
1. Research Background and Literature Review

Power load forecasting plays an important role in 
power system. As a key component of power system, 
a complex multidimensional nonlinear system [1], 
load-oriented forecasting methods are indispensable. 
In particular, short-term power load forecasting is very 
important to maintain the dynamic balance between 
power generation and power consumption. Accurate 
short-term load forecasting is of great value and sig-

nificance for ensuring the economic and safe opera-
tion of power grid. With the continuous expansion of 
the application market, experts and scholars pay 
more and more attention to short-term power load 
forecasting [2]. In power system, the accuracy of load 
forecasting directly affects the stability and economy 
of power supply. Short-term load forecasting usually 
refers to the prediction of electricity demand in the 
next few hours to several days. This forecast is cru-
cial for grid operators as it helps them decide when to 
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turn on or off generating units and how to structure 
transactions in the electricity market. Accurate fore-
casting can reduce the reliance on backup power and 
reduce the cost of generation while ensuring the reli-
ability of the power supply.

To make predictions, experts and engineers have 
developed a variety of forecasting techniques and 
methods. In the ultra-short-term power load forecast-
ing, the commonly used and more traditional tech-
niques include time series analysis [3], fuzzy regres-
sion [4] and machine learning. Time series analysis 
includes autoregressive model [5,6], exponential 
smoothing [7], and gray model analysis [8,9]. Howev-
er, one limitation of time series analysis is that the 
prediction technique is not applicable when the re-
search object has abnormal change period or lack of 
adaptability law in the selected time series. Tradition-
al prediction methods based on machine learning, 
including support vector machine [10,11], decision 
tree [12], etc., have also been applied, but the accu-
racy of relevant methods in processing nonlinear data 
is relatively limited. In recent years, deep learning 
methods in the field of machine learning [13], espe-
cially recurrent neural networks and convolutional 
neural networks, have achieved remarkable results in 
power load prediction due to their powerful network 
architecture.

Literature [14] and [15] optimized the machine 
learning prediction method by improving the method, 
effectively reduced the uncertainty fluctuation of load 
series, and improved the accuracy of prediction and 
the reliability of the model. Literature [16] proposes a 
multi-information fusion deep learning framework 
based on long short-term memory network (LSTM) 
for residential power load prediction. Through multi-
level information extraction, the framework can more 
accurately capture the characteristics of residential 
load in a specific area, better track the changing trend 
of residential load and have higher prediction accura-
cy than single-task deep learning and single neural 
network. In literature [17], based on the LSTM model, 
cyclic jump components and linear autoregressive 
components were added, and a LSTNet prediction 
model capable of capturing the short-term local de-
pendence of the load in the distribution area was 
constructed. In literature [18], a load prediction model 
based on random distributed embedding framework 
and BP neural network was constructed. Kernel den-
sity estimation method was used to fit multiple predic-
tion results, and the final load prediction value was 
obtained by aggregation estimation method, effective-

ly improving the influence of data dimension on the 
prediction accuracy of BP neural network. Literature 
[19] proposes a new method to convert load data into 
RGB images, and then apply LSTM artificial neural 
network for short-term power load prediction, which is 
a preliminary exploration of graphical load artificial 
intelligence prediction. Literature [20] concludes that 
long short-term memory neural network (LSTM) has 
better prediction performance by comparing common 
deep learning models. The research results of litera-
ture [21] show that BiLSTM has obvious advantages 
compared with traditional long short-term memory 
neural network (LSTM) when processing time series 
data. By introducing bidirectional structure, BiLSTM 
can not only capture the forward sequence informa-
tion in time series, but also effectively use the reverse 
sequence information, thus improving the accuracy 
and efficiency of prediction. Yang Long et al. [22] 
made full use of this feature of BiLSTM, dug deep 
into the hidden information of historical and future 
data, and successfully improved the accuracy of pre-
diction.

However, problems such as local minimum and 
overfitting may occur if the hyperparameters are im-
properly adjusted during the training of relevant mod-
els. To solve this problem, a series of combinatorial 
prediction models using intelligent optimization algo-
rithms are proposed. In literature [23], Grey Wolf op-
timization algorithm (GWO) was used to optimize 
BiLSTM model, and the optimal hyperparameters 
were obtained. In literature [24], a method combining 
attention mechanism with whale optimization algo-
rithm (WOA) was proposed to optimize the prediction 
model of BiLSTM neural network. The core idea of 
this method is to use the attention mechanism to en-
hance the model's attention to the key features in the 
time series data, and at the same time optimize the 
parameters of the BiLSTM model through the whale 
optimization algorithm to improve the prediction per-
formance.

