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ABSTRACT  

Multivariate time series data is ubiquitous in the real world, and the study of its modeling and analysis is a popular 

research topic in meteorology, transportation, finance and other fields. In these studies, classical statistical methods are 

primarily aimed at single time series analysis, while deep learning demonstrates the power to mine patterns from massive 

amounts of data. A major application of these studies is to analyze collected historical sequence information to predict 

what will happen over time in the future. Currently, recurrent neural network-based models and time-convolution-based 

models realize the predictive power of multivariate time series, but these deep models perform mediocrely at predicting 

long-sequence tasks. On the one hand, due to the accumulation of errors, on the other hand, the fact that the collected 

sequence contains a large amount of high-frequency noise. In order to improve the prediction accuracy of the model and 

mine more valuable features from the series, we propose a novel multivariate time series prediction framework ADWT 

for time series modeling. By designing an adaptive filtering module in the characteristics of the signal frequency domain, 

our model removes noise from some of the time series and builds an end-to-end framework by fusing it with the 

prediction module of deep learning. Experimental results show that our model can effectively improve the prediction 

accuracy of multivariate time series, and its performance in the three benchmark data sets is competitive with the latest 

spatial-temporal series prediction model, and has good interpretability. 

Keywords: Discrete Wavelet Transform, Multi-variate time series forecasting, Deep Learning, Data Mining 

 

1. INTRODUCTION  

Time series forecast analysis is to use the characteristics of an event time in the past time to predict the characteristics of 

the event in the future period of time, multi-time series is a current research hotspot, in finance, e-commerce, security 

supervision and many other fields have a large number of applications. 

At present, there are two main methods: first, from a statistical point of view combined with deep learning methods; by 

calculating the statistical characteristics of the series and the statistical characteristics between the series, using deep 

learning methods to predict, for example, DeepAR[1], by training LSTM based model to predict the probability 

distribution parameters of each series, from a statistical point of view to give the distribution probability of the future 

values of each sequence variable; second, from the perspective of the graph to explore the relationship between the 

sequences, the multivariate time series as a "spatial-temporal graph" / "dynamic graph" from the perspective of graph 

theory, instantiate the connection between variables; suppose that some variables have a certain relationship at a certain 

time, construct a graph that changes with time between variables, and then combine neural network methods of the 

temporal dimension, such as RNN, and aggregation methods of spatial dimensions, such as the graph neural network 

(GNN) will converge and update the time series information of the variables themselves and the time series information 

of the neighbors, get a new representation of each variable, and finally through the mapping function, Map the implicit 

space's embedding to the predicted value corresponding to each series. 

However, most of these studies are raw data from input multivariate time series and do not effectively eliminate noise in 

the data. In the field of digital signal processing, algorithms such as the Fourier transform wavelet transform show strong 

sequence analysis capabilities, can analyze the frequency domain characteristics of the sequence, and effectively propose 

high-frequency noise. We noticed that some of the work began to focus on the preprocessing of input data, such as ST-

Norm[2] statistical analysis and regularization of raw data in time and space dimensions. This work demonstrates the 

tremendous value of time series preprocessing for deep learning models, but they regularize without taking into account 

the removal of time series data noise, and there is still room for improvement. 
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In this work, we propose a multivariate time series forecasting model ADWT based on wavelet transform noise 

reduction. The multivariate time series is transformed by the wavelet transform to obtain the wavelet coefficient, then the 

noise reduction is passed by the threshold function, and finally the inverse wavelet transformation is restored to the time 

domain, which has more pure data information. And combined with the threshold coefficient of deep learning adaptation, 

followed by the time prediction module based on deep learning, the end-to-end training model will be more helpful to 

the prediction module's capture of patterns in the signal. Innovation: 1. We are the first multivariate time series 

forecasting model that uses wavelet transform to denoising; 2. By comparing the basic models, we can effectively 

improve the prediction performance of the basic models. 

