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ABSTRACT: The advancement of communication technology has made traffic engineering a critical issue in network
systems. The traffic matrix is essential data that supports traffic engineering. The functionality of routing planning,
network monitoring, and other modules within intelligent network management systems relies heavily on the network
traffic matrix. However, real-time measurement of the network traffic matrix is costly and often suffers from missing or
anomalous values. Consequently, long-term network traffic prediction presents significant challenges. Existing methods
often fail to comprehensively address the multidimensional characteristics of traffic and the computational costs of the
algorithms. To address these issues, we propose an efficient traffic prediction algorithm based on tensor factorization.
First, we introduce a non-negative tensor factorization algorithm that accounts for link errors. This algorithm captures
the spatial-temporal characteristics of traffic from different modes, thereby enhancing prediction efficiency. Next, we
integrate the tensor factor matrix with a seasonal differential autoregressive moving average model in the temporal
mode to identify traffic trends and complete the traffic prediction. Experimental results based on real data demonstrate
that our algorithm performs exceptionally well in multi-step predictions and in capturing abnormal fluctuations.

KEYWORDS: Flow; tensor factorization; multidimensional features; traffic prediction

1 Introduction

The widespread adoption of mobile devices has made the Internet of Things (IoT) a crucial infras-
tructure. The large-scale and heterogeneous characteristics of network systems, such as space-air-ground
integrated networks, vehicular networks, and edge computing networks, are becoming increasingly signif-
icant. Concurrently, the volume of network traffic data is growing exponentially, leading to issues such as
traffic congestion, routing chaos, and challenges in network management [1]. To effectively maintain the
network, operators need to grasp the distribution of network traffic. Traffic collection is a fundamental
component of network management systems. The origin-destination (OD) flow represents the traffic
between any origin and destination node within the network. Link loads can be monitored using tools such
as the simple network management protocol (SNMP). However, in practice, measuring OD flows directly
poses significant challenges. The overhead of measuring OD flows using tools like NetFlow and sFlow is
quite high. Furthermore, the actual measured OD flow data is often incomplete and may contain missing
information. Consequently, developing a method to obtain a usable flow matrix at a low cost has become an
urgent issue.
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To address the aforementioned challenges and enhance network planning, predicting the network traffic
matrix (TM) has become a crucial task in network systems. Traffic forecasting is defined as an inference task
based on historical data. Traffic estimation is defined as the reverse mapping of OD traffic from link load. By
collecting data on all OD flows within the network and organizing it according to sampling time, one can
derive the traffic matrix. The TM serves as the foundation for resolving issues such as route engineering [2]
and anomaly detection [3]. Network traffic exhibits characteristics that are multi-modal and non-linear,
which significantly increases the time and space complexity associated with computational processing of
the network traffic matrix. Most early prediction algorithms relied on group intelligent optimization or
statistical methods [4]. These algorithms typically operate on vector or matrix forms, and the constraints
imposed by data dimensionality hinder the ability to simultaneously capture the potential relationships
among various traffic data patterns. Consequently, this limitation affects the accuracy of predictions and
increases the likelihood of falling into local optimization traps [5]. Deep reinforcement learning (DRL) has
demonstrated exceptional performance in a variety of complex fields. Examples include automated control,
autonomous driving decision-making, and dynamic network resource orchestration. These algorithms offer
significant advantages in handling high-dimensional nonlinear features and long-range dependencies. With
the rapid advancement of neural network technology, DRL has gained widespread application in traffic
prediction problems [6]. However, challenges such as limitations in Euclidean space and the risk of overfitting
can impede the performance of these algorithms. Furthermore, DRL-based approaches often entail lengthy
training cycles and relatively high operational costs.

Tensor is an extension of vectors and matrices to higher orders, allowing for the preservation of
the underlying structure of complex data [7]. Tensor factorization decomposes raw data into a series of
elementary component factors. It is widely utilized in various fields, including signal processing and machine
learning, and has become a common tool for processing high-dimensional complex data. In the context
of traffic matrix data, tensor factorization effectively captures its spatial and temporal characteristics [8].
Therefore, we introduce tensor factorization into the network traffic matrix prediction problem to make
predictions based on the multidimensional features of the data, such as time, space, and periodicity. The
specific contributions of this paper are as follows:

» We propose a physical constraint embedded non negative tensor factorization framework. This algorithm
preserves the spatial and temporal characteristics of the data while reducing its dimensionality under non-
negative constraints, thereby enhancing its nonlinear processing capabilities.

