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Abstract—This paper considers the resource allocation problems for video transmission in space based information networks.
The queueing system analyzed in this work is constituted by
multiple users and a single server. The server is operated as a
cloud that can sense the traffic arrivals to each user’s queue,
and then allocates the transmission resource and service rate
for users. The objectives are to make configurations over time to
minimize the time average cost of the system, and to minimize the
waiting time of packets after they enter the queue. Meanwhile, the
constraints on the queue stability of the system must be satisfied.
In this paper, we introduce a predictive backpressure algorithm,
which considers the future arrivals with a certain prediction
window size, into the consideration of resource allocation to make
decision on which packets to be served first. In addition, this
paper designs a multi-resolution wavelet decomposition based
backpropagation network for the prediction of video traffic,
which exhibits the long-range dependence property. Simulation
results indicate that the delay of the queueing system can
be reduced through this prediction based resource allocation,
and the prediction accuracy for the video traffic is improved
according to the proposed prediction system.
Index Terms—Space-based information network; resource allocation; video traffic prediction; cloud service; queueing theory;
predictive backpressure.

I. I NTRODUCTION
In recent years, the space-based information network (SBIN) is proposed to improve the detection and transmission
capabilities of a single satellite or satellite system. Through
the cooperation scheme of the SBIN, the real-time data
acquisition and transfer can be achieved. Therefore, how
to design appropriate cooperation mechanisms and achieve
efficient network resource allocation to maximize the utility
of the whole system become a key issue for SBIN operation.
On the other hand, the demand of multimedia services for
satellite communications has increased. Take typhoon tracking
systems for instance, there are multiple satellites deployed in
the low earth orbit (LEO) and geosynchronous orbit (GEO)
getting video and image data of typhoons to monitor their
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trends. The obtained multimedia data from different satellites
needs to be send to the earth as soon as possible. However, the
communication resource, such as power and service rate, to
receive data from different satellites is limited. This constraint
results that satellites accessing to the ground station cannot
send all of their obtained date simultaneously. Then resource
allocation policies are needed to maximize the utilization of
network resource and minimize the average transmission delay
of every access satellite. This paper will focus on the resource
allocation for the SBIN with multiple satellite users and a
single server deployed on the ground. We assume that the
server performs as a cloud processing center, which can sense
traffic arrivals to every access satellite and the channel state
information, and serve packets sent from satellites according to
the allocated power and service rate. The assumption that the
cloud service can sense traffic arrivals is feasible. This sensing
ability can be realized by many current traffic sensing technologies such as dynamic traffic monitor [1], packet sampling
based on Kullback-Leibler Divergence (KLD) measure [2] and
traffic estimation based on sensing order confidence [3], etc.
A. Literature Review
Resource allocation and optimal control of multi-access
queueing systems and communication networks have been
active research topics over past decades. A dynamic resource
allocation scheme based on the prediction of packet loss
probability and end-to-end distortion was proposed in [4] for
video streaming over multi-hop networks. A quality-fair and
Pareto optimal resource allocation for the multimedia system
was proposed in [5], which jointly considered the available
system resource and the video decoding task feature. In [6],
a subcarrier and power allocation scheme was proposed in
the context of orthogonal frequency division multiple access
(OFDMA)-based cognitive radio (CR) video application systems. Over OFDMA wireless networks, [7] also designed a
cross-layer resource allocation scheme to maximize the sum
of the achievable rates and minimize the distortion difference among multiple videos. In [8], maximizing the video
quality was optimized jointly with the time-domain resource
partitioning, and a rate allocation algorithm was proposed for
heterogonous cellular networks. In addition, game theory has
also been widely utilized for modeling resource [9], [10], [11],
[12]. However, these works above did not consider the future
traffic arrival, which can optimize the resource allocation and
improve the system performance.
The future traffic information are needed for the current
resource allocation. The capability to predict video traffic
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can significantly improve the effectiveness of the following
dynamic resource allocation. There have been several studies
on the prediction of video traffic. An adaptive traffic prediction
method based on the identification of scene changes was
proposed for variable-bit-rate (VBR) MPEG videos in [13]. To
reduce the power consumption of wireless LAN infrastructure,
a discrete autoregressive video prediction model was designed
in [14]. In [15], a short-term bandwidth prediction of a
video bit stream was performed for the dynamic resource
allocation. The studies above predicted the video traffic based
on the traffic flow characteristics, which plays a key role in
improving the prediction precision. It has been demonstrated
in numerous studies that the video traffic has the property
of long-range dependence [16], [17]. The correlation structure
that accompanies long-range dependence means that the traffic
exhibits sustained burstiness, summarized in the related term
self-similarity. These properties bring difficulties to the video
traffic prediction. Multi-resolution wavelet decomposition can
transform discrete sequences into different resolution levels,
in each level the abundance of frequency components can be
decreased. In other words, burstiness of the traffic arrivals can
be reduced, which will be easier for training and prediction.
Many wavelet based prediction schemes were proposed for
long-range dependence discrete sequences, such as network
traffic, river discharges, etc [18], [19]. Moreover, many supervised learning approaches, such as support vector regression
(SVR) and artificial neural networks (ANNs), were applied to
non-linear training and forecasting systems [20], [21].
B. Contribution
As mentioned above, most of current resource allocation
mechanisms were operated depending on current traffic arrivals, while future arrivals based on the prediction were
not considered. In other words, packets can only be served
by servers after they have arrived into the queueing system
according to works above. While in many current systems
for multimedia services, the prediction for the future traffic is
feasible. Moreover, learning and predicting the user behavior
and then pre-serving the future traffic can improve the system
performance significantly [22]. Considering that the transmission resource of the SBIN is much more limited and expensive,
the resource allocation policy needs to maximize both the
utilization of network resource and the network performance.
Therefore, we design a resource allocation policy for video
tasks in the SBIN based on the traffic prediction, which is
obtained by learning and training the traffic characteristics.
The main contributions of this paper are as follows.
• Proposing a cloud-based allocation resource system for
the video business in the SBIN. In this system, the cloud
server is designed to have the ability to sense the current
traffic arrivals from different user satellites, predict the
future video traffic and perform the prediction based
resource allocation policy.
• Establishing a multi-level wavelet based backpropagation
neural network for video traffic prediction according to
properties of the video traffic. Specifically, the traffic
sequence is first decomposed into levels with different

