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Abstract— Accurately predicting network traffic is critical for real-time anomaly detection,
improved service quality, and effective resource management. This research delves into the
most recent developments in CEEMDAN-integrated hybrid deep learning approaches for
network traffic prediction. CEEMDAN breaks down data on unpredictable and non-linear
network connections into IMFs, therefore isolating important data components. Deep learning
architectures enhanced with attention mechanisms which give relevant features top priority for
enhanced prediction accuracy are further investigated using these IMFs. By means of advanced
data decomposition and feature selection, studies using real-world network traffic datasets
show that these hybrid approaches exceed conventional approaches, so addressing constraints.
In order to offer precise and context-aware traffic predictions, this study highlights the
potential of CEEMDAN and attention driven models, leading to the development of network
management systems that are stronger and more flexible.

Index Terms— Deep learning, Network traffic prediction, attention mechanism, gated recurrent
unit, temporal convolutional network.

|. INTRODUCTION

Due to the fact that society is becoming more and more digital, network communication has emerged as an
essential component in the process of developing a smart and linked future. As of October 2022, there are 5.07
billion internet users, up 171 million from the previous year, according to the Global Cyber Statistics Report.
This figure accounts for roughly 63.5 % of the worldwide population. The amount of data generated and
received via the internet has risen owing to the exponential development in internet use. Simultaneously, the
growth of 5G connectivity, cloud computing, and the 10T has expedited the development of network data
services, necessitating more bandwidth from network base stations. The expansion has brought about several
major issues, such as more network congestion, higher latency, and uneven distribution of resources.
Enhancement of network service quality in communication networks requires deep-dive analysis of the network
traffic so that the traffic trends can be predicted accurately to facilitate efficient base-station scheduling and self-
manageability. The prediction of traffic peaks allows the system to take proactive actions, such as boosting
transmission power to prevent congestion, and the prediction of troughs suggests power reduction and
hibernation of base stations, saving energy.
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Therefore, precise in-orbit traffic predictions are very important in terms of improving the level of service.

Recent research also demonstrates that network traffic prediction is practical and the characteristic exhibits

temporal correlations, however, there are still difficulties owing to the inherent instability, complexity and

uncertain nonlinear characteristics of the network. Continuing work This work is an attempting to cope with
these problems by dealing with instability and time-correlation in network traffic.

Deep learning, famous for its ability to identify nonlinear features, is one of the best ways to accomplish this job.

Popular models for time-series data include Gated Repetitive Units (GRUs) and Very Short-Term Memory

(LSTMs), and are good at capturing long-term relationships. Moreover, TCNs which make use of causal

convolutions, provide considerable advantages for the study of time series. The CEEMDAN-TGA technique is a

hybrid deep learning approach that combines these models utilizing a device for attention. Improving the

precision of feature extraction and prediction is its intended use.

Using the CEEMDAN technique, network traffic data is first deconstructed into various modes. These modes are

then rebuilt into trend and noise sequences in order to enhance denoising. This methodology is known as the

CEEMDAN-TGA approach. The following stage is to employ a hybrid model integrating TCN and GRU and

extract both short-term as long-term characteristics from the data underlying the network’s traffic. From the

various ways the attention function fine-tunes the prediction is by modifying the model's weights. We compare

CEEMDAN-performance TGA's to that of well-established baseline methods to show that it is effective.

This study makes a number of important advances, including the following:

» Introducing the CEEMDAN method for adaptive decomposition and noise reduction in network traffic data,
addressing mode mixing and white noise errors.

» Creating a hybrid deep discovering model (TCN-GRU-Attention) for helpful multi-feature extraction that
can gather both quick and long-term characteristics. - improving the efficacy and stability of model training
by hyperparameter adjusting using the Bayesian Optimization Algorithm (BOA). We recommend an
organizing technique that is based on this method to facilitate future work, and we conduct investigations
with real base the station databases to validate the accomplishment of the CEEMDAN-TGA model. The
following remains the outline for the rest of the paper after that.

» An outline of relevant research on predicting network traffic is given in the second part. In Section 11, we
go into detail about the CEEMDAN-TGA method.

