of 

MLP is shown in Fig. 1. 

Each product of the input element (ai) and the weight (wij) 

is input into the summing junction. Meanwhile, the bias of 

neuron (bj) is utilized for summation, as shown below: 

 

1

=
n

ij i j

i

X w a b


（ ）  (6) 
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FIGURE 1. General structure of MLP feeds forward neural network. 

X generates the output through the transfer function F: 
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i
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Sigmoid, Tansig and Logsig are common activation 

functions in hidden layers. The sigmoid function is the most 

used nonlinear activation function, whose output ranges from 

0 to 1. The sigmoid activation function can be expressed as: 

 1
( )

1 X
F X

e



 (8) 

During the training period, the training algorithm will 

adjust the weight and biases to minimize the error of neural 

network model by iteration. The input dataset is trained by 

learning algorithms. The training process repeats until the 

error is small enough for acceptance. 

This architecture has many advantages, such as more 

hidden layers and neurons and higher accuracy. However, the 

number of hyper-parameters is relatively high, and the setting 

of hyper-parameters affects the prediction performance of the 

model. 

C.  PSO algorithm 

As a population-based algorithm, PSO imitates group 

behavior for cooperative learning. Therefore, it leads to better 

results and faster convergence in global search [44].  

The population consists of n particles. The position of the 

particle i in the D-dimensional space is expressed as a vector 

Xi = (xi1, xi2, … , xiD), and the flying speed is expressed as a 

vector Vi = (vi1, vi2, … , viD). Each particle can be regarded as 

a search individual in the D-dimensional search space. The 

current position of the particle is a candidate solution of the 

corresponding optimization problem. The flight process of 

the particle is the search process of the individual. The flying 

speed of particles can be dynamically adjusted according to 

the historical optimal position of the particle and the 

population. The optimal position of the i-th particle searched 

so far is called the individual extreme value, denoted as Pi = 

(pi1, pi2, … , piD).The optimal position searched by the entire 

particle swarm so far is the global extreme value, denoted as  

Pg = (pg1, pg2, … , pgD). In each iteration, the particle updates 

itself by tracking two extreme values. This process repeats 

until the maximum of iterations is set or the best fit condition 

is reached. The speed and position of particles can be 

updated using as: 
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TABLE 1. RESULT OF THE TRIAL SIMULATION BASED ON DIFFERENT 

TRAINING ALGORITHMS IN SVM. 

Training 

algorithm 

Estimation index 

MAE 

(kW h t
−1

) 

RMSE 

(kW h t
−1

) 

MAPE 

(%) 
R

2
 

RBF 42.1375 59.3210 4.3261 0.9047 

Sigmoid 128.7124 146.7375 12.3815 0.5956 

Poly 68.92437 80.7642 6.7443 0.8118 

Linear 57.4675 66.9346 5.5636 0.8729 

 

 1

1 1

2 2

( )

( )

l l l l l

id id id id

l l l

gd id

v wv c rd p x

c rd p x

   

 
 (9) 

 1 1l l l

id id idx v x    (10) 

where i = (1,2, … ,n), d = (1,2, … , D), w is the inertia 

weight coefficient, a positive number, which adjusts the 

overall optimization ability. c1 and c2 are learning factors; 

1

lrd and 
2

lrd are positive random numbers in the range of 

[0,1] under normal distribution; l is the number of the 

iterations; and 
l

idx  refers to the position of particle i in D-

dimensional space. vid∊[vmax,vmin] represents the velocity of 

particle i in the D-dimensional space, which determines the 

direction and distance of the next generation of particles. 

 Inertia weight w is used to control the influence of 

previous speed history on current speed. Larger inertia 

weight value is beneficial to global exploration, while 

smaller counterparts contribute to local exploration. To reach 

more balance between the two capabilities, the linear 

decreasing inertia weight is employed. Generally, w(k) 

decreases linearly with each iteration from wstart to wend. It 

can be expressed as: 

 

max

( ) start end

start

w w
w k w k

T


    (11) 

where wstart and wend represent the maximum and minimum 

values of w, respectively, k represents the current iteration 

number, and Tmax represents the maximum iteration number. 