Due to the temporal fluctuation of short-term pow-
er load data, noise anomaly data may interfere with 
the load prediction process, making it difficult for the 
model to achieve the expected accuracy. Therefore, 
some data processing methods have been applied to 
load forecasting models: Wei et al. [25] and Lopez C 
et al. [26] respectively adopted empirical mode de-
composition (EMD) and integrated empirical mode 
decomposition (EEMD) in their work on power load 
sequence processing. However, in order to overcome 
their shortcomings, Torres et al. [27] proposed a 
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complete set empirical Mode decomposition (CEEM-
DAN) method with adaptive white noise. On this ba-
sis, Colominas et al. [28] continued to improve the 
algorithm and proposed the ICEEMDAN method. It 
further improves the accuracy of the decomposed 
signal, and facilitates the relevant model to learn the 
characteristics of the data, thus improving the predic-
tion effect.

In recent years, some integrated load forecasting 
methods have been gradually proposed: Based on 
the traditional convolutional neural network (CNN), 
literature [29]-[31] introduces the concepts of extend-
ed convolutional network, causal convolutional net-
work and residual network, and proposes a novel se-
quential convolutional neural network. This kind of 
network shows excellent ability to capture time series 
features in load forecasting tasks. Literature [32] pro-
posed a load forecasting model combining XGBoost 
and BiLSTM. In this model, the load data and its in-
fluencing factors are first processed through an atten-
tion-mechanism-based Bi-LSTM model, while the 
XGBoost limit gradient lifting algorithm is used to 
generate the prediction results respectively. Then, the 
inverse error method is used to assign the corre-
sponding weights to the results of these two models. 
Through this combination, the model not only makes 
full use of the ability of long short-term memory net-
work to capture the characteristics of load data, but 
also combines the regularization advantage of the 
objective function of XGBoost algorithm. Compared 
with the simple neural network combination model, 
this model has stronger generalization ability, and af-
ter weight distribution, the predicted results have 
higher precision.

Based on the above analysis, this paper proposes 
an integrated learning model of fully adaptive noise 

set empirical Mode decomposition (ICEEMDAN), 
convolutional neural network (CNN), BiLSTM and 
Random forest (RF), which is specifically used to im-
prove the accuracy and stability of power load predic-
tion. Through comprehensive analysis and advanced 
pre-processing of power load data, the model can 
effectively deal with the nonlinear and non-stationary 
characteristics of the data. The combination of CNN 
and BiLSTM is used to optimize the capture of tem-
poral and spatial features, while the random forest 
enhances the generalization ability of the model. In 
addition, by introducing a new vector weighted aver-
age optimization algorithm (INFO), the weights and 
parameters of the model are dynamically optimized 
during the learning process, which significantly im-
proves the prediction performance. Then this paper 
conducts relevant experiments based on the Aus-
tralian power data set, and verifies the performance 
of the proposed model through several sets of exper-
iments, demonstrating its application potential and 
effectiveness in the field of power load forecasting.

2. Data Analysis and Preprocessing

2.1. Descriptive Statistics
In the data preprocessing stage, this paper firstly 

makes descriptive statistics on the relevant data sets 
of the Australian electricity market. The dataset cov-
ers a wide range of multi-year historical records since 
2006, covering key variables such as dry bulb tem-
perature, dew point temperature, wet bulb tempera-
ture, humidity, electricity price, and power load. The 
relevant statistics of specific variables are shown in 
Table 1.

At the same time, this paper uses Python to check 
the missing values of relevant data and finds that the 
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Table 1 | Descriptive statistics of main variables

Variable Record 
number Mean value Standard 

deviation
Minimum 

value
The first 
quartile Median The third 

quartile
Maximum 

value
Dry bulb 

temperature 87648 18.26 4.89 3.70 14.70 18.50 21.80 43.80

Dew point 
temperature 87648 11.92 5.47 -8.40 8.00 12.45 16.35 24.20

Wet bulb 
temperature 87648 14.88 4.29 2.50 11.60 15.10 18.40 26.30

humidness 87648 68.90 16.86 7.00 58.00 70.00 82.50 100.00
electrovalence 87648 42.40 215.64 -264.31 21.80 25.81 36.94 10000.00
Electric load 87648 8894.00 1409.05 5498.36 7879.67 8992.59 9832.86 14274.15
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data is coherent and without missing values, so there 
is no need to fill in the missing values and other relat-
ed work.

Below, this paper analyzes and visualizes the dis-
tribution of data. Figure 1-2.

To sum up, in view of correlation analysis, this pa-
per selects all the data in the data as characteristics 
to forecast the power load data.

3. Relevant Methodology

3.1. An Improved Fully Extended Empirical Mode 
Decomposition 

ICEEMDAN decomposition is improved by 
CEEMDAN algorithm. By adding a set of K-order IMF 
to a specific white noise, IceEMDAN decomposition 
adaptively matches the original signal by using the 
adaptive characteristics of IMF. ICEEDMAN can han-
dle mode aliasing better than CEEMDAN decomposi-
tion, and can adapt the background noise to suppress 
its influence on the decomposition results. The follow-
ing is a detailed introduction to the ICEEMDAN im-
plementation process.