« We propose a decoupled spatio-temporal framework that combines tensor decomposition with seasonal
autoregressive modeling. This framework effectively separates spatial physical constraints from temporal
evolution patterns. This design enables the model to derive time-series components, improve forecasting
efficiency, and perform multi-step traffic flow forecasting.

« In this paper, we conduct a substantial number of simulation experiments utilizing real data sets. Compared
to other algorithms, the algorithm proposed in this paper can realize lower prediction errors.

The rest of the paper is organized as follows. Section 2 describes the related work on tensor fac-
torization and traffic prediction. Section 3 addresses the network traffic prediction problem. Section 4
describes the proposed algorithm. Section 5 describes the testing environment and results of the algorithm.
Finally, Section 6 gives the conclusion.

2 Related Works

In this section, we review the research work related to this paper.
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2.1 Tensor Factorization

A tensor is a modeling framework for multidimensional flow data. Through tensor factorization and
reconstruction, the dimensionality of the data can be reduced while preserving its nonlinear character-
istics [9]. The authors of literature [10] proposed an enhanced tensor decomposition model based on a
Bayesian algorithm, which effectively fills in missing values in traffic flow data. Literature [11] evaluated the
effectiveness of several tensor factorization algorithms for completing traffic flow data and demonstrated
the feasibility of indirectly completing missing data through predictive modeling. To address the issues
of missing values and outliers in the dataset, an online robust tensor recovery algorithm was introduced
in literature [12]. This algorithm achieves lower error rates without incurring additional overhead. Liter-
ature [13] proposed a tensor ring factorization-based method for data completion that adapts to various
network traffic data missingness under continuous changes. However, the above algorithm does not achieve
the prediction of future data. In response, reference [14] also introduced a traffic data prediction algorithm
based on CANDECOMP/PARAFAC (CP) decomposition and the Holt-Winters method. This algorithm is
efficient in detecting outliers and making predictions.

Since tensor factorization is effective in capturing features such as mutations and spatial-temporal
relationships, much of the research utilizes it for data completion. This demonstrates its feasibility and serves
as inspiration for traffic prediction.

2.2 Traffic Prediction

Traffic management is an important function of network management systems. Consequently, traffic
prediction has emerged as a key research direction for future intelligent network systems. In the context of
software-defined networks (SDN), reference [15] proposed a traffic prediction algorithm that leverages multi-
task learning. This algorithm utilizes the spatial-temporal characteristics of traffic to enhance prediction
accuracy. Literature [16] proposed a network traffic prediction algorithm tailored for SDN-optical network
architecture, employing a graph convolutional layer to capture bursty correlations between nodes. Addition-
ally, reference [17] designed a dynamic graph neural network that accounts for missing values, addressing
the traffic flow prediction problem under conditions of incomplete data. Literature [18] proposed a novel
attention mechanism and a weighted loss function that enable graph neural networks to effectively perform
OD flow prediction. The authors of literature [19] utilized canonical correlation analysis to extract features
from the original dataset and developed a multi-view subspace learning method for traffic prediction.
Literature [20] explored the dynamic features of the data to enhance nonlinear processing capabilities and
designed a multi-scale traffic prediction algorithm based on a deep echo state network. However, this method
requires large-scale data support.

Traditional heuristic algorithms rely on predetermined rules to capture the multidimensional features
of traffic data. Researchers are investigating new methods, such as deep learning and reinforcement learning,
to enhance the prediction capability. However, artificial neural networks require a substantial amount of data
for training and impose additional demands on computational resources [21]. Therefore, this paper employs
non-negative tensor factorization to reduce computational complexity, enhance the algorithm’s nonlinear
processing capabilities, and achieve efficient multi-step traffic prediction.