resolutions, which will be trained by backpropagation
networks. All of these networks constitute the prediction
system for video traffic in the SBIN.
• Designing a resource allocation policy based on the
future traffic prediction for video tasks in the SBIN.
In this policy, the backpressure algorithm is introduced
based on the prediction traffic information. Moreover, the
power consumption and channel state of the SBIN is also
considered in the resource allocation.
The rest of this paper is organized as follows. In Section II the system models is described. The multi-resolution
wavelet decomposition based backpropagation network for
video traffic prediction is proposed in Section III. Then we
introduce the predictive backpressure scheme into the resource
allocation for the SBIN in Section IV. Simulations are shown
in Section V, and conclusions are drawn in Section VI.
II. S YSTEM M ODEL
In this paper, we propose a cloud-based space information system, in which control management capabilities of
the cloud can greatly improve the scalability and flexibility
of the system. The SBIN is operated under high dynamic
circumstance. On the one hand, inter-satellite links (ISLs)
and satellite-ground station links (SGLs) can hardly keep
stable and continuous because of the rapid changing network topology. On the other hand, more satellites will be
launched to increase the scale and capabilities of the SBIN,
and the satellites that have been launched can be updated or
replaced for enhancing functions. These changes of satellite
infrastructure and capabilities can give rise to difficulties
in network management and control. The cloud enables the
ubiquitous and task-driven network access, and can provide
global management and configuration of the network resource.
Therefore, we introduce a cloud server to sense the traffic and
access information and implement resource allocation, which
can enhance the scalability and flexibility of the system.
We consider a general multiple queues system with a single
server, as shown in Fig. 1. In this system, the server can
obtain the traffic information of a finite number N < ∞
of users, and each of these users utilizes the service of the
server. The user is numbers by 1, 2, · · · , N , and the server
is denoted as d. In our work, the users especially refer to
Landsat satellites deployed in different earth orbits, and the
server serving as a cloud processing center is deployed at
the ground station, which is the destination of the satellite
data, and performs traffic sensing, video traffic prediction and
resource allocation. Moreover, to provide the time index for
the analysis and real system operation, we assume that the
system operates in slotted time, then slots are normalized to
integral units t ∈ {0, 1, 2, · · · }.
A. The Traffic Model
We consider the video traffic from different satellites as the
arrivals of the system, and use Ai (t) to denote the amount of
new packets arriving to satellite i (i = 1, 2, · · · , N ) at time slot
t. Let A (t) = [A1 (t) , A2 (t) , · · · , AN (t)] denote the vector
of arrivals at t. We assume that arrivals to each satellite are
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path and the power in the other scattered paths [24], [25].
Next, we introduce the outage event and outage probability to
characterize the success and failure of the packet transmission
and reception. The condition of outrage is defined as that the
SNR is less than the given SNR threshold β. Then outage
event can be expressed as (5).
{
}
βN lγ
2
(5)
{hi : SNRi < β} = hi : |hi | < G0 i .

Source Node
˄LEO/GEO˅

Cloud Server
˄Ground Station˅

Cloud Server

Since the success probability of the packet between i and
destination d at SNR threshold β is

Destination
˄Ground Station˅

Fig. 1. The multi-queue system with a cloud server serving workload for
traffic arrivals from different users/satellites.

independent and identically distributes (i.i.d.) at different time
slots, and λi = E {Ai (t)} denotes the arrival rate at the queue
of satellite i. In essence, the arrivals to different satellites
can be arbitrarily correlated, and the correlation can be not
considered and ignored when analyzing. We also assume that
there exists Amax such that 0 ≤ Ai (t) ≤ Amax for all i and t.

{
}
βN0 liγ
fi , Pr {Ci } = Pr |hi |2 ≥
G
)
{
} (√
∫ +∞
K +1
(K +1) h
K (K +1) h
exp −K −
= βN lγ
·I0 2
dh,
0 i
Ω
Ω
Ω
G

(6)

where Ci denotes the success transmission between node i and
the destination.

C. The Cloud-based Predictive Service Model
B. Physical Channel Model
In the transmission of the SBIN, the line of sight (LOS)
signal is much stronger than the others, which is different from
ground networks. Therefore, we consider the wireless channels
for satellites and ground stations as a Rician fading channel
model with additive Gaussian noise. The signal received at the
destination d at time slot t is modeled as
√
yit = Gli−γ hti xti + nti ,
(1)
where i (i = 1, 2, · · · , N ) is the index for the source satellite, d
represents the destination (cloud server), xi is the data transmit
from satellite i, G is the transmitting power, li is the distance
between satellite i and destination d, γ denotes the path loss
exponent, and nti is i.i.d. additive Gaussian noise between i
and d at time slot t with zero-mean and variance N0 . In (1),
hi = X1 + jX2 is the channel fading coefficient modeled as
a circularly symmetric( complex)Gaussian random
( variable
) for
i, in which X1 ∼ N µ1 , σ 2 /2 and X2 ∼ N µ2 , σ 2 /2 are
Gaussian random variables. Then the distribution of |hi | is
given by the Rician probability density function (PDF)
{
}
( )
−(h2 +s2 )
f|hi | (h) = σ2h2 exp
I0 2sh
(2)
σ2
σ2 ,
where s2 = υ12 +υ22 is the power due to the Line of Sight (LOS)
signal, and I0 (·) is the 0th order modified Bessel function of
the first kind [23], [24]. Then SNRi , the Signal-to-Noise Ratio
(SNR) between node i and the destination, can be specified as
SNRi = |hi | li−γ G/N0 ,
2

