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Abstract—In conventional cellular networks, base stations (BSs) usually suffer from severe power consumption since they are
working to guarantee the coverage and QoS (quality-of-service)
requirement according to the peak traffic load generated by the
mobile cellular users Accordingly, how to precisely forecast the
future traffic load to promote network cooperation and adaptive
energy resource allocation in complying with the variation of
spatial-temporal traffic load has been an emerged issue due
to the significant energy exhaustion of BSs. In this paper, we
propose a spatial-temporal compressed sensing based network
traffic prediction method to solve this problem. We first construct
a traffic matrix (TM) by using previously measured data and
setting the data to be predicted as zeros, corresponding to the
volume of traffic load. Then, compressed sensing approach with
large scale and small scale temporal constraints as well as
spatial constraints is employed to factorize the traffic matrix.
By reuniting the results of traffic matrix factorization, we obtain
the estimation of predicted traffic data. Numerical results have
showed that this method can restrict the prediction error under
10% when dealing with real traffic load data.

I. I NTRODUCTION
In current cellular telecommunications systems, network
resources are always allocated according to the peak traffic
load of mobile terminals (MTs) to guarantee the network
coverage and meet the explosive transmission rate demand.
However, user traffic flow in cellular mobile networks has
exhibited a fundamental feature of uniformity and uncertainty
in terms of temporal or spatial variation pattern. Therefore,
there exists a period when the traffic flow are relatively low
and the base stations are severely under-utilized, leading to
huge energy wastage [1]. Recently, more and more intense
efforts have been dedicated to solve the energy wastage
problem while guaranteeing the communication quality of
service (QoS), most of which attempt to adaptively switch
on/off some of BSs or dynamically allocate the networks
resource in complying with the traffic load characteristics
[2]-[4]. Accordingly, how to precisely prefigure the accurate
network traffic load at certain time for each BS is becoming a
critical issue with ever-growing significance. In the meanwhile,
the typical division of day-night living behavior of cellular
users generates temporal and spatial periodic fluctuation in the
daily traffic load (we also call it “tidal phenomenon” of traffic),
which also demonstrates the feasibility to undergo traffic load
prognostication and dynamic network resources allocation [5].
Up to now, several theoretical analyses related to traffic
978-1-4673-2997-2/12/$31.00 ©2012 IEEE