Presented in Section 1V are the findings of experiments conducted on actual datasets. In Section V, we present

various solutions for energy conservation and base station scheduling. The conclusion of the study includes a

summary as well as a discussion of potential future research directions.

Il. RELATED WORK

With strong self-similarity and long-term interdependence, network traffic displays time-series properties [13],
[14]. Numerous fields, including economics, the natural sciences, and network administration, stand to benefit
greatly from solving the time-series analytic challenge of predicting network traffic [15], [16]. Network
operators can improve network efficiency, optimize resource scheduling, and guarantee reliable Quality of
Service (QoS) via accurate traffic forecast. Many techniques for predicting network traffic have been developed
by researchers over the years. These methods can be generally classified into two categories: those using
conventional linear models and those using nonlinear neural networks. Classical linear methods, such as naive
statistical approaches and parametric techniques, analyse historical data but struggle with the burstiness and
nonlinear characteristics of traffic. Examples of well-liked parametric models are AR (Autoregressive) [17], MA
(Moving Average) [18], and various combinations of the two, such as ARMA [19] and ARIMA [20].While these
models are theoretically robust, they fail to capture the self-similarity and long-term correlations inherent in
network traffic, and they are limited in handling nonlinear dynamics [21].

On the other hand, nonlinear approaches have been more popular for network traffic prediction since the
introduction of deep learning, which provides better capabilities for collecting complicated patterns. Models
trained using neural networks, such as CNNs [22] and RNNs [23], have shown exceptional performance in
applications involving computer vision and NLP.For traffic prediction, researchers employ techniques like To
capture long-term dependencies, architectures based on RNNs, Multilayer Perceptron’s (MLP), Stacked
Autoencoders (SAE), and Support Vector Regression (SVR) [24], [25]. For problems like training-time
vanishing gradients, two RNN versions that stand out are the LSTM plus Gated Recurrent Units (GRU) models.
Regarding the acquisition of long-term dependencies, GRU's simplified form and fewer parameters really shine.
Transient Convolutional Networks (TCN), leveraging dilated causal convolutions and residual connections, have
also shown excellent performance in time-series feature extraction [26], [27].
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Hybrid models combining multiple approaches have emerged to address the limitations of single-method
solutions. For example, integrating LSTM with attention mechanisms leverages LSTM's temporal feature
extraction capabilities and attention's ability to adjust hidden state weights, improving prediction accuracy [36].
Combining CNN, LSTM, and other components has also yielded significant performance improvements [37].
Methods incorporating signal decomposition, such as wavelet-based LSTM models [38] or TCN-LSTM hybrids
with preprocessing filters [39], have further demonstrated the benefits of multi-method approaches.To address
noise and limited feature extraction in existing methods, we propose CEEMDAN-TGA, combining CEEMDAN,
TCN, GRU, and attention mechanisms. GRU replaces LSTM for simpler structure and faster training while
preserving long-term dependency modelling. TCN captures short-term patterns such as bursts and periodicity via
1D convolution. The attention mechanism optimizes hidden state weighting to minimize information loss.

I1l. METHODOLOGY

This part goes over the CEEMDAN-TGA in great length together with the fundamental ideas and benefits of
every module.

A. CEEMDAN

Common examples of non-stationary data include sequences of network traffic, which display nonlinear, time-
dependent, and random properties. The reliability of traffic forecasts for networks is greatly impacted by these
characteristics. Decomposing In order to increase prediction accuracy and limit the influence of noise, this
research employs the Complementary Experimental Mode Decomposition Ensemble with Adaptive Distortion
(CEEMDAN) to transform nonlinear and irregular, network traffic sequences towards stationary components.
Noise is then identified based on the characteristics of the decomposed components, enabling the reconstruction
of noise and trend sequences. The trend sequence is subsequently utilized for prediction tasks.