(3)

2

where |hi | follows the non-central chi-squares (X 2 ) distribution with the PDF as
)
{
} (√
(K+1)h
K(K+1)h
exp
−K
−
·I
2
.(4)
f|hi |2 (h) = K+1
0
Ω
Ω
Ω
In (4), Ω = s2 +σ 2 is the total power of the LOS and scattering
signal, K = s2 /σ 2 is the ratio between the power in the direct

We consider that the cloud server allocates power for transmitting data packets at each time slot t. Let Pi (t) denote the
power allocated to serving packets from satellite i at time slot
t. Then we get the power allocation vector of the cloud server
T
as P(t) = [P1 (t) , P2 (t) ,· · ·, PN (t)] . Next, we discuss the link
state between satellites and the destination. The SBIN is a
kind of dynamic system, which results from the change of the
channel fading coefficients hi , various service requests from
different users at different time slots, etc. This situation may
generate different power and other resource consumption and
requests different service rate for the server. To distinguish the
change of connection and transmission, we use Si (t) to denote
the link state between satellite node i and the destination at
time slot t. Then we get the whole link state of the system as
T
the vector S (t) = [S1 (t) , S2 (t) ,· · ·, SN (t)] . We assume that
K
i
S (t) takes values in {sj }j=1 , and let psj (t) = Pr [Si (t) = sj ].
Under a link state sj , power allocation vector P (t) chooses
values in power allocation set P (sj ) , which is compact and
there exists the constraint 0 ≤ Pi (t) ≤ Pmax for each
i = 1, 2,· · ·, N [22]. We assume that the cloud server can sense
the link state, and allocate the power from the appropriate
power allocation set. Then given link state S (t) and power
allocation vector P (t), we define the amount of data packets
served by the server from each queue of satellites as
µi (t) = µi (Si (t) , Pi (t)) , ∀i = 1, 2, · · · , N,

(7)

where µi (Si (t) , Pi (t)) is the continuous function of Si (t)
and Pi (t). We assume that 0 ≤ µi (Si (t) , Pi (t)) ≤ µmax for
all i, S (t) and P (t) at any time slot t. In our work, we set
Si (t) ∈ {1, 2}. Si (t) = 1 denotes that there does not exist a
link between node i and the destination, and the lower service
rate will be allocated. Si (t) = 2 denotes that the link exists,
and the service rate allocated for i will be higher than the case
of Si (t) = 1. According to Section II-B, let
pi1 (t) = 1 − fi (t) , pi2 (t) = fi (t) ,

(8)
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where fi (t) is calculated through (6). In this paper, we assume
that the service rate is given by
µi (t) = ⌊log (1 + Si (t) Pi (t))⌋ ,

(9)

where ⌊x⌋ is the floor function mapping the largest integer not
greater than x [22].
Most previous works studying multi-queue systems allocate transmitting resource according to the current or past
arrivals to different queues. This kind of resource allocation
mechanism can lead to the serious delay resulting from the
stochastic and burst arrivals, especially for video business.
To reduce the delay and improve the quality of service, a
predictive scheduling, i.e., predicting and pre-serving arrivals,
was proposed in [22]. Next, we introduce the predictive service
mechanism to the video transmission in the SBIN. We assume
that the cloud server at the ground station can predict and
serve the future packet arrivals to each queue of satellites, and
allocate power for these queues according to its prediction.
Let Di ≥ 1 as the prediction window size of satellite i.
Then at each time slot t and for each i = 1, 2, · · · , N ,
the cloud server can predict arrival information in the
lookahead window {Ai (t) , Ai (t + 1) , · · · , Ai (t + Di − 1)},
where Ai (t + 1) , · · · , Ai (t + Di − 1) are considered as the
future arrivals. We assume that the packets arriving at a time
slot can only be served in following time slots. At each time
(τ )
slot t, let µi (t) (τ = 0, 1, · · · , Di − 1) denote the service
(−1)
rate allocated to arrival packet Ai (t + τ ), and let µi
(t)
denote the service rate allocated for the arrival packets that
are already in the queue. For each µi (t), there always has
∑Di −1 (τ )
µi (t) ≤ µi (t) .
(10)
τ =−1

D. The Queueing Model
Let Qi (t) be the amount of packets queued at the cloud
server from satellite i at time slot t. Then the dynamic of the
queue is given by
{
}
(−1)
(−1)
Qi (t + 1) = max Qi (t) − µi
(t) , 0 + Ai
(t) , (11)
(−1)

where Ai
(t) is the amount of packets that actually enter
the queue after experiencing a series of predictive service
processing [22]. Specifically, the packets arriving to the queue
are served by the pre-allocated rate in previous time slots, and
the processing of which can be formulated as
1) −1 ≤ τ ≤ Di − 2:
{
}
(τ )
(τ +1)
(τ +1)
Ai (t) = max Ai
(t)−µi
(t−τ −1) , 0 . (12)
2) τ = Di − 1:
(τ )

Ai

(t) = Ai (t) .