3 Problem Explanation

In this section, we describe the traffic prediction problem model and the associated evaluation metrics.
This provides a theoretical basis for subsequent algorithm design and testing.
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3.1 Modeling of the Flow Forecasting Problem

The underlying network system comprises network nodes and links, which can be represented by
G = {N, L}. Here, denotes the set of network entity nodes, such as sensors and routers, while represents the
links between these nodes. In this paper, we define the Traffic Matrix (TM) as a representation of the traffic
between any pair of source-destination nodes, as follows
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where x} € X, denotes the value of the n-th OD flow in the ¢-th time slice. The definition of the traffic
matrix contains a diagonal term. These items represent the traffic from the node to itself. A network topology
with n nodes contains #n* OD flows. The OD flows in the network must satisfy a non-negativity constraint,
ie, x} > 0. Typically, the traffic matrix is not readily available. However, link load, which represents the
flow on each segment of link [ € L, is more accessible and cost-effective to obtain. In addition to utilizing
measurement tools, link load can be derived from the routing matrix and OD flows, as shown in Eq. (2).

Y = RX,, )

where Y; = (¥}, y2,..., y‘t”) denotes the linkload at moment t and R denotes the routing matrix. The routing
matrix R is a binary matrix that illustrates the relationship between OD flows and link loads. This matrix
can be derived directly from the network configuration information. The objective of the traffic prediction
problem is to forecast the future data x},,, which can be defined as follows, utilizing the known m pieces of
traffic data {x}', x|, - -+, x} .1 }:

XH—I = f(th thl’ e )Xt—m+1)
s.t. Yt = RXt > (3)
xleX;>0,i=12,...,N.

where f(x) denotes the prediction algorithm used in this paper.

3.2 Algorithmic Evaluation Indicators

In this paper, the accuracy of the algorithm is assessed using multiple errors between the predicted and
true values.

T A
ASAE = M

N
ATAE = 2i

4)

o i
xt_xt‘

)

Eq. (4) is used to calculate the average spatial absolute error, effectively representing the estimation error
of the algorithm across various OD flows. This metric verifies the effectiveness of the algorithm in dealing
with the spatial correlation of the flow matrix. Conversely, Eq. (5) calculates the average temporal absolute
error, which reflects the estimation error of the algorithm at different time points ¢. This metric is able to
verify the effectiveness of the algorithm in terms of temporal correlation.
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Egs. (6) and (7) are used to calculate the spatial relative error (SRE) and the temporal relative error
(TRE), respectively. The relative error eliminates the effect of flow amplitude on the error.

1 X
RMSE =| 2 (% —x)% (8)
i=1

Eq. (8) represents the root mean square error (RMSE), which is used to measure the general precision
of the algorithm predictions.

4 Network Traffic Prediction Algorithm

In the field of multidimensional data analysis, tensor factorization can effectively extract key informa-
tion from the data. In this paper, we propose the MTF algorithm, a network traffic prediction algorithm
based on multimodal non-negative tensor factorization. First, the algorithm develops a non-negative tensor
factorization model to extract the temporal pattern factor matrix from the original traffic data. Subsequently,
a regression model is employed to perform the network traffic prediction.

4.1 Non-Negative Tensor Factorization Algorithm

Tensor factorization accounts for the spatial and temporal correlations within the data and holds signif-
icant potential for managing high-dimensional datasets. From the perspective of network traffic prediction
and data analysis, non-negative tensor factorization aligns more closely with practical characteristics than
tensor factorization. Non-negative tensor factorization (NTF) incorporates non-negative constraints, which
effectively capture the nonlinear features present in the data. A high-order tensor can be viewed as composed
of several one-dimensional factor matrices. In this paper, historical flow data is structured as a three-
dimensional tensor of size 12 x 12 x 2016, as illustrated in Fig. 1. Specifically, we construct a three-dimensional
tensor, where the first dimension represents the source node, the second dimension represents the target
node, and the third dimension represents the time slice. Given a Z-dimensional tensor, tensor factorization
decomposes T into a sum of outer products of vectors. In this study, we propose a non-negative tensor
factorization model that accounts for link errors. First, the non-negative tensor model can be expressed
as Eq. (9).