load forecast have been investigated in the scenario of cellular
networks. Typically, traffic flow estimation has been assumed
as an under-constrained linear-inverse problem either temporally or spatially which can further be solved based on a
prior model of the traffic matrix (TM). To be specific, the
previous researches firstly approximate the traffic volume with
a certain distribution function. For example, it’s commonly
assumed that users arrive according to a Poisson process while
the sojourn time is exponentially distributed [2]. Afterwards,
specific models such as Markov processed [6] and regression
models [7] are applied to capture the temporal dynamics.
As for spatial distribution, log-normal distribution model [8]
and exponential distribution model [9] are adopted. Besides,
other models also are taken into account. For example, [10]
modeled traffic profile in real cellular radio access networks as
a periodic sinusoidal function. When we apply these models
to predict the real traffic loads, we merely need to choose
the proper concrete parameters to fit the models with the
existing data. They are simple to use, but the simulated values
according to these models are too idealistic while far from
precisely matching with the actual traffic load in reality. In the
meanwhile, the parameters decision process is very sensitive
to the various traffic flow dynamics and physical networking
scenes. As a result, we experience large errors when predicting
traffic flow using the above methods.
In this paper, we consider a new approach without solely
relying upon a deterministic analysis model to estimate the
networks traffic load but concentrating on the values of the
traffic flow themselves. To begin with, we collect all the
traffic data of the BSs in a certain area as a traffic matrix
(TM). Due to the temporal and spatial periodic variation of
cellular user mobility pattern, there is high redundancy and
correlation among the data in the TM. In [11][12], spatialtemporal compressed sensing (STCS) based on singular value
decomposition (SVD) is employed to solve the matrix data
prediction problem. The state of the art to employ STCS is to
find a proper temporal and spatial constraints matrix that can
regularize the data prediction process. In this paper, we refine
the prediction process in [11] and [12] by considering heuristic
temporal constraints from largescale as well as smallscale
perspective. Moreover, the networking traffic load among the
neighboring BSs may possess some spatial relevance due to
the spatial-temporal characteristics of users’ behaviors and
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of traffic load for adjacent BSs at a certain interval. Note that,
as X is collected from CN, the measurement volumes of traffic
load might be burdened with missing or abnormal values.
Therefore, traffic load prediction problem can be explicated
as finding the explicit values of the traffic load at the future
moments ∆τ from an incomplete TM X.
Since there might be some abnormal or missing values in
the TM because of the recording error or transmission packet
loss in networks, the conventional prediction methods might
be unattainable in this scene. Hence, we proposed a spatialtemporal compressed sensing based traffic prediction approach
in Section III.
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Architecture of a cellular network.
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interests, so we also take the topology and the previous data as
a prior knowledge to seek the inner spatial relationship among
them to improve the prediction accuracy. The simulations
validate that the STCS based prediction method with the
proposed temporal and/or spatial constraint refinedness can
outperform the methods in [12] with an over 10% prediction
accuracy improvement.
The rest of the paper is organized as follows: the system
model including physical scene and traffic prediction model
formation is covered in Section II. In Section III, we introduce
the solution of traffic prediction problem with spatial-temporal
compressed sensing. This section also contains the proposed
large scale and small scale spatial-temporal constraint matrices. Numerical results are provided in Section IV Section V
concludes the paper with a summary.
II. S YSTEM M ODEL
Fig.1 illustrates the architecture of the cellular network. As
Fig. 1 depicts, the cellular network mainly consists of three
parts: (1) mobile terminals (MT); (2) radio access network
(RAN); (3) core network (CN). The radio access network
includes BSs and base station controllers (BSCs), which
connect the MTs to CN though the serving GPRS support
nodes (SGSNs). In CN, the SGSNs connect to the internet
through the gateway GPRS support nodes (GGSN).
A. Traffic Prediction Model Formation
In this paper, we assume that each BS records the volumes
of voice service i.e., non-negative values in Erlang, at different
specific moments as a traffic load vector and transmit it to its
controlling BSC, then CN Moreover, we experiment with the
realistic flow level mobile device traffic data collected from the
cellular core network. As traffic load is general continuous, we
treat the volumes of traffic load in time interval [t, t + ∆t′ ) as
an entry in the vector. Thus, we can obtain an N length vector
to indicate the volumes of traffic load in N intervals for a
specific BS. Afterwards, we augment M traffic vectors from
M BSs to a traffic matrix (TM) X, where X(i, j) denotes
the volume of traffic load of BS i at the time interval j. In a
nutshell, each row vector indicates the volumes of traffic load
for a specific BS and each column vector denotes the volumes

A. Spatial-Temporal Compressed sensing
By virtue of the temporal and spatial variance of user
mobility, TM contains certain periodic pattern [3] or some
structure patterns and redundancy [13]. Previous researches
have suggested that typical TM inherits a relatively lowdimensional subspace [13] [14]. Therefore, it’s feasible to take
the TM as a low-rank matrix. So, in some sense, the prediction
b
problem can be regarded to find a low-rank approximation X
whose entries best match the values in X.
Singular value decomposition (SVD) is a basic tool for such
a low-rank matrix approximation. It’s common to rewriteX as
the equivalent form
X = U ΣV = LRT

(1)

where U is ann × n unitary matrix and V is an m × m
unitary matrix, and Σ is an n × mdiagonal matrix containing
the singular values ofX. L = U Σ1/2 andR = V Σ1/2 . A
factorization solution could be found by settling the following
rank minimization problem [12]
minimize rank(X = LRT ),
subject to M. ∗ LRT = M. ∗ X