(13)

In this paper, we consider the system stability as the
finiteness of the time average queue size. Let E {Qi (t)} be
the mean length of queue i. The system is stable, if
Q̄ , lim sup 1t
t→∞

t−1
N
∑ ∑
τ =0 i=1

E {Qi (τ )} < ∞.

(14)

The optimization target for the system is to find a power
allocation and scheduling scheme to minimize the time average
cost, which subjects to the constraint that queues of the system
must keep stable. Then establish the optimization problem as
t−1
1∑
E {fc (S (τ ) , P (τ ))},
min f¯c = lim sup
t→∞ t
τ =0

s.t. lim sup
t→∞

t−1 N
1 ∑∑
E {Qi (τ )} < ∞,
t τ =0 i=1

(15a)

(15b)

where fc (S (t) , P (t)) denotes the cost of the server resulting
from the power consumption in every time slot, for given S (t)
and P (t). In this work, we set the total power consumption
∑N
fc (S (t) , P (t)) = i=1 Pi (t)
(16)
as the cost of the server. We assume that there always has
fc (S (t) , P (t)) ≤ fc max , ∀t, S (t) and P (t).
III. WAVELET BASED BACKPROPAGATION P REDICTION
FOR T RAFFIC
As discussed in the literature review of this paper, the video
traffic is burst and corresponds to the existence of clusters
of occurrences. Moreover, the autocorrelation of video traffic
decays hyperbolically, which indicates the characteristic of
long-range dependence, so the video traffic is a type of selfsimilar stochastic process. Therefore, the prediction for the
video traffic is very difficult and complicated because of its
characteristics different with other business.
The discrete wavelet transform (DWT) decomposes a signal
sequence at different dilations to get multiple dimensions and
resolutions of approximation coefficients and detail coefficients. The approximation coefficients represent the high-scale
and low-frequency components of the signal, and the detail
coefficients represent the low-scale and high-frequency components. DWT provides both spatial and frequency description
of signals and is very useful for processing of non-stationary
signals. The long-range dependence feature of the video traffic
can be well extracted through this kind of multi-dimension
decomposition. For the prediction of the traffic according to
extracted multi-dimension features, artificial neural networks
are adopted. First, artificial neural networks are non-linear
methods that learn from patterns and obtain hidden functional
relationships, which can be unknown or difficult to identify. In
addition, artificial neural networks can model non-stationary
and dynamic system, which will deal with the feature of strong
dependence of the video traffic. In this section, we will design
a backpropagation neural network prediction system based
on the multi-resolution wavelet decomposition to predict the
video traffic. This prediction system is a part of the cloud
processing center operated at the cloud server, and provides
prediction information for the power and service rate allocation
in the next stage.
A. Multi-level Wavelet Decomposition
In this part, the signal decomposed by DWT in our work is
the video traffic, specifically, the amount sequence of the arriving packets. Wavelet transforms decompose signals through
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Fig. 2. A 2-layer wavelet decomposition, A and D denote the approximate
and detail components, respectively. h (k) is the high-pass filter, g (k) is the
low-pass filter, and ↓ 2 denotes down-sampling.
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a basic mother wavelet by adjusting the time-shifting and
time-dilation parameters. DWT is derived from a continuous
Wavelet transform (CWT), the definition of which for a given
continuous signal x (t) is defined by
)
(
∫ +∞
W (a, b) = √1a −∞ x (t) ϕ t−b
dt,
(17)
a
where a > 0 is the scaling parameter that determines the
wavelet spread, b > 0 is the translation parameter that
determines the central position, and ϕ (t) is the mother wavelet
function. DWT of the discrete signal x (k) is defined as
(
∑T −1
m)
W (m, n) = √21m k=0 x (k) ϕ k−n·2
,
(18)
2m
where T is the length of the signal, k is the discrete time index,
integer variable m and n are the scaling and translation parameter (a = 2m , b = n · 2m ). Then we can analyze the signal
at different frequencies with different resolutions through an
efficient filtering algorithm proposed by Mallat [26]. By using
complementary low-pass and high-pass filters, the algorithm
decomposed signal x (k) into the approximation and detail
components, which represent the low and high frequency
components of the signal, respectively. The process for signal
x (k) is formulated as
∑+∞
ylow (k) =
x (n) h (2k − n),
(19a)
n=−∞
∑+∞
yhigh (k) =
x (n) g (2k − n),
(19b)

Fig. 3.

A typical 3-layer backpropagation neural network structure.

next hidden layer. This process can be considered as the given
input vector is propagated forward through the network, and
the activations vector is formed in the output layer finally.
In Fig. 3, the number of neurons in the input, hidden and
output layer is n, l and m, respectively. xi (i = 1, 2, · · · , n),
zj (j = 1, 2, · · · , l) and yk (k = 1, 2, · · · , m) indicate the
activations in the related layer. υji denotes the connection
weight from neuron i in the input layer to neuron j in the
hidden layer, and ωkj denotes the connection weight from
neuron j in the hidden layer to neuron k in the output layer.
Activations of neurons in the input and hidden layers are
computed through a non-linear activation function, and then
we get activation outputs of the hidden and output layers as
∑n
zj = f (netj ) = f ( i=1 υji xi −θj ) , j = 1, 2,· · ·, l, (20)
yk = f (netk ) = f