Firstly, Gaussian white noise is added to the origi-
nal time series and a new time series is obtained. 
The initial residual is obtained from this sequence 
and the average of the results of the first round of 
empirical mode decomposition (EMD algorithm) is 
calculated. The details are shown in formula (1):

In the integrated model，  is Gaussian white 
noise, and   represents the expected noise reduc-
tion ratio; The operator  is used to calculate the 
mean value using the EMD algorithm.

Secondly, for the initially obtained first modal com-
ponent IMF ( ), as shown in equation (2) :

The process is repeated continuously, and specific 
white noise is further introduced, while local mean 
decomposition is used to calculate the residual of the 

(1)m1 =
1
I

I

∑
i=1

R (x + ϵ0ω(i))

ω(i)

ϵ0
R( ⋅ )i

k = 1
(2)˜IMF1 = x − m1
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(a): Dry bulb temperature (b):Wet bulb temperature (c):Dew point temperature

(d):electrovalence (e):humidness   (f):Electric load

Figure 1 | Visualization of variable distribution

Figure 2 | Pairwise correlation analysis diagram of 
key power indicators
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second group of IMF, at which time the second modal 
is generated as shown in equations (3) - (4) :

                          

Here  is the  first mode component obtained 
by EMD decomposition.

Then calculate the sum of  residual components, 
as shown in equation (5) :

The corresponding  modal components are also 
given by equation (6) :

Repeat the above data filtering process until the 
resulting residuals cannot be decomposed further. 
The final signal   can be expressed as equation 
(7):          

Where  represents the final residual and   repre-
sents the IMF total.

3.2. Vector Weighted Average Optimization 
Algorithm (INFO)

INFO is a new intelligent optimization algorithm 
proposed in 2022, which is optimized by using differ-
ent weighted average rules between vectors [33]-[34]. 
The INFO algorithm consists of   population of 
  vectors in the A-dimensional search domain. In 

the initialization stage, the INFO algorithm mainly has 
two control parameters, weighted average factor 
 and scale factor , and these two control parame-

ters can be dynamically updated according to the 
generated results without manual adjustment.

The implementation of INFO mainly includes three 
steps: update rule, vector merge and local search.
3.2.1.Update the Rules

Update rules are the basis of INFO algorithm. At 
this stage, new vectors are formed based on conver-
gent acceleration and mean rules. In the INFO algo-
rithm, the update rule phase increases population di-
versity during the search process. This phase con-

sists of two main parts. The first part of the mean-
based approach starts with a random initial solution 
and updates a set of randomly selected vector 
weighted average information to the next solution. In 
the second part, convergence acceleration is added 
to improve the convergence speed of the algorithm.

The main formula definition of the update rule is as 
formulas (8) - (9) :

Where:  and  are the new position vectors of 
the g iteration, =1,2... Np;  is the scaling ratio of the 
vector;  represents the fitness function of ;  is 
the optimal solution vector in the g generation popula-
tion , ,   is a random different integer dis-
tributed in  and ; randn is a 
random value with a standard normal distribution: the 
updated formula for  is shown in equation (10):

The definition formula of the mean value rule is as 
formula (11):

Where,   represents a random integer from 1 to 
;  represents the number of iterations;  is a ran-

dom number whose value ranges from (0,0.5). 
  represents the weighted average value of the 

vector, which can be expressed specifically as shown 
in (12) :

Where a、b and c  are different integers randomly 
selected between them.   stands for scaling ratio, 
a n d i t s s o l u t i o n f o r m u l a i s 

; ,  and  are 

weighting functions, which are used to calculate the 
weighted average of vectors and improve the global 

(3)

(4)

m2 =
1
I

I

∑
i=1

R (x + ϵ0E1 (ω(i)))
M̃F2 = m1 − m2 = m1 −

1
I

I

∑
i=1

M (m1 + ϵ1E2 (ω(i)))
Nj( ⋅ ) j

k

(5)mk =
1
I

I

∑
i=1

R (mk−1 + ϵk−1Ek (ω(i)))
k

(6)˜IMFk = rk−1 − rk

x

o K

(7)x = o +
K

∑
k=1

IMFk

D
Np

δ σ

(8)

(9)

z1g
p = xg

1 + σ × R +
randn(xbs − xgα1

1 )
f (xbs) − f (xgα1

1 ) + 1
,

z2g
p = xbs + σ × R +

randn(xg
1 − xgαb

1 )
f (xbs) − f (xgα1

1 ) + 1
, randn < 0.5

z1g
p = xg

α + σ × R +
randn(xg

α2 − xg
α3)

f (xg
α2) − f (xg

α3) + 1
,

z2g
p = xbs + σ × R +

randn(xg
α1 − xg

α2)
f (xg

α1) − f (xg
α2) + 1

, randn ≥ 0.5

z1g
p z2g

p
p σ

f (x) x xbs

α1 α2 α3
[1,Np] α1 ≠ α2 ≠ α3 ≠ 1

α

(10)α = 2 × exp (−
g

max g )