 

2. RELATED WORK 

The core assumption behind Spatial-temporal Graph Networks is that there exists a latent graph among the time series, 

each of which representing a node of the graph. Such a graph can contribute to the forecasting tasks by revealing 

fundamental insights into the system described by the time series. Therefore, many works have been devoted to 

combining time-series relationship inference with forecasting recently. For example, Graph Wavenet[3] uses two modules 

to model spatial dependencies and temporal correlations respectively, and it designs a self-adaptive matrix to capture 

complex spatial dependencies through node embeddings. Later on, MTGNN[4] divided the process of time series 

forecasting into two main components: graph learning and graph-based forecasting. Specifically, MTGNN presents a 

joint framework for modeling multivariate time series data, and it parameterizes the graph as a k-degree one, which is 

learned in an end-to-end fashion with a GNN for forecasting multivariate time series. Most recently, to improve 

efficiency, GTS[5] first uses the whole training dataset of multivariate time series of each node to learn the representation 

and then samples a discrete adjacency matrix from the edge probabilities in a differentiable way. Although the above 

models have achieved a certain degree of success, they all focus on mining the spatial-temporal relationships of 

multivariate time series in the time resolution, ignoring the frequency resolution; thus some scale information is not used 

which may be helpful for MST forecasting. 

 

 
Figure 1. The framework of ADWT. 

 

3. METHODOLOGY 

The architecture of ADWT is depicted in Fig. 1. Our model is a time series forecasting model with DWT denoising, 

which consists of two main components: discrete wavelet transform denoising module and forecasting module. In the 

rest of this section, we first give the mathematical definition of our proposed model, and we present the overall 

framework of ADWT.  
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3.1 Problem Definition 

Let 
N TX  denotes the a multivariate time series that contain N  variables and each of variable with T  time steps. 

We defined 1 2{ , , , }NX x x x= , which contains N  multivariate time series, and each time series 

1 2{ , , , }T

i i i ix x x x=  has a total of T  time steps. At each time step t , given its previous h  steps of historical 

observations 
( ):t h tX −

, our goal is to learn a model f  which is able to forecast its next   steps 

( 1):( )
( ):( , )

t t
t h tX f X




+ +

−= , where   is the model parameter. We defined the loss function between the forecasting 

and the ground truth as the target of optimization, that is: 

 

 
( ): ( 1):( )min ( ( , ), )t h t t t

t

MSE f X X − + +  (1) 

The summing is because of the sliding window mechanism in model training. 

3.2 Discrete Wavelet Transform Denoising  

The principle is that the energy of the useful signal is concentrated on a small number of wavelet coefficients after the 

wavelet transformation, while the white noise is still dispersed on a large number of wavelet coefficients in the wavelet 

transformation domain[6][7]. Thus, relatively speaking, the wavelet coefficient values of the useful signal must be greater 

than the wavelet coefficient values of noise whose energy is dispersed and the amplitude is small. Therefore, in terms of 

the amplitude of the spectrum, the useful signal and noise can be separated. The main steps of this method are: (1) Select 

the appropriate orthogonal wavelet base and decomposition layer j , and decompose the noisy signal by wavelet 

transformation to the j  layer; (2) Perform threshold processing on the wavelet coefficient obtained by decomposition. 

Threshold function: 

 

 1
2

(| |)
2ln / log ( 1)

0.6745

median cD
T N j= +  (2) 

 

In the threshold function,  is the parameter to optimize the threshold, 1cD  is the detail coefficient of the first layer of 

decomposition of DWT, N  is the length of the data, and j is the number of decomposition layers. 

3.3 The overall ADWT Framework 

The model framework of ADWT is shown in the figure. Our model is a multivariate time series forecasting model, 

which is mainly based on the adaptive multivariate time series prediction of noise reduction by the discrete wavelet 

decomposition threshold function. Adaptive wavelet noise reduction is mainly based on the use of parametric threshold 

function to sift out the high-frequency detail coefficient of the wavelet transform of the time series, which can obtain 

smoother data. Finally complete the task using various popular time series forecasting modules. By using such noise 

reduction methods, subsequent time series forecasting models will mine patterns from the data more efficiently while 

retaining the data more completely. 

 
Table 1. A Summary of Datasets. 

Models Electricity Solar-AL Weather 

#Variables 336 137 6 

#Samples 2,208 8,496 17,288 

Sample rate 1 hour 10 minutes 1 hour 

Input Length  128 128 128 

Predict Length 24 24 24 
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4. EXPERIMENTS 

In this section, we carry out experiments with ADWT and several commonly used baselines in three public datasets to 

assess the effectiveness of ADWT. 