According to earlier studies, CEEMDAN is based on EMD [41] and EEMD [28], which are the bases of
Empirical Mode Decomposition (EMD). By breaking them down into their Intrinsic Mode Function (IMF)
components, EMD successfully captures changes in trend across different time scales for non-stationary data
sets. However, mode mixing does occur often in EMD. Negative and positive Gaussian white noise pairs are
introduced to the data by EEMD to address this issue and reduce modal mixing. Nonetheless, residual white
noise in EEMD can still impact the data. In order to optimize this approach even further, CEEMDAN extracts
each order's IMF and then calculates the overall average by adding adaptive white noise in pairs of equal
magnitude and opposite sign. In addition to fixing incomplete decomposition, this approach reduces
computational load dramatically while achieving reconstruction errors close to zero [42].

Initially, let's define Ei(-) where Ci(-) represents the ith iteration of the inside maximum frequency (IMF) after
EMD breakdown, wj represents the sequence of normal-distributed Gaussian white noise, j represents the
iteration of white noise adding times, as well as € represents the value of the white noise parameter. Here are the
primary procedures that CEEMDAN adheres to: Applying Gaussian white noise to the initial signal x(t) yields
the function X'(t) = x(t) + (—1)mewj, with m is either 1 or 2. The new signal is decomposed using EMD to get the
initial IMF. Calculating C1j (t) is as follows:

E@'@®) =Cl@)+ 7 (1)

To acquire the first IMF, first calculate all of its components individually. Then, take the overall average and
calculate C1(t). The formula for computation, CEEMDAN, is

N
—~ 1 .
0=y Zl Ci(0) )
=
Finally, determine the first stage's residual ri(t).
ri(t) = x(t) — C1(0) 3)

Fourthly, the residual ri(t) is re-added with The initial IMF Dj1 (t) is computed by EMD after a fresh signal is
generated using both sides of pair Gaussian white noise. At long last, CEEMDAN calculates the second IMF
C2(t) by averaging the N IMFs that were generated.

— 1>
G0 = - > D)) @
Jj=1
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Determine the second stage's residual r2(t).
ra(t) = x(t) — Ca(t) )

Keep going until you have a monotonic function as the residual signal, and then stop decomposing. We can
decompose the original signal x(t) as (6) if the number of IMFs acquired is M.

M
x(t) = D Cult) + rm() ©)
m=1
Reconstructing the trend component using the properties of each of the signal's stationary components follows
CEEMDAN decomposition, which first isolates the non-stationary signal into numerous stationary components.
The denoised network traffic stream is obtained from the reconstructed signal. When utilizing CEEMDAN for
denoising, you may improve prediction accuracy and lessen the effect of noise.

B. TCN

Time sequence prediction makes heavy use of TCN due as it outperforms other recursive structures in terms of
memory capacity [27] and time sequence modelling. An new one-dimensional convolutional network called Tri-
Convolutional Network (TCN) combines dilated convolution, residual block, and causal convolution.

Figure 1 depicts the TCN architecture, which utilizes network traffic history to its fullest potential.
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Fig 1. TCN Structure Diagram

C.GRU

To improve upon RNN and LSTM, the GRU algorithm was developed. The GRU builds upon the LSTM's gate
control structure by combining the input and forgetting gates into a revision gate (zt%) and repurposing the
output gate as a reset gate (rt%) [43]. The update gate measures the quantity of data retained by ram from the
previous instant to the present moment, whereas the reset gate measures the total quantity of historical data
required to be wiped. You can see the GRU's structural diagram in Figure 3.Compared to LSTM, GRU offers
faster calculation speed, fewer parameters, a simpler structure, and less internal unit redundancy; it is also more
in line with the timeliness criterion in the field of network traffic prediction.

hj
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h
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Fig 3. GRU structure diagram
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The phrase that describes how the GRU works is:
zt = o (W - [hi—1, x])
re =o0(W; - [hi—1,x])
h; = tanh(W - [r; % hy—1, x¢])
hy =0 —z)*h—1 + 2z *Zl

At time t, the input is X, the output is ht—1, the activation function is o, the weight matrix is W, the reset gate is
rt, and huntu is the candidate hidden state.