(11)M = e1 × W1g
p + (1 − e1) × W2g

p

p
Np g e1

W1

(12)W1g
p = σ ×

ω1(xa − xb) + ω2(xa − xc) + ω3(xb − xc)
ω1 + ω2 + ω3 + φ

+ φ + e1

σ

α = 2 × exp (−
g

max g ) ω1 ω2 ω3
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search ability. The specific equation is shown in equa-
tion (13):

Similarly,  is defined by formula (14)

Among them, the weighting function formula of , 
 and  is shown in equation (15) :

Among them, xbs, xbt, and xws are respectively the 
optimal solution vector, suboptimal solution vector, 
and worst solution vector of the  generation in the 
iteration process.
3.2.2.Vector Merging Phase

Vector merging refers to combining the obtained 
vector with vector updating rules to form a vector with 
stronger local search ability. In this phase, the INFO 
algorithm combines the two vectors obtained during 
the rule update phase to generate a new vector. The 
combined formula is shown in equation (16) :

Where,   is the new vector obtained from the 
comb ina t i on o f vec to r s o f gene ra t i on ; 

 .

3.2.3.Local Search Stage
In order to improve and prevent falling into the lo-

cal optimal solution, the INFO algorithm carries out 
local search after the completion of vector merging to 
further promote the convergence of the operator to 
the global optimal solution. If <0.5, a new vec-

tor will be generated, and   is a random value 
of [0,1]. Specifically, it can be expressed as formula 
(17) :

Where   is a random value of [0,1];   is a 
new solution consisting of , , and . The 
new vector can then be represented as shown in 
equation (18) :

Where, both  and  are random numbers, and 
the value formula is shown in equation (19) :

The pseudo-code of the algorithm is shown in Ta-
ble 2.

(13)

ω = max( f (xa), f (xb), f (xc))

ω1 = cos (π − f (xb) − f (xa)) × exp ( f (xb) − f (xa)
ω )

ω2 = cos (π − f (xc) − f (xa)) × exp ( f (xc) − f (xa)
ω )

ω3 = cos (π − f (xc) − f (xb)) × exp ( f (xc) − f (xb)
ω )

W2g
p

(14)W2g
p = δ ×

ω1(xbs − xbt) + ω2(xws − xbs) + ω3(xws − xbt)
ω1 + ω2 + ω3 + φ

+ φ + e1

ω1
ω2 ω3

(15)

ξ = f (xws)

ω1 = cos (π + (f (xbs) − f (xbt)) × exp ( f (xa) − f (xb)
ξ ))

ω2 = cos (π + (f (xbs) − f (xws)) × exp ( f (xa) − f (xc)
ξ ))

ω3 = cos (π + (f (xbt) − f (xws)) × exp ( f (xb) − f (xc)
ξ ))

g

(16)ug
1 =

xg
1 , e1 > 0.5

zg
1 + λ |zg

1 | − z g
2 , e1 < 0.5 and e2 < 0.5

zg
1 + λ |zg

1 | − z g
2 , e1 < 0.5 and e2 ≥ 0.5

ug
p

g
u = 0.05 × ep

2

randn

randn

(17)
xrandn = φ × xaverage + (1 − φ) × (φ × xbt + (1 − φ) × xbs)

xaverage =
xa + xb + xc

3

φ xrandn
xaverage xbt xbs

(18)ug
1 =

xbs + randn × (M − e2 × (xg
a − xg

bs)), r1 < 0.5 and r2 < 0.5

xrandn + randn × (M − e2 × (h2 × xrandn − h1 × xbs)), r1 < 0.5 and r2 ≥ 0.5

h1 h2

(19)

h1 = {2e, if k > 0.5
1, if k < 0.5

h2 = {e, if k > 0.5
1, if k < 0.5

Table 2 | Pseudo code of INFO algorithm

1 Step 1. initialize

2

3

4

5

6 Step 2.

7

8

9

10 Update rule phase

11

12 Vector merging phase

13

14 Local search phase

15 Perform local search calculations

Calculate the merged new vectorug
p

Determine the optimal solution vector Xbs

Calculate the objective function values of all 
vectors , where f (X 0

i ) i = 1,...,Np

Set parameters  and Np maxg

for  doi = 1 to Np

for  to  dog = 1 maxg

Calculate the position vectors  and z1g
p z2g

p

Generate initial population P0 = X 0
i , . . . , X 0

Np

Select the random integer  in , where a , b, c [1,Np]
α1 ≠ α2 ≠ α3 ≠ i
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3.3. CNN Convolutional Neural Network
Convolutional neural network (CNN) is an impor-

tant feedforward neural network. Its core mechanism 
lies in the convolution layer, which performs convolu-
tion operation by convolution checking the input com-
plex multi-feature data, so as to extract the potential 
features of the data deeply. In addition, the CNN in-
cludes a pooling layer whose primary function is 
downsampling, which is designed to simplify the input 
data to reduce computational complexity while ensur-
ing that key features are preserved. Finally, the fully 
connected layer is responsible for integrating informa-
tion from the convolution layer and the pooling layer 
to output classification or regression results. In the 
process of training CNN, we usually use backpropa-
gation algorithm to further optimize its performance.