(∑

l
j=1

)
ωkj zj −ϑk , k = 1, 2,· · ·, m,(21)

where θj and ϑk are the unit bias values, which can be treated
as weights. In (20) and (21), f (·) is the non-linear activation
function, and the standard sigmoid logistic function as (22) is
mostly selected because of its nice property as (23).
(
)−1
fsig (net) = 1 + e−net
,
(22)

n=−∞

where h (k) is the high-pass filter, and g (k) is the lowpass filter. The approximation components reflect the general
trend of the signal, and can be decomposed into multiple
levels through a series of processing as previous. A twolayer filter bank implementation of DWT is shown in Fig. 2,
where A1, A2 and D1, D2 are the approximation and detail
components of Level 1 and Level 2, respectively. Through the
down-sampling, which is represented by (↓ 2), the length of
the signal can remain unchanged.
B. Backpropagation Neural Network Prediction
Backpropagation (BP) is an important method for supervised learning with feed-forward artificial neural networks.
The BP neural network is composed of the input level, output
level and one or more hidden layers. The structure of a typical
BP neural network with only one hidden layer is shown in
Fig. 3. The input layer receives the external vector, which
passes through a weighted connection to the neurons in the
hidden layer. Then neurons in the hidden layer compute their
activations, which will be passed to neurons in the output or

∂fsig (net)
= fsig (net) · (1 − fsig (net)) .
(23)
∂net
The basic idea of the backpropagation learning algorithm
is the repeat application of the chain rule to compute the
contribution of each weight, and getting a desired mapping
of input to output activations. The mapping constitutes the
pattern set P. Through training the weights, the resulting
output activations of the network should equal or approach
to ideal outputs. The distance between the resulting and ideal
outputs is measured by an error or cost function as (24), which
can be considered as a fitness index of weights.
m
∑ ∑
2
(tpk − ykp ) ,
(24)
err = 12
p∈P k=1
T

where tp = [tp1 , tp2 , · · · , tpm ] is the target or ideal activation
p T
vector, yp = [y1p , y2p , · · · , ym
] is the resulting output vector
of the network. The training goal is to get the global minimum
of err. So the backpropagation algorithm can be divided into
the following two stages:
1) Feed-forward stage: activations in each layer are calcu-
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lated using the weights, the activation function and the
activations in the previous layer.
2) Backpropagation stage: the algorithm checks whether the
distance between the resulting and ideal outputs err is
within a given threshold. If not, all weights are modified
through (25a) and (25b), and the feed-forward stage
is repeated. When err is within the threshold or the
maximum number of iterations is exceeded, the learning
stops, and the current weights are used to generate the
learned prediction network. We have
∆ωkj = −α

∑

(ykp − tpk ) ykp (1 − ykp ) zjp ,

(25a)

Original traffic
time series A(t)

L-level
Discrete Wavelet
Decomposition

Feature vector
Approximation
coefficients aL(t)

Backpropagation
neural network

Detail coefficients
dL(t)

Backpropagation
neural network

Detail coefficients
dL-1(t)

Backpropagation
neural network

Detail coefficients
d1(t)

Backpropagation
neural network

Predictive
traffic
A(t+1)

Fig. 4. The multi-level Wavelet decomposition based backpropagation neural
network traffic prediction system.

p∈P

∆υji = −α

m
∑∑

(
)
δkp ωkj zjp 1 − zjp xpi ,

(25b)

p∈P k=1

where α is the learning rate, and δkp in (25b) is given by
∑
δkp =
(ykp − tpk ) ykp (1 − ykp ).
(26)
p∈P

C. Wavelet Based Backpropagation Prediction
Through the multi-resolution wavelet transform, the decomposed traffic has less frequency components and is more
stationary than the original traffic. The accuracy of prediction
for these different resolutions components can be improved
compared with the non-stationary and burst original traffic.
Therefore, we establish the prediction system with multiple backpropagation neural networks, of which the inputs
are approximation or detail coefficients obtained through the
multi-resolution wavelet decomposition, and the outputs are
the corresponding predictive coefficients of the future traffic.
The structure of the proposed prediction system is shown
as Fig. 4. Specifically, according to Section II, for a given
video traffic time series {Ai (0) , Ai (1) , · · · , Ai (t)} of user i
(i = 1, 2, · · · , N ), the prediction process for the traffic of the
next Di − 1 time slots consists of the following steps:
•

•

The
original
video
traffic
time
series
{Ai (0) , Ai (1) , · · · , Ai (t)} are processed with the
L-resolution discrete wavelet decomposition. Then
we get approximation coefficients of the Lth level
aL (t) and detail coefficients of all L levels as
d (t) = {d1 (t) , d2 (t) , · · · , dL (t)}.
For each of approximation and detail coefficients aL (t)
and d (t), we establish L + 1 backpropagation network
to predict each of the next value at time slot t + 1. Take
aL (t) as an example, the training input matrix of the
backpropagation network is


aL (0)
aL (1)
· · · aL (τ0 −1)
 aL (1)
aL (2)
···
aL (τ0 ) 


ITr = 
, (27)
..
..
..
.
.