D.  Energy consumption prediction model of 
electrolytic copper foil preparation based on PSVM 

In the SVM regression model, the input data is the five 

features that affect the energy consumption of electrolytic 

copper foil, and the corresponding energy consumption is 

taken as the output. In this way, the correlation coefficient of 

the regression function can be determined via (5). When the 

energy consumption of electrolytic copper foil production is 

predicted, the SVM will present the corresponding energy 

consumption value according to the determined regression 

function after the input of the relevant eigenvector. RBF, 

sigmoid, poly, and linear are the kernel functions that are 

commonly used in SVM. In order to determine the kernel 

function with the best prediction performance, ten times 

cross-validation (CV) method is used to verify the kernel 

PSO Initialization
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Visual
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FIGURE 2.The flow diagram of the PSVM optimization. 

 function according to the training dataset. The experimental 

results are listed in Table 1. 

Based on the results in Table 1, the Gaussian kernel 

function RBF is employed to construct SVM regression 

model. The PSO algorithm not only converges quickly, but 

also has strong global optimization capabilities. Therefore, in 

order to determine the penalty term C and ε-insensitive loss 

parameter that can enable SVM to obtain better prediction 

results, the PSO method is adopted. Meanwhile, the MAPE 

(mean absolute percentage error) of the predicted data is 

utilized as the fitness function. The flow chart is shown in 

Fig. 2. 

PSO algorithm parameters: particle swarm size at 150, 200 

iteration times, learning factor c1 = c2 = 2, penalty term C 

rang [1-10], and ε-insensitive loss parameter ranging from 

[0.1-0.0001]. 

The training process of the PSVM algorithm is shown in 

Fig. 3. As can be seen, when PSO iterations reach about 155 

steps, the fitness value of the best particle tends to be stable 

while the value of MAPE is 3.736. In this case, penalty term 

C and ε-insensitive loss parameter are 6.2683 and 0.001327, 

respectively. It can be seen in Table 1 that the MAPE of 

traditional SVM with RBF kernel function is 4.3261. 

Therefore, the MAPE value is reduced by 13.64%. 
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TABLE 2. RESULT OF THE TRIAL SIMULATION BASED ON DIFFERENT 

TRAINING ALGORITHMS IN MLP. 

Kind of 

training algorithm 

Estimation indexes 

MAE 

(kW h t
−1

) 

RMSE 

(kW h t
−1

) 

MAPE 

(%) 
R

2
 

QPROP 71.7324 82.2664 7.0378 0.8134 

BP 100.5425 114.8432 9.8522 0.7067 

BFGS 39.9624 53.4425 3.7970 0.9118 

RPROP 58.1342 68.5054 5.6945 0.8627 
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FIGURE 3. The optimization process of the PSVM. 
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FIGURE 4.The optimization process of the PMLP algorithm. 

E.  Energy consumption prediction model of 
electrolytic copper foil preparation based on PMLP  

In order to select the best basic training algorithm for MLP 

network, ten times CV method is adopted. The results are 

shown in Table 2. 

Based on the results, BFGS is employed as the kernel 

function in this paper. In order to determine the optimal 

number of hidden neurons in the model, a second calculation 

was performed using samples from the dataset. Finally, 

according to the minimum MAPE value, thirteen neurons are 

obtained from models with the best performance. 

However, in addition to the structure of the neural network, 

the weight of each layer is another key parameter that affects 

the final performance. MLP model tends to have the local 

minimum error function value in the training process, which 

leads to the low prediction accuracy of the network. 

Therefore, the PSO algorithm is utilized to search the best 

fitness of MLP prediction and get the corresponding particles. 

The particle itself is used as the initial weight of the MLP. 

The main steps of PMLP hybrid calculation are as: 

1) Initialize the structure of MLP. Meanwhile, the number 

of neurons in input and output layers should be set together 

with network parameters. Via trial calculation, the optimal 

number of neurons in hidden layer could be calculated. 

2) Set the operation parameters of PSO algorithm and 

initialize the position and speed of particles randomly in a 

manner. After knowing the size and the individual dimension 

of particles, map the particles to the corresponding weights. 

3) According to the MAPE value, the fitness value of each 

particle is calculated to find the individual and global 

extremum. 