The convolution layer formula is shown in equation 
(20)：

Where,  is the input and output of the  convolu-
tion kernel in layer ;   is the activation function; 

 represents the set composed of all input mapping 
layers;  is the weight matrix of the th convolution 
kernel in layer ;  is the biased term.

The output results of the convolutional layer will 
enter the pooling layer, and the dimensionality is re-
duced by means of maximum pooling and average 
pooling, so as to facilitate feature extraction.

The fully connected layer joins all the output re-
sults of the pooled layer and outputs them to the 
classifier. The forward propagation output of the fully 
connected layer can be expressed as equation (21) :

Where, the  output of layer   is . 
CNN network structure diagram as shown in Figure 3.

3.4. Bidirectional Long Short-Term Neural 
Network (BiLSTM)

Although CNN has the ability to automatically ex-
tract multi-dimensional spatial features from data 
samples, it is poor in processing time series data with 
strong time dependence. In contrast, LSTM can ef-
fectively solve long-term dependency problems due 
to the introduction of gated units. By combining the 
two methods, the ability of extracting temporal fea-
tures and computing performance can be improved. 
LSTM uses input gate, output gate and forget gate to 
control the selective flow of information, solves the 
problem of gradient disappearing and gradient explo-
sion, and is widely used in the prediction of high time 
correlation. As shown in equation (22), the relation 
expression between the current state of the LSTM 
gate control unit and the state of the previous time is 
presented.

16

17

18

19 end for

20

21 end for

22 Step 3.

23

if f (ug
i , j ) < f (xg

i , j )then xg+1
i , j = ug

i , j

Otherwise xg+1
i , j = xg

i , j

Return the final solution vector xg
best, j

Calculate the value of the objective function 
f (ug

i , j )

Update the optimal solution vector xbs

(20)xl
k = σ ∑

i∈Mk

xl−1
i * Wl

ik + al
j

xl
k k

σ σ

Mj
Wl

ik k
bl

k al
k

(21)xl+1
k =

n

∑
k=1

Wl
ik xl

k + al
k

k + 1 l + 1 xl+1(k)
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Figure 3 | CNN algorithm structure diagram
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 is sigmod activation function; tanh  is hyperbolic 
tangent activation function;   is the output at 
time ;  and  are respectively the  time 
forgetting gate, the input gate, the state matrix and 
the output gate. The weight of  
corresponding layers; , respectively, 
are the bias coefficients of each corresponding layer.

BiLSTM, by running two LSTM networks in time 
dimension at the same time, splicing or merging in-
formation in both directions, and sharing weight ma-
trix to connect and influence each other, can better 
extract bidirectional change features of time series, 
so as to understand and represent sequence data 
more comprehensively. For BiLSTM, its final state 
can be expressed as equation (23) :

Where,   is the state of forward hidden layer at 

time ;  backward hidden layer state;  and  are 
the weight matrix and the bias term respectively.  is 
the output at time .

The structure of BiLSTM is shown in Figure 4.

3.5. RandomForest Algorithm
Random forest is an ensemble learning model 

consisting of multiple decision trees, which is widely 
used in classification and regression tasks. This 
model randomly selects samples from the original 
data through self-sampling, and each tree is built in-
dependently without pruning, ensuring that the com-
plex structure of the data is captured. When splitting 
nodes, the random forest randomly selects some fea-
tures, effectively reducing the overfitting risk and en-
hancing the robustness of the model. In time series 
analysis, random forest predicts future values by ana-
lyzing historical data within a time window, and is able 
to handle nonlinear relationships and seasonal 
changes in the data. The model structure diagram is 
shown in Figure 5.

3.6. Construction of Learning Model
Ensemble learning is a method using multiple ba-

sic models. By integrating multiple weak classifiers, 
using sample weighting and learner weighting, a 
powerful learner with stronger generalization ability 
than a single model is formed. Its core idea is to cre-
ate multiple base learners by applying different sam-
pling or preprocessing techniques to the training data, 
and combine these learners into a comprehensive 
integrated model to enhance the final prediction effect 
and generalization ability. This approach requires 
each individual learner to maintain both appropriate 
accuracy and differentiation from one another.