.
.
.
.
aL (t−τ0 ) aL (t−τ0 +1) · · · aL (t−1)
where τ0 is the length of each training input vector,
and each row vector is an input of the backpropagation network. The corresponding outputs of each row

constitute the training output vector of the backpropagaT
tion network: OTr = [aL (τ0 ) , aL (τ0 + 1) , · · · , aL (t)] .
Through the backward propagation of error operated by
the training network, we get the prediction network for
approximation coefficients aL (t).
T
• Set vector [aL (t − τ0 + 1) , aL (t − τ0 +2) , · · · , aL (t)]
as the input of the prediction network obtained in the
last step, and the output is the predictive approximation
coefficient aL (t + 1).
• aL (t+1) is combined with aL (t−τ0 +2), aL (t−τ0 +3),
· · · , aL (t) to predict aL (t + 2). Repeat this process and
we can get the all following Di − 1 approximation
coefficients. The detail coefficients in the following Di −1
time slots are predicted through similar processes.
• Reestablish the predictive A (t+1) to A (t+Dn −1)
through aL (τ ) and d (τ ) (τ = 0, 1, · · · , Dn − 1).
The generated backpropagation prediction networks are
modified in every time slot by adding the new arrival traffic
as the training data. Then at each time slot, we can get future
arrivals Ai (t+1) , Ai (t+2) ,· · ·, Ai (t+Di −1) to constitute
the look-ahead window, which is discussed in the Section II-C.
IV. R ESOURCE A LLOCATION BASED ON T HE P REDICTIVE
BACKPRESSURE
According to the last section, the future traffic arrival
information of satellites in the cloud-based SBIN from time
slot t + 1 to t + Di − 1 can be predicted and available in
the current time slot t. In this section, we design a resource
allocation and scheduling scheme based on the predictive
traffic information, and the backpressure scheme [22], [27],
[28] is introduced into the prediction based resource allocation
to reduce the queue length and delay of the system.
A. Dynamic Evolution of Queues
First, we introduce the conception of prediction queue [22].
As discussed in the previous sections, future arrivals can be
(τ )
predicted and pre-served in the current time slot. Let µi (t)
(τ = 0, 1,· · ·, Di−1) denote the pre-allocated service rate for the
(τ )
future arrivals Ai (t + τ ). We use Qi (t) (τ = 0, 1, · · · , Di −
1) to denote the amount of remaining arrivals currently of
(τ )
queue i in future time slot t + τ . Notice that Qi (t) just
records the residual number of arrivals in the queue over the
(−1)
time line, but is not the real number of arrivals. Let Qi
(t)
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Qi

Di 1

(τ ′ )
(τ ′ )
(τ )
(τ )
2) µi (t) > Qi (t), µi (t) ≥ Qi (t), ∀ − 1 ≤ τ ≤
Di − 1, τ ′ ̸= τ .

Qi 1 t

Qi 0 t

t

Ai t  Di
i

t+Di -1

Fig. 5.

P i 1 t

Pi 0 t

Pi D 1 t

Definition 1 indicates that for a queueing system with the
fully efficient predictive scheduling, all service opportunities
and resource will be in full use and not be wasted. Moreover,
any queue of the system will not be allocated extra service
resource unless other queues are accomplished with serves.

t

t+1

The dynamic evolvement process of the prediction queue.

denote the number of arrival packets already at queue i in time
slot t, which is the same as Qi (t) in (11). Different from
(0)
(1)
(D −1)
(−1)
Qi (t) , Qi (t) , · · · , Qi i
(t), we notice that Qi
(t)
records the
real
backlog
in
the
queue,
and
is
the
only
real
{
}
(τ )

Qi

queue in

(t)

Di −1

τ =−1

(−1)
Qi

. Therefore, the system is stable if

(t) is stable. As the same assumption as mentioned in
Section II-C, packets arriving at a time slot can only be served
in following time slots. Then the dynamic evolvement process
of queue i can be modeled as following conditions:
1) τ = Di − 1:
(τ )

Qi

(t + 1) = Ai (t + Di ) .

(28)

2) 0 ≤ τ ≤ Di − 2:
(τ )

Qi

{
}
(τ +1)
(τ +1)
(t + 1) = max Qi
(t) − µi
(t) , 0 . (29)

3) τ = −1:
(τ )

Qi

Theorem 1. In a single-queue system, if:
∑Di −1
1) Q̃i (0) = t=0
Ai (t), where Q̃i (t) denotes the length
of queue i,
2) arrivals of the single-queue system satisfy Ãi (t) =
Ai (t + Di ),
∑Di −1 (τ )
3) service of the system satisfies µ̃i (t) = τ =−1
µi (t),
and we get the queue evolution as
{
}
Q̃i (t + 1) = max Q̃i (t) − µ̃i (t) , 0 + Ãi (t) .

(31)

Then for a predictive system with the fully efficient predictive
(−1)
scheduling scheme and Qi
(0) = 0, it has
∑Di −1 (τ )
Qi (t) = Q̃i (t) , ∀i, t.
(32)
τ =−1

{

(τ )

(t + 1) = max Qi

(τ )

(t) − µi

}
(t) , 0

{
} (30)
(0)
(0)
+ max Qi (t) − µi (t) , 0 ,

(−1)

where Qi
(0) = 0.
The dynamic evolvement process of the prediction queue
is shown in Fig. 5. Then for each user of the system, we
get the amount of remaining arrivals at every time slot of
the prediction window, which can be considered for making
decision of the resource allocation.
B. Prediction Based Backpressure
Backpressure is originally designed to make decisions that
minimize the amount of queue backlogs in the network from
one time slot to the next, and is mathematically analyzed
via the theory of Lyapunov drift [28], [27], [29], [30]. The
algorithmic mechanism is similar to how water flows through
a network of pipes via pressure gradients. However, the future
arrival information of the predictive window is available for
the current time slot, which presents difficulties in analysis
and prohibits the application of Lyapunov theory. Fortunately, [22] provided a queue-equivalence between the predictive
queueing network with a fully efficient scheduling and an
equivalent queueing network without any prediction. First,
we introduce the definition of the fully efficient predictive
scheduling scheme and the equivalence between the predictive
and non-predictive queueing system proposed in [22].
Definition 1. A predictive scheduling scheme is fully efficient
when the following conditions is satisfied for any user i:
∑ (τ )
1)
τ µi (t) = µi (t);