R
— 1 2 z
t(il)gl) ----- (iz.g:) = Z:lf(il,gl)rf(iz,gz)r“'f(iz,gz)r+eg1 ..... 82> 9)
r=
where # is an element in T. xf;  , is the g-th row and r-th column element of the z-th factor matrix. e

denotes the error. Here, R is an integer greater than zero, representing the rank of the tensor. The resulting
tensor factorization of T can be expressed as follows:

(10)
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where F;, € F* and o denotes the outer product of the tensor. F* = [Ff, ---, Ff, - -+, F{] denotes the z-th
factorization matrix of the tensor. In the problem described in this paper, the factor matrices F, F?, and F°
correspond to the source, target, and time modes, respectively. Physically, F! and F? characterize the spatial
topology and node pairs, while F> captures the underlying temporal evolution patterns. The factor matrix
for the tensor factorization can be determined by the following optimization problem.

T
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Figure 1: Tensor factorization model.

To bridge the gap between abstract tensor components and physical network constraints, we introduce
the link-error term into the objective function. This term ensures that the reconstructed OD flows from the
tensor factor matrices still satisfy the fundamental routing conservation law.

In the solution process, each F* is initially assigned random positive values. Subsequently, two
definitions are provided.
Definition 1: S,-j, 1=T;,..
into a new index I. Expand the original tensor X into a two-dimensional matrix along the currently processed
dimension j to facilitate matrix operations.

.» i, Fix the dimension j and combine the indices of the other z — 1 dimensions

Definition 2: Construct a basis matrix U; , to represent the product of the other dimension factor matrices.

UI,r:F'l o---oF.j_loF.j o--.oFZ. (13)

nr Ljiir ijr i1
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In order to enhance the accuracy of multi-step traffic predictions, we take into account the link error
during the updating process of the factor matrix.

gl = ARTsign(Rx - y), (14)

where x denotes the OD flow after reconstruction using the current factor matrix, y represents the corre-
sponding link load, and A is the regulation factor. Eq. (14) is employed to calculate the error gradient of the
OD flow in relation to the known link flow. In this paper, the expansion of the tensor into a third dimension
corresponds to the time factor matrix. When updating the factor matrix along the time dimension, we
compute the link error gradient. The reconstruction results from the tensor factorization are optimized by
backpropagating the link flow error to the time factor. The MTF algorithm uses link errors to correct the
time factor in real time, enhancing its ability to identify and track abnormal fluctuations. This feedback
mechanism enables the model to accurately capture traffic bursts rather than treating them as random noise.
This process is illustrated in the following equation.

gt =gl © (Fl o F}). (15)

Next, the factor matrices are optimized sequentially using the multiplicative update rule, as demon-
strated in Eq. (16).

S-U+0(gtj)

J J

FeFo——r (16)
~ _ |8t j=TimeD.

Olgtrj) = {0, else. ' (17)

In Eq. (16), ® denotes element-wise multiplication and - denotes matrix multiplication. The rule
incorporates ¢ = 107" to prevent division by zero. Through element-wise multiplication and division, non-
negativity is ensured, and the optimal solution is approximated incrementally. It is important to note that we
only consider link errors during the update of the factor matrix for the time model. In the data utilized in
this paper, the time dimension is the third dimension. Therefore TimeD = 3.

In order to balance the paradigms of the individual factor matrices and prevent severe anomalies in
individual values, they are normalized using Eq. (18).

(M)
K

K=\[T, ()" 19)

The factor matrices for each dimension are updated sequentially using the multiplicative update rule
described above. The stability of the final algorithm is ensured through normalization.

Fl, < F, (18)

4.2 SARIMA Forecasting Model Based on Tensor Factorization

For the selection of a time series forecasting model, this algorithm employs the Seasonal Autoregressive
Integrated Moving Average (SARIMA) model. Since the time factor matrix F* extracted via tensor decom-
position exhibits highly pronounced periodic characteristics, SARIMA is capable of accurately capturing
these linear evolution patterns through explicit seasonal, differencing, and autoregressive terms. Further-
more, compared to deep learning models that require large-scale training datasets and incur significant
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computational overhead, SARIMA demonstrates higher computational efficiency and faster convergence
when processing low-dimensional factor sequences obtained through tensor decomposition. The model
expression is

$,(L)0p (L) (1- L)' (1-L)PX, = 6,(L)®q (L) 1. (20)

where s represents the seasonal cycle, L denotes the delay operator, and L, indicates the seasonal delay
operator. The parameter p refers to the autoregressive order, which signifies that the current value depends
on the values from the previous p time steps. Based on the model, the value of X, can be predicted for the
next h steps.