4) The velocity, position and fitness of each particle should 

be updated until they meet the conditions. Then, individual 

and global extremum will be updated according to the new 

fitness value. 

5) The optimal individual position is regarded as the 

weight of MLP, which is used to train and predict the 

research object. 

PSO algorithm parameters: the particle swarm size is 300, 

the number of iterations is 200, the learning factor is c1 = c2 = 

2, and the overall weight range is set to [-2, 2.5].  

The training process of PMLP algorithm is as shown in 

Fig. 4, which shows that when PSO iterations reach about 

125 steps, the fitness value of the best particle tends to be 

stable with the MAPE value of 3.24, which has a 14.59% 

reduction compared with that of traditional MLP whose 

MAPE is 3.797 (it can be seen in Table 2). 

F.  Multiple linear regression (MLR) model 

MLR model is one of the most used estimation models on 

ML because of its simple structure, calculation, and 

interpretation. According to the multiple linear regression 

model, there is a linear relationship between dependent 

variable y and independent variables x1, x2,…, xn. MLR is 

expressed as: 

 
1 1 2 2

1

= + ...
n

i i i i

i

Y a b x b x b x b x 


       (12) 

where Y is the output, xi (i = 1, 2, 3, … , n) is the input 

variable, a is the intercept, bi is the regression coefficient, and 

ε is the error term. In this paper, xi is the predicted value of 

PSVM and PMLP model, and Y refers to the final prediction 

result. 

G.  Stacked ensemble learning algorithm 

Stacked ensemble learning [45] is a heterogeneous 

integration strategy. Heterogeneous sets enhance the  
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FIGURE 5. A stacked ensemble learning algorithm 

generalization ability of the strong classifier through 

integrating several base-learning machines into a strong 

machine. Stacked ensemble learning algorithm adopts a 

two-tier framework structure, as shown in Fig. 5. In this 

paper, the base-learning model is the SVM model and MLP 

model based on PSO optimization, while the meta-learning 

model is the MLR model. 

The training process is as:  

1) The multiple base-learning machines are trained. 

2) The prediction results of multiple base-learning 

machines are employed as the input of meta-learning 

machines. Afterward, the training should be conducted 

again.  

3) The final ensemble algorithm uses the learning ability 

of the base-learning machines and meta-learning machine 

to improve the accuracy of prediction. 

The effectiveness of stacked ensemble learning algorithm 

depends on two factors. One is the prediction result of base-

learning machine. Generally, better prediction results of 

base-learning machines lead to better counterparts of the 

ensemble learning model. The other is that there are 

differences between the two base-classifiers as different 

factors of the machines need to be considered. The stacked 

ensemble learning algorithm is expressed as: 
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III. CASE STUDY AND SIMULATION RESULTS 

A.  Data sources and introduction 

1500 pieces of experimental data are employed in this paper, 

which are provided by Anhui Tongguan Copper Foil Group 

Co., Ltd of China. These data are exported from the database 

of the Group and have been verified as valid data. 

The experiment plan is roughly divided into the following 

steps: 

(i) According to the data, analyze the importance of related 

factors affecting energy consumption. 

(ii) Normalize the data. 

(iii) Among the 1500 experimental data, 75% data are 

utilized for training, while the remaining 25% are used to 

predict the results. 

The data include six dimensions, respectively being 

electrolyte temperature, Cu
2+ 

concentration, H2SO4 

concentration, current density, electrode spacing and power 

consumption per ton of copper. The unit, maximum and 

minimum of each index is shown in Table 1. In addition, the 

information entropy gain of each feature in these data is 

calculated and normalized to evaluate their importance. As 

shown in Fig. 6, where A, B, C, D, and E represent 

Electrolyte temperature, Cu
2+

 concentration, H2SO4 

concentration, Inter-electrode spacing, and Current density, 

respectively. More specific score values of the importance 

are shown in Table 3. 
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FIGURE 6. Importance score of features 
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TABLE 3. STATISTICAL PARAMETERS PERTAINING TO EACH OF THE 

ATTRIBUTES OF DATASET. 