Info-cnn-bilstm-rf model is an advanced integrated 
learning system, which combines the advantages of 
volume vector weighted average optimization algo-
rithm (INFO), convolutional neural network (CNN), 

(22)

ft = σ (Wf ⋅ [ht−1, xt] + bf)
it = σ (Wf ⋅ [ht−1, xt] + bi)

C̃t = tanh (Wc ⋅ [ht−1, xt] + bc)
ot = σ (Wf ⋅ [ht−1, xt] + bo)

σ
h − 1

t − 1 f, it, C̃t ot t

Wf , Wi, Wc and Wo
bf , bi, bc and bo

(23)yt = σ (Wy ⋅ [ht, ht] + by)
ht

t ht Wy by
yt

t
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Figure 4 | BiLSTM algorithm structure diagram Figure 5 | Structure diagram of random forest algo-
rithm
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BiLSTM and Random forest (RF) to improve the pre-
diction accuracy of time series data. First, the raw 
data is fed into the CNN layer and BiLSTM layer, and 
the time dependence is captured synchronously by 
both models. Then, the INFO optimization algorithm 
was used to iteratively optimize the relevant hyperpa-
rameters of CNN and BiLSTM, and finally the optimal 
model was obtained. The features from CNN and 
BiLSTM are then sent to a fusion layer that uses a 
join strategy to integrate the two types of features. On 
this basis, the model optimizes the combination of 
these features through a dynamic weight adjustment 
mechanism. The weight adjustment is based on the 
predicted error of each component, and the specific 
adjustment formula is shown as equation (24) :

Where   represent the predic-
tion errors of BiLSTM and CNN models on the verifi-
cation set respectively. The weight update rule is for-
mula (25) :

The weighted features are fed into the random for-
est layer for a final prediction. Random forests im-
prove prediction accuracy and stability by integrating 
multiple decision trees. The specific construction 
process of the model is shown in Figure 6.

4. Experimental Analysis

4.1. Prediction Performance Evaluation Indicators
Root mean square error (RMSE), mean absolute 

error (MAE) and mean absolute percentage error 
(MAPE) were selected as evaluation indexes to eval-
uate the performance of the proposed model. The 
specific calculation formula is as equations (26) - 
(28):

Among them, the smaller the values of MAE, 
RMSE and MAPE, the higher the prediction accuracy 
of the evaluated model.

4.2. Model Parameter Setting
The proposed model is programmed based on 

MATLAB2023a platform. The PC configuration of the 
training model is as follows: The hardware parame-
ters are NVIDIA GeForce RTX 3060,16 GB, DDR4, 
3600 MHz, and Intel Core i9-10900k@3.7 GHz. The 

(24)ΔW =
EBiLSTM − ECNN

max (EBiLSTM, ECNN)
EBiLSTM, EBiLSTM

(25)Wnew = αΔW + Wold

(26)

(27)

(28)

R MSE =
1
m

m

∑
s=1

(y − yreal)2

MAE =
1
m

m

∑
s=1

ypred − yreal

MAPE =
1
m

m

∑
s=1

ypred − yreal

yreal
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Figure 6 | Flowchart of INFO-CNN-BiLSTM-RF algorithm
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initial parameters of the algorithm are shown in Table 
3.

4.3. Initial Signal Decomposition
Due to the randomness and volatility of the original 

power load data, ICEEMDAN is used to decompose 
the original power load data in this paper to improve 
the accuracy of prediction. Figure 8 shows the se-
quence after ICEEMDAN decomposition for the pow-
er load.

After decomposition, this paper selected the unde-
composed sequence and the decomposed sequence 
for experimental comparison. The specific perfor-
mance is shown in Table 4.

The above experimental results show that com-
pared with INFO-CNN-BiLSTM-RF model, the model 
integrated with ICEEMDAN technology shows signifi-
cant improvement in various performance indexes. 
The RMSE, MAE and MAPE indexes of ICEEMDAN-
INFO-CNN-BiLSTM-RF model data are significantly 
reduced, among which RMSE is reduced by 62%, 
MAE by 67% and MAPE by 67%. The above results 
show that ICEEMDAN decomposition can effectively 
increase the model's ability to recognize hidden pat-
terns in data, thus improving the accuracy and stabili-
ty of prediction.

To sum up, the subsequent experimental data will 
be pre-processed using this technology to ensure 

data quality and improve the overall performance of 
the model.

4.4. Comparative Experimental Analysis of 
Optimization Algorithms

In order to verify the performance of the selected 
INFO optimization algorithm, this paper adopts a va-
riety of optimization algorithms based on CNN-BiL-
STM-RandomForest integration algorithm, including 
CGO(Chaos optimization algorithm), WSO(White 
Shark optimization algorithm), SA(simulated anneal-
ing algorithm), PSO(particle swarm optimization algo-
rithm) and so on.