D. Attention mechanism

Passing lengthy sequences of traffic data from the network via GRU may result in diminished impact since all
relevant information cannot be completely considered and stored. The attention mechanism, when combined
with GRU, may efficiently filter inputs to increase prediction accuracy. Improved prediction accuracy may be
achieved by the use of an attention mechanism, which regularly evaluates the relevance of information and
focuses on essential components [46]. The attention process filters away superfluous information, among other
things. Reducing the weight actively removes data with poor correlation; while increasing it improves the data
with strong correlation. Due to the strong daily, weekly, and monthly periodicity in network traffic data series, it
is crucial to record the periodicity and supplementary information in order to enhance the accuracy of
predictions. Suppressing features with poor or irrelevant correlation—a consequence of bursty information and
noise—improves the approach's overall performance and efficiency.

E. CEEMDAN-TGA

We introduce the CEEMDAN-TGA, a hybrid model that integrates the denoising strength of CEEMDAN with
TCN's short-term feature extraction, GRU's long-term dependency capturing, and attention mechanism's weight
assignment capability, to optimize hidden feature extraction and reduce noise effects. The attention mechanism,
CEEMDAN, TCN, and GRU are all seamlessly integrated in the CEEMDAN-TGA design. Signal
decomposition was the first step that CEEMDAN used to identify and eliminate noise. Next, we use the attention
mechanism to fine-tune the weights, and then we merge the benefits of the TCN and GRU nonlinear models to
accomplish sufficient feature extraction. The fully linked layer generates accurate network traffic forecasts by
mapping collected long- and short-term contextual data to real traffic values. Looking at Figure 4, you can see
the CEEMDAN-TGA technique.

Traffic Sequence

Fully Connected Layers

S

<; Output Layer 7:7>

Fig 4. CEEMDAN-TGA structure diagram
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Our feature extraction method is a hybrid one, since network traffic features exhibit both time-dependent long-
term dependencies and time-dependent short-term local dependencies. The hidden elements of various methods
can be investigated with the use of appropriate training and learning procedures, since different approaches have
different features and benefits. Because it uses convolutional networks, which are good at capturing short-term
local data information, TCN is suitable for network traffic prediction in most cases[45] and its receptive field
may be modified dynamically. Due to their features, GRU's small parameters and rapid convergence make it
easier to manage the timely and unexpected nature of network data. The network traffic forecast problem is best
handled by a mixture of TCN and GRU, since they can extract both characteristics concurrently.

IV. RESULT ANALYSIS
The CEEMDAN-TGA method is tested on real base station data to evaluate its performance.

A. Data Set Description

The dataset used in this study comes from the “AlIA Home Network Competition: Network Traffic
Forecasting,” co-organized by China Mobile and the China Artificial Intelligence Industry Development
Alliance. It includes hourly traffic data from three anonymized base stations between January 2017 and
November 2018. This experiment uses a subset—data from January 1 to March 31, 2017—totaling 2160 hourly
entries. To capture temporal patterns, a 24-hour input window is set for forecasting, with an 80:20 split into
training (1728 samples) and testing (432 samples). The TGA model is trained and tuned using Bayesian
optimization, and evaluation is conducted on the test set. The traffic exhibits strong daily periodicity, peaking
between 11:00-23:00 and dipping from 03:00-08:00. Burstiness appears in short-term spikes and during events
such as the Chinese New Year (samples 620-790), where traffic surges due to increased usage. The data is
inherently nonlinear, reflecting complex and dynamic network behaviour.

B. Data Preprocessing

Data preprocessing involves normalization and denoising. Due to the complexity of network traffic, Min-Max
normalization is applied to scale the data to [0,1], improving training convergence and mitigating gradient
vanishing issues [1]. The transformation maps each value Xi using the formula:

Xi — Xpmi
* 1] min
%= X — Ko
max nun

Next, CEEMDAN decomposes the normalized series into Intrinsic Mode Functions (IMFs) and a residual. In this
study, 8 IMFs and 1 residual are generated. These IMFs represent distinct characteristics: IMF1 shows noise,
IMF2-4 show periodicity, and IMF4-8 along with the residual reveal trend components [2].