(2)

where M is an m × n measurement matrix which to be
designed as the linear operator to X. Unfortunately, the
objective of the above rank minimization is non-convex and
thus difficult to settle. But somehow, a heuristic idea from the
compressed sensing works perfectly here [11]. To be specific,
if M has the restricted isometry property (RIP) [16] [17], we
can transfer the rank minimization as follows
minimize ||L||2F + ||R||2F
(3)
subject to M. ∗ LRT = M. ∗ X
√∑
2
where ||∗||F is Frobenius norm, with ∥Y ∥F =
i,j Y (i, j)
To meet RIP and simplify this problem, it’s feasible to set M
as a unit matrix.
However, as the low rank property of the original traffic
load matrix and the uncontrolled error in the measurement,
the results of (3) might not be the perfect approximation ofX.
So we use the following optimization objective with the prementioned unit matrix M to replace (3)
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minimize||(LRT ) − X||2F + α(||L||2F + ||R||2F )

(4)

3.5
3

minimize||(LRT ) − X||2F + α(||L||2F + ||R||2F )
+ β||SLRT || + γ||LRT T T ||

Traffic Load(Erlang)

where α is a parameter that reflects the tradeoff between precisely approximating the measurement data and the ambition
of achieving a low rank matrix.
To solve the optimization of (4), we initially choose L and
R randomly. Then we alternatively drive (4) with a fixed L or
R per round until it reach the convergence.
As mentioned before, there exists strong temporal and spatial periodic division of traffic load. Therefore, it’s reasonable
to concrete the prior knowledge about spatial-temporal structure of TM, e.g., the correlations among rows and columns,
to refine the optimization. So we obtain
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where S and T denote the spatial constraints matrix and
temporal constraints matrix, respectively Similar to α, β and
γ are parameters, showing the tradeoff between precisely approximating the measurement data and the target of getting low
rank. T is designed to explore the temporal relevance among
different time intervals for a specific BS while S intends
to dig out the traffic load relationship among adjacent BSs.
So by minimizing ||SLRT || + ||LRT T T ||, the approximation
b = LRT would inherit the intrinsic spatial and temporal
X
characteristics of measurement X.
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B. Choice of Temporal Constaints Matrix
Without loss of generality, we assume there exist a TM with
the size of M ×(NT ×24+NP ), where NT ×24 is the training
length of traffic data (hour) we already known, and Np is the
prediction length of data (hour) withNT × 24 + NP = N .
In [13], T =toeplitz(0,1,-1), which just simply considers the
similarities between data of TM in adjacent time intervals and
treat the optimization as an minimization of the difference
of them. However, it’s yet accurate enough because of the
inadequacy use of the temporal connections of data and
ignorance that there might be large dissimilarities between the
on-work hour and it’s adjacent off-work hour.
To accurately dig out the temporal variance of traffic load,
we first research on the general traffic load in a month. From
Fig.2, it’s obvious the traffic load is quite self-similar between
weeks with the data in a similar shape in weekdays and a little
lower volume in weekend, which means the traffic load in one
week would experience a large scale variance. Moreover, as
illustrated in Fig.3, we can conclude that one day’s traffic load
also has a temporal small scale variance, that is, the traffic
load between days in a week has strong relations. So we take
temporal constraints from both large scale perspective small
scale perspective.
• Large scale perspective: as for the large scale variation,
we use the traffic load of previous seven days to forecast
the traffic in next several days in next week with the TM
as (9). So the temporal constraints can be built up as
equation (6).
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•

where the weight coefficient in T of the predicted hour
at each row is 1 and the others given by the weighted
coefficients.wl (i) is the large scale weight coefficient
which can be the average value of the coefficients weighting relations among columns of traffic data of all BSs.
It reflects the relevance between the data at the same
moment every day with the data to be forecast. Beyond
that, we also use wj , which is the weight coefficients
that reflect the relations among the traffic load at the
moment to be predicted and previous/next couple of hours
to refine the temporal matrix in case the explosively
increase of traffic load in some special moment. All this
weight coefficients can be determined by exploring the
connections in the training traffic data through linear
regression.
Small scale perspective: as the small period is one day,
we reconstruct the TM into 24 sub TM matrices by
choosing the traffic data at the same hour for each day to
build up a (NT +nt )×M matrix Xt , where nt denotes the
th
length of time
∑(hour) to be predicted in the t sub TM
matrix with
nt = NP and Xt (i, j) is the traffic load
t

of ith BS at the tth hour of j th day. So the temporal
constraints matrix is built up as equation (7).
where ws,t (i) is a small scale temporal coefficient weighting the relevance among the traffic of prediction moment
and previous data. It can be determined by applying
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of the BSs in the same graph can best approximate the traffic
of k th BSs as follows