P P 4q Q
Xeen =2, 0iXeon-i + ). PiXevnoixs + 2, Oitsnoi + 2, Otrrnoixs. (21)

i=1 i=1 i=1 i=1

After obtaining the factor matrix FZ for the future time step, tensor reconstruction is performed by
combining the other factor matrices F', F2, - - -, F~! obtained from the historical decomposition. As a result,
the predicted value of OD flow at the future time is derived. The predictive performance of this algorithm
stems primarily from the deep synergy between tensor decomposition and seasonal forecasting models.
Tensor decomposition acts as a spatio-temporal filter, projecting the raw traffic data onto a low-rank factor
space to isolate underlying trends from random fluctuations and link errors. During the forecasting phase,
these factors are then extrapolated along the time axis.

4.3 Complexity Analysis

The computational cost of the non-negative tensor factorization stage in a single iteration is approx-
imately O(IJKR), where I, ], K represent the sizes of the tensor’s dimensions, respectively. Since the
prediction stage operates only on the R latent factor sequences obtained from the decomposition, its specific
prediction complexity is O(R - K - m*), where K is the sequence length and m is the model order parameter.
Compared to the O(N? - K - m?) complexity required for direct prediction on the original traffic matrix, this
algorithm reduces computational requirements by a factor of N?/R. Since the number of OD flows N? in
large-scale networks far exceeds the latent rank R, this inherent dimensionality reduction ensures that the
algorithm possesses excellent scalability when processing massive amounts of data.

In addition, the MTF framework supports streaming data through incremental gradient updates.
It adapts to evolving topologies by dynamically adjusting the routing matrix A. This spatio-temporal
decoupling design ensures both deployment efficiency and physical consistency in dynamic environments.

5 Simulation Result and Analysis

To validate the performance of the proposed algorithm, quantitative experiments are designed in this
section to evaluate the algorithm.

5.1 Simulation Environment and Parameter Settings

The Abilene dataset [22] used in the experiment is a standard benchmark in the field of traffic
forecasting. The network topology consists of 12 nodes and 54 directed links, generating a total of 144 OD
flows. Traffic data is sampled at 5-min intervals. The experiment utilized data collected over three consecutive
weeks, totaling 6048 time slices. This data includes characteristics commonly found in real-world network
environments, such as missing values, measurement noise, and abnormal traffic bursts. We selected 2016
data points from the first week as training data for the algorithm, while the remaining 4032 data points
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were used to evaluate the algorithm’s performance. We set the seasonality parameter to 12. The algorithms
selected for comparison include SOFIA [14], TomoG [23], Inverse [24], and SRSVD [25]. TomoG and Inverse
represent classical gravitational models and information-theoretic inference methods, respectively. SRSVD
uses low-rank singular value decomposition to extract flow structure features, while SOFIA similarly employs
tensor decomposition. The specific parameters used in the experimental setup are detailed in Table 1. In this
experiment, the rank R was selected via grid search to strike a balance between reconstruction accuracy
and computational cost. The regularization parameter A was set to 0.1. The order of the SARIMA model
(p,d, q) was automatically selected based on the akaike information criterion. The algorithm employed a
random non-negative initialization strategy, with a maximum of 300 iterations and a stopping threshold of
10™*. The seasonal cycle parameter s is set to 12. This setting meets the requirements for real-time forecasting
while avoiding the excessive complexity that would result from using very high-order seasonal parameters.
Multi-step forecasting is performed using a recursive approach. The forecasting horizon is set to a series of
consecutive time steps.

Table 1: Parameter value setting.

Parameter Name Value
Number of OD flows 144
Number of links |L| 54
Dimension of the tensor T 12 x 12 x 2016
Rank R 25
Seasonal cycle s 12

5.2 Simulation Results and Analysis

In this section, the performance of the proposed algorithm is tested and analyzed based on traffic
data in tensor form. By evaluating various algorithms and metrics, we can better visualize the significant
performance advantages of the proposed algorithm compared to other methods.