Attribute Unit Min Max Score of features 

Electrolyte temperature ℃ 35 65 0.27660574 

Cu
2+

 concentration g L
-1

 7 13 0.12091947 

H2SO4 concentration g L
-1

 110 140 0.15529462 

Inter-electrode spacing mm 28 42 0.19493133 

Current density A m
−2

 1350 2000 0.25224883 

Power consumption kW h t
−1

 619.5 1661.5 / 

B.  Data preprocessing 

（a）Data normalizations 

In terms of prediction based on data, it is necessary to 

normalize training data and test data, which is aimed to avoid 

the attribute in larger numerical range dominating that in 

smaller range. In addition, normalization helps avoid 

numerical difficulties in the calculation process. For a group 

of electrolytic copper foil production data {x1k, x2k, … ,xik} 

can be normalized to {X1k, X2k, … , Xik} according to (16). 

 min

max min

ik k

ik

k k

x x
X

x x





 (13) 

where Xik is the scaling value, xik is the original value, 
max

kx is 

the maximum of feature k in the dataset, and 
min

kx  is the 

minimum of feature k in the dataset. 

（b）Construction of training samples 

For a group of energy consumption training data of 

electrolytic copper foil production, the training sample set is 

constructed and expressed as: 
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 (14) 

where X is the input vector, Y is the output vector, and m is 

the dimension of the input vector. In this paper, X refers to 

the electrolyte temperature, Cu
2+

 concentration, H2SO4 

concentration, current density, and electrode spacing. 

Meanwhile, Y is the power consumption per ton of copper. 

Table 3 summarizes the six attributes in the dataset (five 

inputs and one output) and the importance of the feature 

score. 

C.  Performance evaluation of ML model 

（a）Performance evaluation index 

For quantitative measurement of the prediction performance 

(relative to test set) of ML model, four accuracy evaluation 

indexes were selected: MAE (mean absolute error), RMSE 

(root mean square error), MAPE (mean absolute percentage 

error), and R
2
 (regression coefficient). The formulas for 

estimating these errors are shown as (15) - (18). 
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where ŷ  is the predicted values, y is actual values, and n is 

the total number of data records in the test dataset. 

(i) MAE: As the most basic evaluation method, it is 

usually used as a reference for the other three methods to 

compare the pros and cons.  

(ii) RMSE: It is mainly adopted to compare the stability of 

different prediction models due to its characteristics that are 

easily affected by large deviations.  

(iii) MAPE: The overall prediction accuracy of the model 

can be more intuitively reflected due to its calculation 

method in percentage form and is not easily affected by large 

deviations.  

(iv) R
2
 is often utilized to evaluate how well the model fits 

the true value.  

The higher the values of MAE, RMSE and MAPE, the 

worse the prediction performance of the model. The value 

range of R
2
 is [0-1], and the closer the value is to 1, the better 

the fitting optimization effect of the model is. 

Theoretically, all of the above four indicators can be 

employed as a measurement of prediction accuracy in the 

statistical field. In this study, it is expected to obtain a 

prediction model with higher accuracy. Generally, the higher 

the accuracy of a model, the higher its stability. Compared 

with the other three evaluation indicators, MAPE can not 

only reflect the accuracy of the model more comprehensively, 

but also more intuitively reflect the performance of the model 

due to its percentage expression.  

Fig. 7 describes the overall training and testing process of 

the ML model mentioned in this paper. As can be seen, after 

75% of the original data is processed, the SVM and MLP 

based on PSO optimization are trained in a 10-fold cross-

validation method. Then, the results obtained by PSVM and 

PMLP are utilized as input data and passed into the MLR 

model to obtain the final prediction results. 

（b）Prediction results and comparative analysis 

Considering that too much data will lead to the problem of 

insufficient graphics clarity, a small part of the test data is 

randomly selected so that the effect differences of the five 

models can be observed more clearly and intuitively, and the  
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TABLE 4. COMPARISON OF ERROR INDICATORS OF EACH PREDICTION 

MODEL. 