C. Choice of Spatial Contraint Matrix
Somewhat different from the traffic data of other networks,
traffic data in cellular networks has strong local spatial structure because of the periodic user mobility and the similar
user interests in certain places. Therefore, the BSs at the
neighboring locations with similar interests are burdened with
the similar traffic load at the same time. In the prior work
[13], k-nearest node (KNN) algorithm, in which the traffic
data of k nearest node is averaged as the data of the forecast
BS, is used to tackle the spatial problem. Unfortunately it’s
quite challenging to find the k-nearest nodes of a specific
node and then to decide the weights. Besides, using fixed
number of nearest nodes is not so flexible when facing various
locations of BSs. In this paper, we modify the conventional
KNN method by taking advantage of the prior knowledge
of the BS deployments and the training data from the graph
perspective.
To begin with, notice that, we prefer local spatial constraints rather than global ones, that is, we only considered
the spatial constraints among traffic data of BSs that has
strong connections. To achieve this, we first figure out the
normalized inner product between traffic vectors of every
two BSs, namely rows of TM. Afterwards, by assigning a
proper threshold λunder the consideration of graph size and
values of the whole normalized inner product coefficients, we
put BS nodes with the normalized inner product coefficients
larger than the threshold into a group to form a vertex set.
Once the vertex sets {Vi } are determined, every vertex set
can be united as a directed connected graph with weighted
edges {wi,k (j)}, where wi,k (j) denotes the edge weights of
k th BS in ith graph. The edge weights here indicate the
spatial connections of traffic vectors of BSs in a graph. Notice
that, we are trying to figure out the long-term average spatial
connections among traffic data of BSs rather than correlations
at a specific moment. So we apply linear regression algorithm
to the previous data for a long period in TM to find a set of
weights wi,k (j) so that the linear combination of traffic load
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···











X(k, ∗) =

|Vi |
∑

wi,k (j) × X(j, ∗)

(8)

j=1,j̸=k

Traffic load volume of a BS for a week.
Then we assign{wi,k }intoS(k, ∗)as follows

 1, j = k
−wi,k (j), j ̸= k, j ∈ Vi
S(k, j) =

0, other

(9)

We repeat this process until the whole vertex sets/graphs are
traversed and Sis built up.
D. Error Constraints
With a fixed length of training data, the prediction error
would be in proportion to the length of data to be forecast.
So the length of data to be predicted should be limited in a
range. This range can be determined by iteratively processing
the simulations of current approach with a preset error upper
limitλ
IV. N UMERICAL R ESULTS
In this section, we present the simulations under various
configurations to evaluate the performance of our proposed
traffic prediction method with temporal and spatial constraints.
To better assess our proposed scheme, we experiment with the
realistic traffic data, which contains the traffic loads of 73 BSs
in the urban of a typical medium-size city in southeast area of
China by China Mobile. As the traffic is continuous in time
domain, we calculate the sum of recorded data every one hour
as an entry in TM. Besides, we set main parameters for our
simulations as TABLE I.
To measure the performance of the approach, we adopt the
Normalized Mean Absolute Error (NMAE) with respect to the
predicted data and origin ones as equation (10).
∑
b
i,j |X(i, j)−X(i, j)|
∑
N M AE =
(10)
i,j X(i, j)
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Fig. 5. Performance of traffic load prediction using spatial-temporal compressed sensing based methods with different T and S.