Subsequently, relevant experiments were con-
ducted, and the results were shown in Table 5 and 
Figure 9.
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Table 3 | Initial parameter Settings

Parameter name Parameter value
Initial number of vectors 5

The maximum number of algorithm iterations 10
Optimization dimension 2

Optimization range 1 [50-500]
Optimization range 2 [5-60]

Learning rate 0.005
optimizer Adam
Lot size 128

Training rounds 1000
Attenuation rate 0.2

Table 4 | Comparison of prediction indicators before and after model data decomposition

Models/related indicators RMSE MAE MAPE
ICEEMDAN-INFO-CNN-BiLSTM-RF 75.012 54.294 0.627

INFO-CNN-BiLSTM-RF 199.22 161.69 1.88

Figure 8 | Sequence after load data decomposition
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The above results show that INFO-CNN-BiLSTM-
RF achieves good results in three key performance 
indexes of RMSE, MAE and MAPE. Among them, in 
the comparison experiment with other traditional op-
timization algorithms, the performance improvement 
of the selected model compared with CGO-CNN_Bi-
LSTM-RF in RMSE, MAE and MAPE were 66.43%, 
67.00% and 67.16% respectively. The increase of 
PSO-CNN-BiLSTM-RF was 59.82%, 60.06% and 
60.07%. The increase of WSO-CNN-BiLSTM-RF was 
80.11%, 80.48% and 80.49%. SA-CNN-BiLSTM-RF 
showed the most significant improvement in various 
indexes, reaching 88.58%, 87.95% and 87.99%, re-
spectively. See Figure 10 for details. In summary, it 
can be proved that the INFO optimization algorithm 
selected in this paper has the most efficient optimiza-
tion performance under a limited number of iterations. 
Next, this paper conducts a comparative experiment 
for traditional optimization algorithms.

4.5. Comparative Experimental Analysis of 
Prediction Algorithms

In order to verify the predictive performance of 
INFO-CNN-BiLSTM-RF proposed in this paper, XG-

Boost(Limit gradient elevator), LightGBM (lightweight 

gradient elevator), Decision Tree, Kernel Methods, 
kernel methods were selected. MLP-BP (Multi-layer 
perceptron-backpropagator) was used for compara-
tive experiments. The relevant comparative prediction 
models are described as follows:

Then, under the condition that the parameters of 
all models are consistent with the experimental envi-
ronment, the predicted results are shown in Table 6 
and Figure 11.

The above experimental results show that the pro-
posed model is significantly better than other tradi-
tional models in three key performance indexes. 
Compared with XGBoost, INFO-CNN-BiLSTM-RF 
decreased by 57.0% in RMSE, 57.8% in MAE and 
58.1% in MAPE. Compared with LightGBM, RMSE 
decreased by 57.4%, MAE decreased by 58.7% and 
MAPE decreased by 59.2%. Compared with decision 
tree model, RMSE decreased by 59.9%, MAE de-
creased by 57.3% and MAPE decreased by 57.2%. 
Compared with the nuclear method, RMSE de-
creased by 84.5%, MAE decreased by 73.8%, and 
MAPE decreased by 72.6%, as shown in Figure 12. 
These results show that the INFO-CNN-BiLSTM-RF 
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Table 5 | Performance comparison of INFO optimized prediction models

Models/related indicators RMSE MAE MAPE
INFO-CNN-BiLSTM-RF 75.011 54.294 0.627
CGO-CNN-BiLSTM-RF 124.845 90.701 1.048
PSO-CNN-BiLSTM-RF 119.885 86.920 1.004
WSO-CNN-BiLSTM-RF 135.103 97.993 1.131
SA-CNN-BiLSTM-RF 140.954 102.023 1.179

Note: Color gradient represents data size

Figure 9 | Comparison of prediction effect of INFO 
optimization prediction algorithm Note: The improvement of relevant indicators refers to 

the percentage improvement of INFO-CNN-BiLSTM-RF 
model compared with the comparison model

Figure 10 | INFO indicator promotion visualization



Mingshen Xu et al. IJAS | Vol. 1 No. 1 (February 2025)

model has higher prediction accuracy and lower error 
when processing this dataset, demonstrating its obvi-
ous advantages over traditional models in complex 
time series prediction tasks. To sum up, it can be 
concluded that the model proposed in this paper is 
not only innovative in structure, but also has obvious 
advantages in accuracy, which indicates that the 
model proposed in this paper can be a powerful tool 
to deal with high-disturbance, high-complexity and 
high-noise time series prediction problems.

4.6. Optimize the Experimental Analysis of 
Module Ablation

  In order to explore the effect of INFO-CNN-BiL-
STM-RF related combined optimization modules on 
the overall performance of the model, a series of ab-
lation experiments were conducted in this paper. 
Through these experiments, it is possible to analyze 
in detail the specific contribution of each component 
to the prediction accuracy, thus verifying the validity 
and necessity of the different modules in the INFO-
CNN-BiLSTM-RF model. Specifically, we remove 
CNN, BiLSTM, and RF components from the model 
and observe how these changes affect the model's 
performance on the time series prediction task. By 
comparing the performance of the complete model 

and its variants on multiple key performance indica-
tors, it is possible to reveal the specific impact of 
each optimization module on improving prediction 
accuracy, as well as their synergies within the overall 
architecture.