ML model 

Estimation indexes 

MAE 

(kW h t
−1

) 

RMSE 

(kW h t
−1

) 

MAPE 

(%) 
R

2
 

SVM 44.5623 63.4502 4.3299 0.8954 

MLP 39.1253 52.0346 3.7864 0.9121 

PSVM 39.1320 52.4625 3.7391 0.9193 

PMLP 32.7452 45.4682 3.2335 0.9377 

PSVM-PMLP-MLR 15.4325 19.2046 1.5045 0.9876 

results are shown in Fig. 8. To further compare the 

performance of the five models, a detailed comparison based 

on the four evaluation indicators as mentioned above is 

conducted. The comparison results are listed in Table 4. 

Based on the test data, the residual curve of each model is 

shown in Fig. 9. The following can be learned from Table 4 

and Fig. 8: 

1) Compared with the traditional SVM model and MLP 

model, the MAE and RMSE values of PSVM and PMLP 

models are lower, while R
2
 is closer to 1. From Fig. 9, the 

predicted values of PSVM and PMLP models are closer to 

the real values when compared with those of SVM and MLP. 

Therefore, they have better prediction performance. 

2) The residual curve fluctuation of PSVM-PMLP-LR is 

the slightest among these models. The MAE, RMSE and 

MAPE of this model are lower than those PSVM and PMLP. 

Especially its MAPE value is 65.25%, 60.27%, 59.76% and 

53.47% less than that of the other four models respectively. 

Besides, its R
2
 reaches 0.9876, indicating that the predicted 

value of the model is close to the actual one. 

In summary, the MAE, RMSE, MAPE, and R
2
 of PSVM 

and PMLP are better than what their corresponding base-

learning machines, which shows that the performance of the 

base-learning machine can be improved by adopting PSO. 

Thereafter, the performance of each base-learning machine 

will be balanced by the ensemble learning machine based on 

the strategy of stacked-ensemble generalization, as well as 

the generalization, stability and accuracy of the prediction 

model. 
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FIGURE 7. Flowchart for training and testing process of PSVM-PMLP-MLR models 
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FIGURE 8. Comparison curves between the prediction value and actual value of each model. 
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FIGURE 9. Comparison of predicted residual curves of each model. 

VII. CONCLUSION 

In this paper, 1500 energy consumption data of electrolytic 

copper foil production were provided by Anhui Tongguan 

Copper Foil Group Co., Ltd of China for training and testing 

ML model to achieve accurate prediction of energy 

consumption in the electrolytic copper foil preparation. To 

further improve the accuracy, a novel PSVM-PMLP-MLR 

hybrid model is proposed which based on stacked ensemble 

learning. 

Six kinds of ML models are introduced, namely SVM, 

MLP, PSVM, PMLP, MLR and PSVM-PMLP-MLR. 

Comparison and analysis have been done on the performance 

of these ML models in energy consumption prediction in the 

process of electrolytic copper foil preparation according to 

four error indexes: R
2
, MAE, RMSE and MAPE. The results 

show that the performance of traditional SVM and MLP 

models can be improved by PSO optimization. Therefore, 

SVM and MLP after PSO optimization are combined as the 

base-learning machine and MLR as a meta-learning machine. 

They were combined through stacked ensemble strategy to 

improve the prediction performance of ML model. The R
2
 of 

the proposed PSVM-PMLP-MLR hybrid model can reach 

0.9876. Compared with any individual ML model in this 

experiment, it showed stronger predictive ability. 

According to our research, no one has adopted ML method 

to predict the energy consumption of electrolytic copper foil 

preparation before. From the perspective of ML, an effective 

way to predict the energy consumption of the electrolytic 

copper foil preparation is proposed in this paper, which is of 

great significance for energy saving and consumption 

reduction in the production process.  

Compared with traditional SVM and MLP, PSVM-PMLP-

MLR is inevitably accompanied by some limitations even if 

it has better generalization ability, stability and prediction 

accuracy, such as the increased complexity of the model, 

resulting in higher computing cost and time consumption. 

Therefore, PSVM-PMLP-MLR is more suitable for solving 

the time insensitive prediction problem, but not suitable for 

short-term real-time online prediction. In future work, further 

improvement of the performance of the model is considered. 

In addition, extending the model to other industrial 

electrolysis based on transfer learning has been considered, 

such as electrolytic aluminum, electrolytic zinc and so on. 
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