4.1 Experimental Setting 

Table 1, we describe the statistics of multi-variate time series datasets. Electricity, Solar-AL and Exchange-rate datasets 

are shared in work[8]. The Weather dataset is released in work[9]. The datasets are split in chronological order with 60% 

for training, 20% for validation, and 20% for testing. Following MTGNN, we set the context length to 128 and predict 

length to 24 to validate the long-range predictive power of ADWT and baselines. The evaluation metrics we choose 

include mean absolute percentage error (MAPE), mean absolute error (MAE) and root mean squared error (RMSE). 

4.2  Baseline Models 

We compare ADWT with the following models: 

1) LSTM: a standard encoder-decoder LSTM framework. 

2) Graph Wavenet3
: This derives a soft graph where each pair of nodes has a continuous probability of being 

connected 

3) MTGNN4: This builds a graph learning module to capture the relationship between time series. MTGNN is an 

evolution model of Wavenet. 

4) ADWT-LSTM: Use an Adaptive Discrete Wavelet Transform (ADWT) to filter the data before LSTM module. 

5) ADWT-Graph Wavenet: Use an Adaptive Discrete Wavelet Transform (ADWT) to filter the data before Graph 

Wavenet module. 

6) ADWT-MTGNN: Use an Adaptive Discrete Wavelet Transform (ADWT) to filter the data before MTGNN module. 

 
Table 2. Baselines Comparison of 24 Points Forecasting 

Models Electricity Solar-AL Weather 

MAPE(%) MAE RMSE MAPE(%) MAE RMSE MAPE(%) MAE RMSE 

LSTM 22.184 31.541  67.188  22.631  1.861  4.086  8.326  2.536  3.376 

ADWT-LSTM 21.844  31.090  67.701  20.701  1.940  4.042  8.027  2.463  3.293 

Graph Wavenet 18.138  24.548  53.312  20.696  2.055  4.021  7.753  2.410  3.257 

ADWT-Graph 

Wavenet 

16.998  24.095  53.271  21.411  2.035  3.978  7.853  2.443  3.291 

MTGNN 17.681  23.139  49.801  20.597  1.915  4.100  7.990  2.402  3.226 

ADWT-MTGNN 18.642  25.884  53.365  20.854  1.960  3.988  7.537  2.395  3.258 

 
4.3 Prediction Performance 

The experimental results are presented in Table 2. We set the prediction length as the next 24 hours in Electricity and 

Weather datasets, and the next 6 hours in Solar-AL dataset. Table 2 is the average MAPE, MAE, RMSE of 24 points of 

baselines and ADWT on the three datasets, respectively. LSTM is the classical RNN-based method to handle the 

sequence. Graph Wavenet and MTGNN perform great in multivariate time series forecasting tasks, especially MTGNN 

achieving sota effects in many datasets. With the addition of the ADWT module, the prediction effect of these models on 

the public dataset has been improved to some extent. Because our prediction of 24 points is a long series prediction, the 

model with error accumulation in LSTM will perform poorly, but after noise reduction, the sequence will become 

smoother, so there will be a positive performance for suppressing error accumulation. From the experimental data, we 

can see that the prediction effect improvement on the LSTM model is more obvious. In the Graph Wavenet and MTGNN 

models, the input data is first convoluted in one dimension, and the data is mapped to the hidden space, which has a 

certain filter effect in a sense, so the improvement effect after adding ADWT is not significant enough or even be 

negative effects. On the whole, the noise reduction treatment of the model input data has significant significance for the 

patterns in the mining data. 
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5. CONCLUSION 

In this paper, we propose a method to denoising time-series using wavelet transforms to enhance the accuracy of 

multivariate time series prediction tasks. Experiments have proved that our model is efficient and accurate, which can 

effectively improve the prediction accuracy. This proves that in the field of deep learning, the purity of the data is as 

important as the subtlety of the model. The integration of data noise reduction algorithms with deep learning-based 

prediction algorithms is conducive to more accurate mining of patterns in the data, which deserves everyone’s attention, 

not just more complex models. 
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