To identify and remove noise, combinations of IMFs are tested by eliminating suspected noisy ones,
reconstructing the remaining components, and evaluating prediction performance using a hybrid deep learning
model. The optimal outcome is achieved when IMF1 is excluded—confirming it as the primary noise carrier—
while IMF2-8 and the residual are retained as trend signals [3].The denoised data, reconstructed from the
retained components, is then used for training and forecasting with the Temporal Graph Attention (TGA) model.

C. Evaluation metrics

The effectiveness of network traffic prediction methods is typically assessed using error metrics such as Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), and the R-squared coefficient (R?). Lower RMSE
and MAE values indicate more accurate predictions, while a higher R? reflects better model fit [4].

N
1 /2
RMSE = \[ﬁ > |xi — x{|
1



D. Prediction result analysis

The experiment evaluates prediction performance through both visual (Figure 10) and quantitative analyses.
Visually, the CEEMDAN-TGA model closely follows the real traffic trends, outperforming other models with
clearer accuracy and better fit [1]. Quantitatively, CEEMDAN-TGA vyields the lowest RMSE and MAE and
highest Rz, indicating superior accuracy [2].
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Fig 9. TCN Model Fig 10. GRU Model

With CEEMDAN denoising, CEEMDAN-TGA achieves RMSE of 0.05149, MAE of 0.04207, and R2 of 0.9828.
Without denoising, TGA's RMSE and MAE increase to 0.05856 and 0.04306, and Rz drops to 0.9777—showing
12.07% RMSE and 2.3% MAE reductions, and a 0.52% R2 improvement [3]. This confirms CEEMDAN’s
effectiveness in noise reduction.

Compared to advanced models like 3SG+TCN+LSTM, SSA+LSTM, and Wavelet+LSTM, CEEMDAN-TGA
shows a 7.72% lower RMSE, 2.12% lower MAE, and 0.31% higher R2. Against traditional models (XGBOOST,
SVR, ARIMA), its advantage is even more pronounced [4].

CEEMDAN-TGA’s time complexity is O(n?), mainly due to CEEMDAN and GRU-Attention, while TCN
contributes linear complexity. Optimized with Bayesian tuning, training and prediction times are 280.11s and
0.1086s, respectively—suitable for practical use [5].

The model’s strength lies in TCN’s ability to capture short-term spikes, GRU’s effectiveness with long-term
patterns, CEEMDAN’s noise suppression, and the attention mechanism’s feature filtering. Together, these
enhance both accuracy and robustness [6].
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Fig 11. Traffic Flow Over Time Fig 12. Actual vs Predicted Traffic Flow (Train & Test)

In Figure 11 plot shows the variation in traffic volume over time. It highlights clear patterns of peak and off-peak
hours, indicating regular daily traffic cycles—useful for time-series forecasting models. In Figure 12 plot
visualizes the actual traffic volume alongside model predictions for both training and testing periods. The actual
data is shown as a continuous line, while the predictions are overlaid with proper time shifts to match their real-
time positions. This helps assess the model's accuracy across the entire time series.

V. CONCLUSION

Base station anomaly detection, intelligent scheduling, and congestion control all rely on accurate prediction of
network traffic. Extensive feature extraction and effective denoising are necessary for precise prediction because
of the complexity of network traffic patterns. Our CEEMDAN-TGA is a deep learning hybrid that incorporates
an attention mechanism, GRU, and TCN; it has been evaluated in this way. Improving prediction accuracy and
resilience is achieved by denoising and decomposing the data using CEEMDAN, extracting local features using
TCN, capturing dependencies using GRU, and adjusting information weights using the attention method. The
results of the experiments demonstrate that CEEMDAN successfully reduces noise and that the CEEMDAN-
TGA model has substantial performance benefits according to quantitative and qualitative assessments. These
precise forecasts serve as a springboard for further investigation into base station scheduling and energy savings.
There will be two primary areas of future study. Finding a reliable metric to differentiate between trend
sequences and noise sequences is the first step towards eliminating all noise. Secondly, taking a more methodical
approach to the problem by delving further into the topic of network traffic scheduling in order to integrate
prediction and scheduling thoroughly.
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