Theorem 1 provides a queue equivalence between the predictive queueing system with a fully efficient scheduling policy
and a queueing system without any prediction. The complexity
of analysis for the pre-serve queueing system with predictive
window can be reduced by this equivalence. According to
Theorem 1, the delay distribution characteristics of the nonpredictive system can be considered as shifted to the left by Di
time slots in the fully efficient predictive system with Di -slots
predictive window. Detailed proofs of the delay characteristics
are addressed in [22].
Next, we introduce the resource allocation policy based
on the predictive backpressure (PBP) for the cloud-based
SBIN. In this policy, prediction queue length of every satellite
in the SBIN is considered. The first object of the resource
allocation is to find a power allocation and scheduling scheme
to minimize the average cost, which is modeled as (15).
The other optimization target is to minimize the amount of
backlogs of the entire network, in other words, to minimize
the delay of the network. This object results in that queues
with or will with more backlogs are tend to be allocated
the higher service rate. The two optimization targets of the
resource allocation above can be modeled as (33a), where the
control parameter V ≥ 1 is defined to tradeoff the system
cost and the delay. Specifically, the resource allocation tends
to give more consideration to the power consumption with the
increase of V . Then we present the predictive backpressure
policy as following steps.
∑Di −1 (τ )
1) For the SBIN with N satellites, compute τ =−1
Qi (t)
for each satellite’s traffic queue i in every time slot t.
2) Observe the current link state vector S (t).
3) Then choose the power allocation vector of the server
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P (t) to solve the following optimization problem:

(33a)
,

1

1

0.5

0.5

(33b)
0

where P (S(t)) is the feasible power allocation set.
(τ )
4) For each prediction queue Qi (t) (τ = −1, 0, · · · , Di −
(τ )
1), allocate the service rates µi (t) by the fully efficient
scheme according to any queueing discipline.
5) Update the queues’ length by (28) - (30).
The queueing discipline mentioned in step
{ 4 is how
} to select
(τ )

Di −1

packets to serve and transmit from Qi (t)
. Two
τ =−1
typical queueing disciplines are FIFO (first input first output)
and LIFO (last input first output).

0
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t
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0

1000
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R( τ )

s.t. P (t) ∈ P

traffic
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(S(t))

User 11
1.5
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∑
∑

R( τ )

min Vfc (S (t),P (t))−

User 1
2

0.2

0
−1000 −500

0

500
t
User 11

1000

0.1

0
τ

500

1000

0
−1000 −500

0
τ

500

1000

Fig. 6. The traffic generated through the FARIMA model for the two sample
users and their long range dependence characteristics.

V. S IMULATION R ESULTS
In this part, we perform simulation experiments to analyze
performances of the multi-level wavelet based backpropagation prediction system and the predictive backpressure based
resource allocation. We simulate the SBIN service system
with fifteen satellite users, i.e., N = 15. In the resource
allocation system, the fifteen satellites are deployed around the
geosynchronous orbit with the orbit radius from 42,154 km to
42,182 km with equally spaced distance of 2 km, respectively.
The propagation path loss of channel between satellites and
the ground cloud server is given by γ = 2.8, and the average
power of the Gaussian noise in the channel is N0 = 10−10 .
The ratio K between the power in the LOS and the power in
the other scattered paths of the link is set as K = 6.99 dB, and
the corresponding total power of the LOS and other scattered
path is set as Ω = 1+K. Set the SNR threshold as β = 5. For
each satellite user, we assume that the link state S (t) selects
values in {1, 2} with probabilities 1 − fi and fi according
to (6). The power allocated to serving packets from satellite
node i is set as Pi (t) ∈ P (Si ) , {0, 5, 10}. We assume that it
allows more than one users can be allocated non-zero power in
any time slot. The service rate is set as (9), and we set the total
power consumption as the cost function according to (16). To
simplify the analysis, we notice the performance of the first
satellite and eleventh satellite in the following simulations.

FARIMA process evolved from the standard ARIMA (p, d, q)
model by allowing the degree of differencing d to take nonintegral values. Specifically, the FARIMA (p, d, q) (p, q ∈ N+ ,
d ∈ R) process is defined as a stochastic process X =
{Xi |i = 0, 1, · · · } with a representation given by
(
)
(
)
Φ z −1 ∇d Xi = Θ z −1 ni ,
(34)
( −1 )
( −1 )
where Φ z
and Θ z
are the autoregressive (AR)
and moving average (MA) polynomials of order p and q,
respectively, in the backward shift operator z −1 {Xi } = Xi−1 .
Then the differential operator can be expressed as ∇ = 1−z −1 ,
and ∇d denotes the fractional differential operator with order
d, which is defined as the usual binomial expansion. ni is an
i.i.d. non-Gaussian noise with finite mean and variance [31].
The important property of the FARIMA (p, d, q) model is that,
stochastic sequence X = {Xi |i = 0, 1, · · · } performs the longrange dependence feature when 0 < d < 0.5.
Set d = 0.1, we generate fifteen stochastic series with
the length of 1,000, which present video traffic arrivals in
1,000 time slots of the fifteen satellite users. Fig. 6 shows
the traffic of the first user and the eleventh user and the their
autocorrelations, which can express the burst and the longrange dependence property of the video traffic.
B. Performance of Wavelet Based Backpropagation Prediction