5.2.1 Algorithm Effectiveness Verification

There are 144 OD flows in the Abilene network topology. In this section, we randomly select four of
these flows to analyze their estimation accuracy. Fig. 2 illustrates the prediction results for the 34th and 79th
OD flows. As shown in Fig. 2a, in the 34th OD flow, a surge in traffic occurred around time 2250, followed by
a slump around time 3750. The changes in the curve indicate that our proposed MTF algorithm effectively
captures these two fluctuations, demonstrating high accuracy. As shown in Fig. 2b, our algorithm shows the
best performance. The SRSVD algorithm is difficult to deal with high-dimensional nonlinear data and has the
worst effect. The 79th OD flow displays a certain periodic pattern overall, but it also contains numerous peaks,
with the flow size fluctuating violently and frequently. The MTF algorithm demonstrates strong robustness
in the face of traffic fluctuations, indicating superior performance when confronted with complex traffic
changes. Other algorithms do not accurately track traffic changes, and there is a large estimation error.
Especially when the traffic changes suddenly, the error between the real value and the predicted value is
more obvious.

OD flows 102 and 126 are analyzed next. In Fig. 3a, all algorithms show better prediction results. This
improvement can be attributed to the more pronounced periodicity of the 102nd OD flow, which exhibits
flatter flow fluctuations compared to the 79th flow. Conversely, Fig. 3b illustrates greater fluctuations in the
flow. The 126th OD flow experiences a significant drop followed by a leveling oft at the 3750th moment.
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The MTF algorithm effectively detects the flow trend over time and displays minimal bias. In contrast, the
SOFIA, TomoG, Inverse, and SRSVD algorithms exhibit a greater prediction bias. This discrepancy arises
because the MTF algorithm is capable of mining multi-dimensional traffic patterns for prediction, resulting
in superior outcomes.

x10°

T T T T T T T T T T
10 TomoG TomoG

Inverse | Inverse
j‘ I | SOFIA i
“ — — SRSVD

it MTF
Real

(a) OD Flow#34

i ! AATTRAN

2200 2400 2600 2800 3000 3200 3400 3600 3800 4000

x10°

Inverse
SOFIA

Inverse
6 SOFIA
’ | i | — — SRSVD
o 'L“r \ ‘ MTF
| | ;, MM !

}
aﬁ? r;.w«.,; L ekl

2200 2400 2600 2800 3000 3200 3400 3600 3800 4000 2200 2400 2600 2800 3000 3200 3400 3600 3800 4000

b OD Flow#79
(b) OD Flow#126

Figure 2: Estimation results about OD flows 34 and 79.  Figure 3: Estimation results about OD flows 102 and 126.

Fig. 4 exhibits a comparison of the root mean square error of different algorithms. The MTF algorithm
demonstrates the lowest RMSE, which is 21.5%, 27.0%, 28.1%, and 37.9% lower than those of the SOFIA,
TomoG, Inverse, and SRSVD algorithms, respectively. The MTF algorithm effectively preserves multidimen-
sional features through pattern extraction. Additionally, it emphasizes temporal patterns to minimize noise
interference, resulting in superior performance.
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Figure 4: Comparison of RMSE.
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5.2.2 Absolute Error Analysis

This experiment compares the performance of different algorithms by observing the average abso-
lute error.

Fig. 5 shows the temporal absolute errors of the five algorithms using a cloud and rain plot. The MTF
algorithm exhibits the lowest median error and a low number of outliers. This expresses that the method
is able to provide more accurate predictions in most cases, demonstrating good stability and robustness.
In contrast, the SOFIA algorithm performs sub-optimally, while the Inverse and TomoG algorithms yield
similar results. The SRSVD algorithm performs the least effectively. Fig. 6 displays the fluctuations in the
average absolute error of the different algorithms at various time points. The MTF algorithm maintains a
distinct advantage until time point 3750. Following this, due to a sudden change in traffic volume, the absolute
time error of the MTF algorithm increases; however, it remains lower than that of the other algorithms.
Compared to the other algorithms, the MTF algorithm has a relatively low average spatial absolute error
value, with its curve consistently positioned at the bottom. This is attributed to the MTF algorithm’s ability
to rapidly reduce data dimensionality and extract key temporal factors while preserving essential spatial
information. Based on this, the MTF algorithm is better equipped to capture the trends and periodicity of
traffic fluctuations, effectively addressing the uncertainties in network traffic estimation.

x108 Average temporal absolute errors x 108 Average temporal absolute errors
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SRSVD
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Figure 5: Comparison of average temporal absolute error ~ Figure 6: Comparison of average temporal absolute error
distributions. curves.