The specific ablation experiment results are shown 
in Table 7 and Figure 13.

The above experimental results show that. The 
INFO-CNN-BiLSTM-RF model significantly outper-
formed other models on all key performance indica-
tors, demonstrating the importance of combining 
CNN, BiLSTM and RF components. Compared to 
models without any component, INFO-CNN-BiLSTM-
RF showed significant performance improvements: 
RMSE, MAE and MAPE were reduced by 47.5%, 
47.5% and 47.4%, respectively, compared to the 
CNN-BiLSTM-RF model. Compared with the Ran-
domForest model, these indexes are improved by 
51.4%, 51.6% and 51.6% respectively. Compared 
with CNN-BiLSTM model, the improvements are 
48.1%, 48.5% and 48.8%, respectively. As shown in 
FIG. 14, in addition, compared with the CNN model, 
INFO-CNN-BiLSTM-RF increased by 75.4% on 
RMSE, 76.5% on MAE and 76.4% on MAPE. Com-
pared with BiLSTM model alone, INFO-CNN-BiL-
STM-RF improved 54.3% on RMSE, 54.4% on MAE, 
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Table 6 | Comparison of prediction performance of prediction models

Models/related indicators RMSE MAE MAPE
INFO-CNN-BiLSTM-RF 75.011 54.294 0.627

XgBoost 173.552 128.889 1.495
LsBoost 175.976 131.377 1.538

DecisionTree 187.190 127.040 1.464
kernel 483.580 207.295 2.291

Figure 11 | Comparison of prediction effects of 
the proposed prediction algorithms

Figure 12 | Visualization of improved prediction effect of the 
model proposed in this paper
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and 54.6% on MAPE. In summary, by integrating 
CNN, BiLSTM and RF, the model can process time 
series data more comprehensively, and effectively 
extract and utilize spatial features and time depen-
dence in data. In addition, by integrating the unique 
advantages of different algorithms, the integrated 
model significantly improves the accuracy and ro-
bustness of the prediction, and ADAPTS to the com-
plex needs of time series prediction. The experimen-
tal results also show the effectiveness and necessity 
of adopting ensemble learning strategy in processing 
time series data with complex patterns.

5. Conclusion and Prospect

Aiming at the complexity and high dimensional 
data of power load forecasting, an ICEEMDAN-INFO-
CNN-BiLSTM-RF model based on ensemble learning 
is proposed in this paper. First, ICEEMDAN (Im-
proved Complete Set Empirical Mode Decomposition) 
is introduced in data processing to deal with nonlinear 
and non-stationary time series data more efficiently, 
thus enhancing the ability of the model to capture key 
features. Subsequently, the model integrated convo-
lutional neural networks (CNN), two-way long short-

term memory networks (BiLSTM), and random 
forests (RF) to improve prediction accuracy and ro-
bustness. By processing different data features in 
parallel, the CNN layer is able to capture spatial de-
pendencies, while the BiLSTM layer focuses on cap-
turing temporal dependencies of time series data. As 
the final decision level, random forest integrates mul-
tiple decision trees to improve the generalization abili-
ty and accuracy of the model. At the same time, the 
model also introduces the INFO (vector weighted av-
erage) optimization algorithm to optimize the weight 
configuration and parameter selection of the model 
and optimize the network hyperparameters, so as to 
improve the prediction accuracy and response speed 
of the whole model. The experimental results show 
that ICEEMDAN-INFO-CNN-BiLSTM-RF model has 
significantly improved performance compared with 
the traditional model in several key performance indi-
cators. Meanwhile, under the same training parame-
ters and conditions, the hyperparameter optimization 
ability of ICEEMDAN-Info-CNN-BilSTM-RF model is 
also superior to the traditional optimization algorithm. 
However, although the prediction accuracy of the 
proposed model is high, the computational cost in the 
process of model training and parameter optimization 
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Table 7 | Comparison of experimental predictive performance of ablation models

Models/related indicators RMSE MAE MAPE
INFO-CNN-BiLSTM-RF 75.011 54.294 0.627

CNN-BiLSTM-RF 142.628 103.265 1.193
RandomFrest 154.480 112.169 1.296
CNN-BiLSTM 145.884 105.938 1.224

CNN 305.406 231.134 2.657
BiLSTM 163.98 119.14 1.382

Figure 13 | Comparison of predicted results of 
ablation experiments

Figure 14 | Visualization of ablation experiment index im-
provement
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is large, especially in the dynamic adjustment of 
model weights and the integration of multiple models. 
Future research will need to explore more efficient 
algorithms to reduce training time and improve the 
operational efficiency of models, while maintaining or 
improving the predictive accuracy of existing models. 
In addition, the scalability and adaptability of the 
model in practical applications are also important di-
rections for further research.
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