A. Video Traffic Model
Video traffic arrivals Ai (t) (i = 1, 2, · · · , 15) of the users
are independent processes. First, we generate Ai through
the traffic model. Long-range dependence is the inherent
property of the video traffic. Therefore, simulations in this
work use appropriate stochastic time series model to generate
the sequence with self-similarity characteristic. There are two
classical stochastic models that can account for long-range
dependent: the increment processes of self-similar models
and the fractional autoregressive integrated moving average
(FARIMA) processes. FARIMA models have been widely used
in the modeling for the burst and long-range dependence
traffic [31], [32]. In our simulations, we use the FARIMA
model to generate the sequence of the video traffic. The

As shown in Fig. 6, the generated video traffic is burst and
has quite abundant frequency components, which is difficult
to be trained and learnt for prediction. In this part, we apply
the multi-resolution wavelet decomposition, and transform
the original traffic into 7 levels of approximation and detail
components. Take the traffic of user 1 for instance, the
approximation components of Level 7 and detail components
of Level 7, 5 and 1 are shown in Fig. 7. Fig. 7 indicates that
the abundance of frequency components in each level trend to
be reduced, which will increase the prediction accuracy.
To establish the backpropagation neural network for the
traffic prediction, we generate the training traffic through the
same FARIMA model with the same parameter settings. The
length of the training traffic is set as 2,000. Decompose
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TABLE I
M EAN S QUARE E RROR OF BP P REDICTION FOR 7-L EVEL WAVELET D ECOMPOSITION .
Level A7
2.970×10−4
8.560×10−4

Level D7
3.755×10−5
7.322×10−5

Level A7
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Fig. 7. Approximation components and detail components of the 7 levels
wavelet decomposition for the traffic of user 1.

the training traffic into 7 levels by multi-resolution wavelet
transform. Then we get the training approximation and detail
components, by which we establish the wavelet based backpropagation prediction networks introduced in Section III-C.
We set the length of each training input vector τ0 = 5 and
τ0 = 50 in (27) for approximation and detail components,
respectively. The threshold of err is set as 10−4 , and the
maximum number of iterations is set as 1,000. Through
training, we get 8 backpropagation prediction networks. Take
the first τ0 approximation and detail components of the fifteen
users’ traffic as the inputs of the corresponding prediction
network, the outputs are the predictive components of the
original traffic. For the two sample users (User 1 and User
11), the prediction accuracy of each level of the components
is shown in Table I. The real traffic and the predictive traffic by
compositing predictive approximation and detail components
of the two sample users is shown in Fig. 8. Results indicate
that the proposed method can accomplish precise prediction
of the traffic with burst and long-range dependence property.
C. Performance of Predictive Backpressure
Based on the SBIN queueing system, this subsection analyzes the performance of the resource allocation based on the
predictive backpressure. The predictive traffic arrivals obtained
in the previous simulations provide the prediction information
needed by the predictive backpressure. Through the service resource allocation, we simulate the power consumption, queue
length and the delay of the queueing system by the original
real traffic. LIFO is selected as the queueing discipline.
First, we test the power consumption of the cloud sever
over the different control parameter V and the size of the
prediction window Di (i = 1, 2, · · · , 15). We set V ∈

0

200

400

600

800

1000

t

Fig. 8.
The real traffic and the predictive traffic through the wavelet
decomposition based backpropagation prediction for the two sample users.
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Fig. 9. Average power consumption versus the control parameter V and
prediction window size Di .

{1, 5, 10, 25, 50, 100, 150} and D1 = D2 = · · · = D15 ∈
{5, 20}. Simulation results are shown in Fig. 9, in which accurate prediction denotes that the real traffic are used to provide
predictive traffic information for backpressure. Results indicate
that the power consumption decreases with the increase of V ,
which denotes the tradeoff between the system cost and delay.
Fig. 10 shows the average queue length of the two sample
users changes with the control parameter V and the size of the
prediction window Di (i = 1, 2, · · · , 15). In Fig. 10, 0 prediction expresses that the backpressure scheme is operated in the
resource allocation without any prediction information. Simulation results indicate that the average queue length increases
with the increase of V , and decreases with the prediction
window size. Moreover, the average queue length will increase
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Queue 1
0.4

In this paper, we proposed a multi-resolution wavelet based
backpropagation prediction system for the video traffic in
the cloud-based SBIN. The predictive backpressure policy
are introduced into the resource allocation of the SBIN with
multiple satellite users and a single cloud server. Simulation
results indicate that the wavelet backpropagation network
can predict video traffic precisely. The performance of the
predictive backpressure is simulated, and results demonstrate
that the prediction information based resource allocation can
reduce the queue length and delay of the queueing system.
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Fig. 10. Average queue length versus the control parameter V and prediction
window size Di .
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Fig. 11. Packet delay distribution under PBP with LIFO scheduling when
V = 50 and D1 = D2 = 20.

when the future arrivals are not considered, i.e., Di = 0. Then
we can conclude that large prediction window size can lead
to shorter average queue length, which means shorter delay or
waiting time. However, large prediction window size requires
more storage and process capacities for the server to achieve
the prediction of the future arrivals. So the setting of Di is
a tradeoff between the service performance and operational
costs of the cloud-based system.
Then we test the delay distributions of packets in the two
sample users’ queues. We set control parameter V = 50, and
the prediction window size D1 = D2 = · · · = D15 = 20. Results
shown in Fig. 11 indicate that about 72.32% of the packets in
queue 1 and 72.07% of the packets in queue 11 do not need to
wait for service, which means that they are pre-served before
they arrival to the system. These results demonstrate that the
delay of the SBIN queueing system can be reduced by the
resource allocation based on the predictive backpressure.
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