Fig. 7 presents a comparison of the distribution of mean spatial absolute errors of the different
algorithms. The MTF algorithm still shows the best performance, and the rest of the algorithms perform
roughly similarly. The MTF algorithm is more concentrated within relatively low ranges and features the
lowest upper limit of errors. This further substantiates the assertion that the MTF algorithm outperforms
the other four algorithms. Fig. 8 shows the absolute error performance of the algorithms on different OD
streams. The SRSVD method has relatively large error fluctuations, with several peaks significantly exceeding
those of the other methods. This may be attributed to the fact that the SRSVD method primarily focuses
on static data and is unable to effectively capture correlations within the data, resulting in an increase in its
mean spatial absolute error. In contrast, the error fluctuations of the MTF algorithm are relatively small and
consistently remain at the lowest values overall. Based on this analysis, it can be concluded that the MTF
algorithm demonstrates superior performance in terms of estimation accuracy and stability.
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Figure 7: Comparison of average spatial absolute error  Figure 8: Comparison of average spatial absolute error
curves. curves.

5.2.3 TRE and SRE Analysis

The reliability of the overall prediction trend can be assessed by examining the relative error. Fig. 9
displays the spatial relative errors and the corresponding cumulative distribution functions (CDF) for various
algorithms. The TMF algorithm demonstrates the lowest spatial relative error, with a particularly pronounced
advantage in the first 40 OD flows. The CDF curves for the SRSVD method are significantly lower than those
for the MTF algorithm, while the curves for the other three algorithms are approximately equivalent. When
the SRE is 0.77, 90% of the OD flows can be estimated accurately. In contrast, the SOFIA, Inverse, TomoG,
and SRSVD algorithms can only predict 86%, 82%, 81%, and 65% of the OD flow data, respectively, under
the same conditions. This demonstrates the robust optimization capabilities and convergence mechanisms
of the MTF algorithm throughout the overall prediction process. This characteristic allows the MTF method
to estimate the network traffic matrix quickly and accurately in complex network environments, thereby
providing substantial support for network management and optimization.

The TRE can illustrate the errors of all OD flows at a specific moment. Fig. 10 shows that, during a
continuous extrapolation process spanning 4032 time steps, the TRE of the MTF algorithm remained at a low
level with minimal fluctuation. No significant accumulation or divergence occurred as the prediction horizon
increased. This stability stems from the effective locking of the network’s global spatiotemporal structure
achieved through tensor decomposition, enabling the model to remain focused on the intrinsic patterns of
traffic flow even during long-range predictions.

To summarize, the MTF algorithm shows an excellent level of performance in predicting network
traffic. By focusing on temporal patterns, it effectively reduces noise interference. The spatial patterns are
preserved through tensor factorization, resulting in more accurate predictions. In both the temporal and
spatial dimensions, the MTF method maintains lower error rates and a smoother trend, with a more
concentrated distribution of error values. This superiority arises from the MTF algorithm’s ability to handle
the spatial, temporal, and periodic characteristics of the data, leading to enhanced prediction accuracy and
stability. Furthermore, the MTF algorithm employs tensor factorization to reduce data dimensionality, which
significantly improves prediction efficiency.
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Figure 9: Comparison of spatial relative errors. Figure 10: Comparison of temporal relative errors.

6 Conclusion

In this paper, we propose MTF, a tensor factorization-based traffic prediction algorithm. We integrate
the tensor-based factor matrix with SARIMA to extract the multi-modal factors of the data and enhance
the nonlinear processing capability. The proposed algorithm achieves efficient and accurate predictions
through dimensionality reduction, pattern extraction, and seasonal forecasting. Our experimental results
demonstrate the superiority of the MTF algorithm in terms of prediction error and its ability to capture
abnormal fluctuations, with a 21.5% reduction in root mean square error compared to other algorithms.
However, the algorithm does exhibit some dependence on its parameters.

Future research will focus on adaptability in dynamic topological environments. Additionally, com-
paring our approach with deep learning predictors in large-scale traffic forecasting tasks is an important
direction for our next steps.
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