Fig.4 depicts the average error only using temporal constraints
to regularize the optimization. To limit the average error
around 20% in the time considering the temporal period of
traffic load, we use the traffic data of previous 7 days as
training data to predict the traffic load of the 8th day. So the
TM here is a73 × 192matrix with the 168 columns is training
data while the last 24 columns of data are all zeros which are
to be forecast
Three methods are simulated for comparison:

1

CS−TK
CS−LTS
CS−STS

Normalized Mean Absolute Error

0.9

TABLE I
S IMULATION PARAMETERS
α
β
γ
λ
M axIter
NT (day)
NP (hour)

0

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

3
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10−3
0.2
100
7
24

0

5
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Time to predict (Hour)
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Fig. 6. NAME of traffic load prediction based on spatial-temporal compressed
sensing with different T and S.

1) KNN method (CS-TK). This method is used in [9] to
recover the matrix with missing values. Here we take
it as a comparison to our proposed methods. Temporal
matrix is designed as (4).
2) Prediction with large scale T and S constraints (CSLTS). CS-LTS designs the large scale temporal and
spatial constraint matrices as (4) and (9) to regularize
the prediction, respectively
3) Prediction with small scale T and Sconstraints (CSSTS). We factorize the whole TM into 24 sub matrix
with per matrix predicted the data of an hour in CS-STS
Moreover, temporal and spatial constrains is determined
as (5) and (9).
In the simulations, we process 10 rounds of simulations and
attain the average value as the results.
Fig.5 compares the estimated traffic load with the actual
traffic load of a random selected BS with the traffic flow
estimated using the above three methods. This result indicates
that our proposed approach outperforms the conventional technique. We evaluate the performance of the proposed methods
and give the prediction error comparison in Fig.6. While the

NMAE of the CS-TK mostly lies between 18%-40%, the CSLTS approach outperforms the CS-TK method with NMAE
mostly ranging from 10 to 20%. The reason may result from
that in CS-TK method, the number of traffic vectors used to
make a linear combination to approximate the traffic vector
of the central BSs is fixed while in CS-LTS, it’s flexible with
respect to the graph size. So CS-LTS is much more adaptive
to the training data in TM as to achieve a better performance.
It’s worthwhile to note here that the NMAE using the CS-STS
approach is below 10%. It’s quite comprehensive since the
traffic values have much more strong connections to the data
at the same time in a day. So CS-STS method outperforms CSLTS method when using these tightly related values to predict
the future traffic data. Note that if we only use the spatial
constraints to regularize the estimation, the NAME would be
too inferior. That is because spatial constraints aim at refining
the relationship among the rows in TM whose last few columns
are zeros, so any operation of this volumes alone would be
useless. Fig.7 explores the impact of the length of data to be
forecasted on the prediction performance. We can see that as
the average NMAE with the prediction length varying from 1
to 24, the prediction error almost linearly increases.
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V. C ONCLUSION
As green communication has emerged as a global issue,
precisely traffic flow prediction plays a crucial role in order
to enhance BSs cooperation and resources allocation accordingly, thus saving energy consumption while guaranteeing the
coverage and QoE of users. However, current traffic forecast
methods mainly focus on finding ideal models to simulate the
actual traffic dynamics. So the simulated values are often an
average or similar values from the long term but far from real
temporary ones. In this paper, we transform traffic prediction
problem into traffic matrix recovery which can be solved by
applying spatial-temporal compressed sensing. Observed that
users in cellular network have periodic mobility, we try to
dig out the temporal and spatial periodic variation properties
in large scale and small scale and refine the corresponding
spatial/temporal constraints matrix. Simulations have validated
the practicability of our proposed approach with the error ratio
less than 10% when using the prior 7 days data to predict the
traffic of the following day.
Further research should be explored in the follow aspects.
First, improvement of our approach to achieve higher accuracy
should be extended. Then a large amount of research should
be explored in BS cooperation according to the forecast traffic
load to achieve energy efficient network. Besides, different
network operation scheme may require discrepant prediction
errors. So it is significant to find out the relationship between
prediction error constraints and BSs cooperation schemes.
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